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Previous research shows that a number of firm characteristics explain the cross-

section of common stock returns.  These characteristics either (i) are functions of stock 

prices, or (ii) are not functions of stock prices and hence depend only on accounting 

disclosures.  Characteristics in the first class reflect and summarize investors’ risk 

opinions while characteristics in the second class contribute to the determination of 

investors’ risk opinions.  This study draws a distinction between these two classes in 

order to parsimoniously characterize the accounting disclosures that determine investors’ 
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opinions of risk and to evaluate the importance of accounting disclosures for determining 

investors’ opinions relative to non-accounting information.  The results show that: (1) 

Investors’ opinions about systematic risk are determined by profitability, firm size and 

the growth of firm size.  (2) There are strong seasonal patterns in the expected return 

premia of the accounting determinants of opinions.  Specifically, between January and 

September, the premia for profitability, size and size growth are negative.  Between 

October and December, the premia for profitability and size are positive and the premium 

for growth continues to be negative.  (3) Between January and September, accounting 

determinants explain 81% to 91% of the variation in the cross-section of average returns.  

Between October and December, accounting determinants explain 77% to 88% of the 

variation in returns.  This suggests that, although investors’ opinions depend on non-

accounting information, investors’ opinions are determined primarily by accounting 

disclosures.  (4) The cross-sectional variation that accounting determinants do not explain 

has implications for risk measurement; its magnitude indicates that accounting 

disclosures do not contain sufficient information about investors’ opinions to effectively 

measure the risk of equities with extreme exposure to non-accounting determinants. 
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Chapter I Introduction 
 

A. Motivation 

 

Prior research documents that many firm characteristics predict the returns of 

common stocks.  For example, the market value of equity, dividend yield, leverage (book 

value of total assets divided by market value of equity), earnings yield, book-to-market 

equity, cash flow-to-price, growth in past sales and earnings divided by the book value of 

equity are cross-sectionally correlated with future stock returns.  The literature has also 

shown that past returns are related to future returns.  In particular, short-term (12-month) 

past returns and long-term (three- to five-year) past returns contain information about 

future returns.1 

These characteristics may be divided into two groups.  One group contains 

variables, like earnings yield or previous returns, that are functions of current stock 

prices.  They are constructed by combining stock price with an accounting item or by 

measuring the change in stock price relative to a prior stock price.  Therefore, these price-

                                                 
1 The correlation between future returns and market capitalization is documented by Banz 
(1981), dividend yield by Keim (1983), earnings-to-price by Basu (1983), leverage by 
Bhandari (1988), book-to-market equity by Rosenberg, Reid and Lanstein (1985), cash flow-
to-price and sales growth by Lakonishok, Schleiffer and Vishny (1994) and earnings-to-book 
equity by Fama and French (1995).  The relationship future returns and prior returns is 
documented by, among others, DeBondt and Thaler (1985), Jegadeesh (1990) and Jegadeesh 
and Titman (1993). 
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based variables reflect investors’ expectations of firm risk (Berk (1995, 2000)).2  The 

other group contains variables, like sales growth or the ratio of earnings to the book value 

of equity, that do not depend on stock prices.  These variables, which are referred to here 

as fundamental variables, can be measured using only a firm’s accounting disclosures and 

thus contain no information regarding investors’ expectations. 

Prior research does not distinguish between price-based and fundamental 

variables and hence does not compare the explanatory power of these two groups of 

variables.  This study makes the distinction in order to pursue three goals. 

(1) To provide a parsimonious characterization of the accounting disclosures that 

investors employ to construct expectations of systematic risk.  Accounting variables do 

not depend on investors’ expectations.  This indicates that associations between 

accounting variables and expected returns imply that accounting variables (proxy for 

variables that) determine expectations by measuring firm-specific quantities of risk, in 

terms of exposures to sources of common variation in returns.3  Therefore, a 

parsimonious set of accounting determinants of expectations is constructed by assembling 

a set of accounting variables that explain the cross-section of future returns, but are 

                                                 
2 Berk (1995, 2000) argues that, because the market value of equity is endogenously 
determined as the discounted value of expected future cash flows, functions of market value 
(price-based variables) reflect discount rates and hence investors’ risk opinions. 
3 Specifically, a cross-sectional association between an accounting variable and realized 
returns suggests that the accounting variable is a determinant of expected returns, or discount 
rates.  Since discount rates represent investors’ expectations of systematic risk, this implies 
that the accounting variable is a determinant of investors’ risk expectations.  Note that 
investors’ expectations may be divided into two components, expectations of systematic risk 
and expectations of future cash flows.  Although an association between an accounting 
variable and returns indicates that the variable is a determinant of expectations of risk, it does 
not necessarily indicate that the variable is a determinant of future cash flows. 
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uncorrelated with one another.  Among the variables considered, some have appeared in 

the literature before while others are new.  The results provide guidance on the 

accounting information investors use to formulate opinions about risk.4 

(2) To evaluate the importance of accounting disclosures, relative to non-

accounting information, for determining investors’ opinions of risk.  This is carried out 

by measuring the difference in explanatory power for the cross-section of returns between 

price-based and fundamental variables.  If stock prices summarize investors’ opinions 

about risk, then price-based variables will contain the risk information from the complete 

set of the determinants of opinions.  This implies that the explanatory power of price-

based variables will subsume the explanatory power of all of the determinants of 

opinions, including the fundamental variables.  This suggests that the difference in 

explanatory power between price-based and fundamental variables, which represents the 

marginal explanatory power of price-based variables relative to fundamental variables, 

measures the common variation in returns that is left unexplained by accounting 

disclosures.  If accounting disclosures leave relatively little or no return variability 

unexplained, then accounting disclosures reflect essentially all of the information that 

investors’ use to formulate opinions.  However, if accounting disclosures leave a 

                                                 
4 Note that Fama and French (1993) argue that (i) expected returns are determined by 
multiplying firm-specific sensitivities to common risk factors by economy-wide factor 
premia, and (ii) BE/ME and ME measure sensitivities to separate common risk factors in 
returns.  This argument suggests that BE/ME and ME, which are price-based variables, are 
determinants of expected returns, and therefore of investors’ expectations (and stock prices).  
This appears to give rise to circularity, since it suggests that price-based variables determine 
prices.  The view taken by this study is that, in contrast to fundamental variables, BE/ME and 
ME (and other price-based variables) are not literally determinants of expectations. 
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relatively large amount of variation unexplained, then an important component of 

investors’ expectations depends on non-accounting information.   

(3) To assess the practical effectiveness of accounting disclosures for measuring 

portfolio risk, in terms of exposures to sources of common variation in the cross-section 

of returns.  If price-based variables have marginal explanatory power relative to 

fundamental variables, there will be determinants of opinions, and therefore of returns, 

not measured by the fundamental variables.  Therefore, among firms with comparable 

sensitivities to fundamental variables, there will be variability in expected returns 

attributable to the unmeasured (non-accounting) determinants of opinions.  Therefore, 

portfolios with similar sensitivities to fundamental variables may have differing 

sensitivities to unmeasured determinants, and hence different expected returns.  The 

extent of this return difference provides a measure of the utility of fundamental variables 

for assessing risk.  A small return spread between portfolios with differential sensitivities 

to the unobserved determinants, relative to the spread in returns attributable to the 

fundamental determinants, would suggest that fundamental variables may provide an 

effective characterization of portfolio risk.  In contrast, a relatively large return spread 

would suggest that fundamental variables, and thus accounting disclosures in general, 

leave too much common variation in returns unexplained to provide a sufficient 

description of portfolio risk.  This issue is examined within the context of a recent study 

of stock market efficiency by Haugen and Baker (1996).   
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These goals are pursued by taking into account potential seasonal variation in the 

cross-sectional relationships between both price-based and non-price explanatory 

variables and future returns. 

 

B. Potential Determinants of Expectations 

 

The existing literature suggests several candidates for fundamental determinants.  

Banz (1981) and Basu (1983) document a size effect in returns.  They find that firm size, 

measured by ME, is negatively correlated with returns.  Garza-Gomez, Hodoshima and 

Kunimara (1998) find that, among Japanese stocks, the size effect extends to measures of 

firm size that do not embed investors’ risk opinions.  The authors show that the book 

value of assets, net sales, the book value of plant, property and equipment and the number 

of employees are negatively correlated with returns in the Japanese stock market.  These 

results motivate an examination of whether accounting measures of firm size have 

explanatory power in the U.S. stock market.  The book value of equity, the book value of 

assets, net sales, earnings, cash flow and the number of employees are tested.  These 

variables are highly correlated with ME, but independent of stock prices. 

Fama and French (1995) show that BE/ME and ME are correlated with 

profitability, measured by the ratio of earnings to the book value of equity (E/BE).  They 

document that firms with high BE/ME and small ME are less profitable than firms with 

low BE/ME and large ME.  Given the observed correlation between BE/ME and returns 

and ME and returns, their findings suggest that E/BE is also correlated with returns.  
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Hence, E/BE, as well as the ratios of earnings to the other non-market measures of firm 

size mentioned above, are tested for explanatory power in the cross-section of returns. 

Lakonishok, Schleifer and Vishny (1994) and Fama and French (1996) examine 

the average returns of portfolios that are designed to reflect cross-sectional variation in 

returns associated with cash flow divided by the market value of equity (C/ME).  Both 

studies show that returns are positively correlated with C/ME; high-C/ME firms earn 

larger average returns than low-C/ME firms.  Haugen and Baker (1996) also document 

this correlation using a cross-sectional regression approach.  These results motivate an 

examination of whether cash flow measures of profitability, constructed by replacing ME 

with non-market measures of firm size, are correlated with returns. 

Lakonishok, Schleiffer and Vishny (1994) document that growth of net sales is 

correlated with returns.  They compute sales growth as the weighted average sales rank 

over the past five years, with more weight assigned to the most recent years.  Their 

finding indicates that a measure of sales performance that is independent of investors’ 

opinions is related to returns.  This prompts an analysis of the growth of sales, as well as 

other growth variables.  In addition to the growth of sales, this study measures the 

explanatory power of the growth in total assets and the growth in employees.5 

                                                 
5 Note that growth versions of earnings and cash flow variables are not used for two reasons.  
First, firms’ earnings and cash flows may be negative, and hence growth rates are undefined.  
In the sample used in this study, 32 percent of firms have negative values for earnings and a 
similar proportion have negative cash flows.  Second, firms’ earnings and cash flows may 
grow from low positive values in the base year, introducing large outliers in the growth rates.  
Chan, Karceski and Lakonishok (2001) also discuss this issue. 
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Fama and French (1992) find that book leverage, defined as the book value of 

total assets divided by the book value of equity (A/BE), is related to returns.  Therefore, 

A/BE, as well as the book value of debt divided by the book value of equity (DT/BE), is 

included in the list of candidates for fundamental determinants. 

Haugen and Baker (1996) test the usefulness of a large number of price-based and 

price-independent measures of financial and economic risk, stock market liquidity, price 

level, growth potential and price history in explaining the cross-section of returns in order 

to estimate a model of expected returns.6  Included in their candidate variables are the 

following five price-independent variables: (i) the ratio of total debt to the book value of 

equity, (ii) income available for payment of interest relative to interest charges, (iii) net 

income divided by the book value of all equity capital, (iv) operating income divided by 

total assets, and (v) operating income divided by total sales.  Although the authors find 

that these variables have only low cross-sectional explanatory power, they are 

reexamined here using a different, and potentially more powerful, methodology. 

 

C. Research Methods 

 

                                                 
6 This study is different from Haugen and Baker (1996) in the following way.  Whereas 
Haugen and Baker construct a model of expected returns by employing both price-based and 
price-independent return-prediction variables, this study builds a model of investors’ risk 
expectations by focusing on price-independent variables.  Furthermore, this study compares 
the explanatory power of both types of variables to gauge the incremental information in 
investors’ opinions over that in accounting-based determinants of expectations. 
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The following methodology is used to identify the determinants of expectations 

from the full set of candidate fundamental (price-independent) variables.  The association 

between the candidate variables and returns is estimated with univariate regressions using 

the Fama and MacBeth (1973) methodology.  In each month, the cross-section of stock 

returns is regressed on the cross-section of the annual observations of the candidate 

variable being tested.  The mean of the resulting time-series of monthly slopes estimates 

the variable’s expected return premium.  Since the variable is independent of stock 

prices, a non-zero premium would imply that it is (correlated with) a fundamental 

determinant of expectations.  To test whether the premium is non-zero, a t-statistic is 

constructed by dividing the mean slope by its time-series standard error.  This approach 

provides tests that are predictive in nature because the candidate variables are measured 

before the returns they are hypothesized to explain.  Thus, the tests assess the abilities of 

the candidate variables to predict returns.  This methodology yields a set of 

characteristics that are correlated with returns, but which do not embed investors’ risk 

opinions. 

Some of the characteristics in this set may be redundant because they contain 

much of the same information as other characteristics.  Therefore, the field of potential 

determinants must be narrowed.  One way of doing this is to examine the cross-sectional 

correlations between the characteristics.  If characteristics are highly correlated with each 

other, then it is likely that they reflect similar information.  From the set of determinants 

that have explanatory power in the cross-section of returns, characteristics are selected 

that are not highly mutually correlated.  This is done by computing the pairwise 
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correlation coefficients between each pair of characteristics in each sample year.  The 

means of the resulting time-series of annual coefficients, which provide estimates of 

information overlap, are used to identify a subset of fundamental determinants.  This 

approach is expected to produce a parsimonious set of fundamental determinants, without 

excessive overlap between the determinants, and with minimal loss of information. 

Prior empirical studies document seasonal variation in the estimated risk premia 

associated with BE/ME and ME.  For example, Keim (1983) and Ross (1983) find that 

the return spread for ME is largest in January.  Fama and French (1992, 1993) and Daniel 

and Titman (1997) document the same January seasonality for BE/ME.  In addition, 

Chan, Karceski and Lakonishok (1998) find evidence of similar January effects in the 

return spreads related to earnings yield, dividend yield and cash-flow-to-price.  These 

studies inspire tests to establish whether the expected return premia of the identified 

determinants contain seasonal patterns.  This is done by computing the mean of the time-

series of monthly Fama-MacBeth regression slopes for a characteristic separately for 

each month of the year.  Since a characteristic’s mean slope estimates its expected return 

premium, means computed for different times of the year provide an indication of the 

seasonal variation in expected premia. 

The combination of univariate regressions and pairwise correlation tests is used to 

identify a parsimonious set of characteristics that explain returns but are not highly 

correlated with each other.  Although the characteristics are not mutually highly 

correlated, a characteristic’s relationship with returns may be attributable to its 

relationship with the other characteristics in the parsimonious set.  Furthermore, pairwise 
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correlations may not detect collinearities involving three or more characteristics.  Thus, 

there may still be important information overlap among the characteristics in the 

parsimonious set. 

This issue is addressed by simultaneously testing the characteristics in a 

multivariate model using the same Fama-MacBeth regression methodology employed in 

the univariate tests.  This approach controls for any remaining correlation between the 

characteristics and yields a time-series of conditional monthly slopes for each 

characteristic.  As in the univariate regressions, the means of the monthly slopes are used 

to estimate expected risk premia.  If the characteristics independently contribute 

information to expectations, then their estimated risk premia evaluated in a multivariate 

setting will be comparable to their univariate estimated risk premia. 

One of the objectives of this study is to determine the extent to which investors 

employ accounting disclosures, relative to non-accounting information, to form risk 

opinions.  This is pursued by comparing the explanatory power of price-based predictors 

of returns and fundamental determinants.  If stock prices reflect investors’ risk opinions, 

then the explanatory power of price-based predictors will impound the explanatory power 

of fundamental determinants.7  Therefore, the residual explanatory power of price-based 

variables will measure the explanatory power of the non-accounting determinants of 

opinions.  If the non-accounting determinants have relatively little or no power to explain 

                                                 
7 This implication is supported by the evidence in the literature.  Specifically, Fama and 
French (1995, 1996) and Berk (1995) document that the explanatory power of price-based 
variables subsumes the explanatory power of the fundamental determinants of expectations 
identified in this study. 
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returns, then the fundamental determinants contain all or most of the information that 

investors use to form opinions.  Conversely, if non-accounting determinants have a 

relatively large amount of explanatory power, then investors depend substantially on non-

accounting information to form opinions.  The residual explanatory power of price-based 

variables is computed as the difference in the estimated monthly return premia associated 

with the price-based and fundamental variables.   

The monthly premia associated with the fundamental variables are estimated with 

the returns of a mimicking portfolio designed to capture the common variation in returns 

associated with the fundamental variables.  It is formed each month by taking a long 

position in the decile of stocks with the highest monthly fundamental expected returns 

and an offsetting short position in the decile of stocks with the lowest monthly 

fundamental expected returns.  Fundamental expected returns are predictions from cross-

sectional regression models that relate future returns to the fundamental variables.  

Hence, a mimicking portfolio is constructed that has high exposure to the fundamental 

variables but minimal exposure to factors other than the fundamental variables.  Also, 

since the fundamental deciles are diversified, the mimicking portfolio’s returns are not 

expected to be affected by firm-specific returns.  Potential seasonal variation of both the 

premia of the fundamental variables and the fundamental variables themselves is 

accounted for by allowing for seasonal variation in the fundamental expected returns.  

11 



Similar portfolio formation techniques are employed by Haugen and Baker (1996) and 

Grinblatt and Mosowitz (1999).8 

The monthly premia associated with the price-based variables are estimated in the 

same way, except that the mimicking portfolio is formed by sorting stocks into deciles 

based on their price-based expected returns.  Price-based expected returns are predictions 

from a regression model that relates future returns to book-to-market, market 

capitalization and momentum (the prior 23-month return).  The choice of these variables 

is motivated by the evidence in Fama and French (1992, 1993, 1996), Carhart (1997) and 

elsewhere.  Fama and French examine the price-based characteristics that are shown by 

previous research to explain the cross-section of future returns.  They document that, with 

the exception of a stock’s prior 2- to 12-month return, the explanatory power of BE/ME 

and ME subsumes the explanatory power of all of these characteristics.9  Carhart (1997), 

Brennan, Chordia and Subrahmanyam (1998) and Chordia, Subrahmanyam and 

Anshuman (2001) confirm that 2- to 12-month momentum has marginal explanatory 

power relative to BE/ME and ME.  Finally, the results of tests conducted in this study 

                                                 
8 Note that an arbitrage portfolio that has high exposure to the fundamental variables could 
also be constructed using a triple-sort portfolio methodology similar to the one described in 
Daniel, Grinblatt, Titman and Wermers (1997).  With this technique, stocks are 
independently sorted by the firm characteristics of interest and long and short positions are 
taken in the extreme intersection portfolios.  However, the predicted-return method used in 
this study is more general since it does not require stocks to simultaneously exhibit extreme 
values of all of the ranking characteristics. 
9 Fama and French (1992) show that, when used together, BE/ME and ME subsume the 
explanatory power of E/P and A/ME.  Specifically, once the cross-sectional variability 
attributable to BE/ME and ME is controlled, E/P and A/ME are not reliably correlated with 
returns.  Fama and French (1993, 1996) document that BE/ME and ME also account for the 
explanatory power of D/P and C/P.  However, Fama and French (1996) find that BE/ME and 
ME cannot explain the variability in returns associated with momentum. 
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suggest that a stock’s prior 13- to 24-month return has marginal explanatory power 

relative to BE/ME, ME and 2- to 12-month momentum.  This evidence suggests that, 

among price-based variables, BE/ME, ME and returns over the past 2- to 24-month 

period explain the most common variation in the cross-section of returns.10   

In the final step, the return premia associated with the non-accounting 

determinants of investors’ opinions are estimated by subtracting the monthly returns of 

the fundamental mimicking portfolio from the monthly returns of the price-based 

mimicking portfolio.  In order to determine whether the non-accounting determinants 

produce a significant premium, and therefore whether non-accounting determinants 

explain a significant proportion of the common variability in cross-sectional returns, the 

estimated premia are tested with t- and sign rank tests. 

 

D. Results 

 

Univariate monthly regression tests that estimate the unconditional (year-round) 

expected risk premia of the fundamental variables yield the following results.  Adjusted 

earnings, operating profit and net income measures of profitability are negatively 

correlated with returns.  Interest coverage is also negatively related to returns.  The result 

for adjusted earnings profitability is in agreement with the implications of the Fama and 

French (1995) findings that adjusted earnings-to-book equity is negatively correlated with 

                                                 
10 Note that Carhart (1997) and Daniel, Grinblatt, Titman and Wermers (1997) use BE/ME, 
ME and momentum to estimate expected returns in order to measure the performance of 
mutual funds. 
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BE/ME and positively correlated with ME.  However, the findings for the operating 

profit and net income versions of profitability and the interest coverage multiple are 

different from the findings of Haugen and Baker (1996).  In a multivariate regression 

model, the authors find a positive relationship between net income and returns and no 

relationship between operating profit and returns or interest coverage and returns.  This 

inconsistency may be attributable to Haugen and Baker’s methodology.11 

If cash flow is defined as adjusted earnings plus depreciation, cash flow 

profitability is negatively correlated with returns.  However, if cash flow is defined as net 

cash flow from operations, cash flow profitability has no discernible relationship with 

returns.  These cash flow variables have been examined in prior research.  Lakonishok, 

Schleifer and Vishny (1994) and Fama and French (1996) measure the explanatory power 

of earnings plus depreciation and Dechow (1994) assesses the explanatory power of net 

cash flows from operations.  This study distinguishes itself from these previous papers by 

using a different definition of cash flow profitability.  In the earlier papers, cash flow 

profitability is defined as cash flow divided by the market value of equity.  Since such 

profitability variables contain information about profitability as well as investors’ 

opinions, it is not possible to ascertain which information is responsible for the 

relationship with returns.  In contrast, this study defines cash flow profitability as the 

                                                 
11 In this study, operating profit and net income versions of profitability and interest coverage 
are tested independently with separate univariate regression models.  In contrast, Haugen and 
Baker simultaneously test these variables and a variety of other firm-specific variables with a 
multivariate regression model.  Additional tests carried out in this study show that (i) the 
profitability and interest coverage variables are highly correlated, and (ii) a multivariate 
model containing these variables produces biased slope estimates.  These findings support the 
explanation that Haugen and Baker’s results are attributable to collinearity.  
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ratio of cash flow to non-price measures of firm size.  Thus, these variables reflect only 

profitability information.  Therefore, the results from this study, which suggest that there 

is a negative relationship between profitability based on adjusted earnings plus 

depreciation and returns and no relationship between profitability based on net cash flow 

from operations and returns, are not comparable to the previous papers, which document 

a positive relationship between both versions of cash flow-to-price and returns.12 

Most size variables—book value of total assets, book value of equity, earnings 

and cash flow (earnings plus depreciation)—are negatively correlated with returns.  

However, net sales and the number of employees have no explanatory power for returns.  

Overall, the firm size results suggest that the size effect in returns (the inverse 

relationship between a firm’s market capitalization and its returns) extends to size 

variables that do not embed investors’ expectations.  These results are consistent with 

those in Garza-Gomez, Hodoshima and Kunimara (1998), who document a negative 

relationship between several accounting measures of firm size and returns in the Japanese 

stock market.  In addition, the variables that measure the rate at which a firm’s size has 

grown over the past three years—the 3-year average growth rate of total assets, number 

of employees and net sales—are inversely associated with returns.  This is consistent with 

the 5-year sales-growth results in Lakonishok, Schleifer and Vishny (1994) and Fama and 

French (1996). 

                                                 
12 Note that the positive relationships between earnings plus depreciation-to-price and returns 
and operating cash flow-to-price and returns documented by the previous studies are also 
present in the data set used in this study. 
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Finally, the results indicate that leverage, defined either as the book value of total 

assets divided by the book value of equity (book leverage), or the book value of total debt 

divided by the book value of equity, is unrelated to the cross-section of returns.  This 

finding appears to be inconsistent with the significant book leverage result in Fama and 

French (1992).  However, further tests reveal that the Fama and French result may be a 

consequence of collinearity—book leverage has explanatory power only when market 

leverage (total assets divided by the market value of equity), with which it is highly 

correlated, is included in the regression model—and therefore unreliable.13 

Univariate regression tests that estimate the conditional (seasonal) expected risk 

premia of the fundamental variables by separately estimating premia for each month of 

the calendar year provide the following results.  Earnings (adjusted earnings, net income 

and operating profit) versions of profitability are negatively correlated with returns 

between January and September and positively correlated with returns between October 

and December.  Similarly, cash flow (adjusted earnings plus depreciation and net cash 

flow from operations) versions of profitability, firm size and interest coverage are 

negatively correlated with returns in the first three quarters and positively correlated with 

returns in the last quarter.  Book value of total debt-to-equity is uncorrelated with returns 

in the first three quarters and negatively correlated with returns in the last quarter.  The 

growth of size is negatively correlated in the first three quarters and marginally 

negatively related to returns in the last quarter. 

                                                 
13 Furthermore, although market leverage has explanatory power by itself, because it is a 
function of stock price, this result is not sufficient to infer that a firm’s debt ratio is related to 
its returns. 
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 A comparison of the unconditional (year-round) and conditional (seasonal) results 

indicates that some of the variables that are unconditionally unrelated to returns are 

related to returns during at least part of the calendar year.  Specifically, operating cash 

flow measures of profitability and size are unconditionally uncorrelated with returns, but 

are negatively correlated with returns in the first three quarters and positively correlated 

with returns in the last quarter.  Similarly, net sales has no unconditional explanatory 

power, but is negatively correlated with returns in the first three quarters and positively 

correlated with returns in the last quarter.  In addition, number of employees has no 

unconditional explanatory power, but is positively correlated with returns in the last 

quarter.  Finally, book value of total debt-to-equity has no unconditional explanatory 

power but is negatively correlated with returns in the last quarter.  These results indicate 

that the lack of unconditional explanatory of these variables is attributable to different 

return relationships in the two seasons of the calendar year that tend to offset each other 

when combined.  In general, it appears that a variable’s unconditional return premium 

may conceal the variable’s relationship with returns and therefore that the determinants of 

investors’ opinions should be identified based on their conditional, or seasonal, return 

premia. 

A potential explanation for the seasonalities in the estimated risk premia is based 

on investors’ portfolio rebalancing behavior and their demand for high quality stocks.  

For portfolio losses to offset capital gains, mutual funds must realize losses at the end of 

October while individual investors must realize losses at the end of December.  This tax 

treatment of losses may lead investors to sell losing stocks and replace them with larger, 
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more successful stocks.  Such a switch in demand could account for the switch in risk 

premia from low- to high-quality stocks towards the end of the year.  This is known as 

the tax-loss-selling effect.  A recent discussion of this effect is in Bhabra, Dhillon and 

Ramirez (2000) and Grinblatt and Moskowitz (1999).  Another possible explanation is 

the “window-dressing” story of Lakonishok, Shleifer, Thaler and Vishny (1991); towards 

the end of the year, mutual funds replace the controversial losing stocks in their portfolios 

with larger, higher quality stocks that are easier to justify to sponsors. 

Overall, the univariate regression tests suggest that, during at least part of the 

calendar year, investors’ opinions depend on (i) earnings (adjusted earnings, operating 

profit, net income) and cash flow (both adjusted earnings plus depreciation and net cash 

flow from operations) measures of profitability, (ii) firm size, (iii) the recent growth of 

firm size, (iv) interest coverage, and (v) leverage. 

Cross-sectional correlation tests reveal that many of the identified determinants of 

expectations are highly correlated, suggesting that they provide similar information to 

other determinants.  In particular, all of the profitability variables (based on adjusted 

earnings, cash flow, operating profit and net income) are strongly related to each other.  

This is not surprising, since adjusted earnings, cash flow, operating profit and net income 

are alternative measures of a firm’s income, and therefore contain similar information.  

The measures of firm size are also highly mutually correlated.  In addition, the variables 

that measure the recent growth of firm size are strongly associated with each other.  

Finally, interest coverage is highly correlated with all of the profitability variables.  
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Therefore, many of the determinants are redundant, because they reflect information 

already contained in other determinants. 

In order to account for the correlation between the determinants and the seasonal 

variation in the determinants’ estimated premia, a set of non-redundant determinants is 

constructed for each of the January-to-September (first) and October-to-December 

(second) seasons.  This yields the following results.  In the first season, the determinants 

are the ratio of adjusted earnings to the book value of total assets (E/A), the book value of 

equity (BE) and the past growth in the number of employees (GEMP).  In the second 

season, the determinants are E/A, net sales (SALE) and the past growth in the book value 

of total assets (GA).  These results suggest that (i) there is seasonal variation in the 

determinants of expectations and (ii) the determinants in the two seasons are similar; in 

both seasons, profitability, firm size and recent growth in firm size are (approximately) 

independent determinants of investors’ expectations of risk. 

To verify that the identified determinants contribute independently to 

expectations, a multivariate regression approach is employed.  Specifically, in each 

season, a multivariate model that relates returns to the determinants is estimated.  Hence, 

in the first season, the explanatory variables are E/A, BE and GEMP.  In the second 

season, the explanatory variables are E/A, SALE and GA.  This approach estimates the 

determinants’ incremental contribution relative to each other.  The results show that, in 

each season, the determinants continue to be important explanatory variables for the 

cross-section of returns after controlling for the common variation between them.  

Therefore, the main conclusions from the earlier tests, that the identified determinants are 
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independent determinants of investors’ expectations, remain unchanged in a multivariate 

environment 

The importance of accounting disclosures, relative to non-accounting information, 

for determining investors’ expectations of risk is assessed by comparing the explanatory 

power for the cross-section of returns of price-based and fundamental variables.  The 

explanatory power of the fundamental variables is estimated with the returns of a 

mimicking portfolio designed to capture the variability in returns associated with E/A, 

BE and GEMP in the first season and E/A, SALE and GA in the second season.  The 

explanatory power of the price-based variables is estimated using BE/ME, ME and 

momentum in both seasons. 

The results of the comparison suggest that, in the first season, accounting 

disclosures explain 81% to 91% of the common variation in the cross-section of returns 

associated with price-based variables.  Statistical tests do not unambiguously indicate 

whether the amount of the variation that is unexplained by accounting disclosures is 

significant.  In the second season, accounting disclosures explain 77% to 88% of the 

variation in returns attributable to price-based variables.  As in the first season, statistical 

tests do not provide unambiguous inferences about the amount of the unexplained 

variation.  The results of prior research suggest that price-based variables (BE/ME, ME 

and momentum) explain practically all of the common variation in the cross-section of 

returns (Fama and French (1996), Daniel and Titman (1997)).  Therefore, in the 
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remainder of this study, the amount of variation in returns that is explained by accounting 

disclosures is expressed as a proportion of the total variation in returns.14 

In either season, it is possible that the variation that is not explained by 

accounting disclosures is statistically significant.  This would suggest that, in addition to 

basing risk opinions on balance sheet and income statement items, investors rely 

substantially on information not contained in accounting disclosures.15  It is also possible 

that the unexplained variation is not significant.  This would suggest that accounting 

disclosures explain essentially all of the variation in average returns and therefore contain 

essentially all of the information that investors base risk opinions on.  Overall, the results 

suggest that accounting disclosures explain, at a minimum, the majority of the variation 

in returns. 

Note that the return spread between the fundamental and price-based mimicking 

portfolios is conservatively estimated.  This is because the price-based mimicking 

portfolio is constructed by discarding potentially useful information about serial 

correlation in monthly returns in order to control for possible biases induced by 

microstructure effects such as thin trading and bid-ask bounce.16 

Two caveats apply when interpreting these results.  First, since not all possible 

accounting variables are examined (only a subset that prior empirical research links to 

                                                 
14 Note that, if price-based variables do not explain all of the variation in returns, the 
proportion of the total return variation explained by accounting disclosures will appear to be 
larger than it actually is.  However, the rest of the main results in this study will remain 
unchanged.  This possibility is discussed in the concluding chapter. 
15 For example, investors’ may use industry membership to formulate risk opinions. 
16 See Jegadeesh (1990), Moskowitz and Grinblatt (1999) and Haugen and Baker (1996) for a 
discussion of these microstructure effects. 
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returns is tested), it is feasible that some accounting determinants of investors’ 

expectations have been overlooked.  Therefore, the returns of the fundamental mimicking 

portfolio may underestimate the explanatory power of the fundamental variables.  Thus, 

the incremental explanatory power of price-based variables would appear larger than it 

actually is.  However, this possibility seems unlikely, since most of the information that 

can be obtained from accounting disclosures (like firm size, profitability, leverage, 

interest coverage, etc.) is examined in this study. 

Second, it is possible that there are price-based variables that predict returns 

independently of BE/ME, ME and momentum.  Therefore, the returns of the price-based 

mimicking portfolio may underestimate the explanatory power of the price-based 

variables.  This would lead to the underestimation of the incremental explanatory power 

of price-based variables and hence the amount of the variation in returns that accounting 

disclosures do not explain. 

In this section, the statistical tests do not provide clear inferences about the 

amount of common variation that is left unexplained by fundamental variables.  In the 

next section, the economic importance of the unexplained variation is evaluated by 

examining its impact on portfolio risk assessment within the framework of a study of 

equity pricing efficiency by Haugen and Baker (1996). 

 

E. An Application:  Establishing the Importance of Fundamental Variables for 

Determining Expectations. 
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The results of the prior analysis suggest that although fundamental variables 

explain most of the cross-sectional variation in average returns (81% to 91% in the first 

season and 77% to 88% in the second season), it is possible that fundamental variables 

leave an important amount of the variation in returns unexplained.  This would suggest 

that there are determinants of the cross-section of average returns not measured by the 

fundamental variables.  Therefore, among firms with similar exposures to fundamental 

variables, there would be variability in returns generated by the unmeasured (omitted) 

determinants of investors’ opinions.17  In this section, the practical ability of fundamental 

variables to measure portfolio risk is evaluated, given the possible variation in returns 

associated with omitted determinants. 

The general strategy is to compare the returns of two portfolios.  The first 

portfolio has low exposure to fundamental variables and high exposure to omitted 

determinants.  The second portfolio has high exposure to fundamental variables and low 

exposure to omitted determinants.  The difference in returns between the two portfolios 

provides a test of the usefulness of fundamental variables, and hence accounting variables 

in general, for evaluating portfolio risk, in terms of exposures to sources of variation in 

average returns.  If the returns of the low-fundamental exposure portfolio exceed the 

returns of the high-fundamental exposure portfolio, then a portfolio that has low risk 

according to fundamental variables may have higher risk than a portfolio that has high 

risk according to fundamental variables.  This would indicate that fundamental variables 

                                                 
17 A firm’s exposure or sensitivity to a set of variables is the sum of the products of the firm’s 
individual variable values and the variables’ respective expected return premia.  Hence, it is 
the expected return attributable to the firm’s values of the variables. 
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leave too much variation in returns unexplained to have practical value for assessing 

portfolio risk.  In contrast, if the returns of the low-fundamental exposure do not exceed 

the returns of the high-fundamental exposure portfolio, then a portfolio that has low-

fundamental risk does not have higher risk than a high-fundamental risk portfolio.  

Therefore, fundamental variables might account for enough of the variation in average 

returns to effectively measure portfolio risk. 

The two portfolios are formed using the following methodology.  Each month, 

stocks are assigned to octiles based upon their fundamental expected returns.  

Fundamental expected returns are estimated by the predictions of a cross-sectional 

regression model that relates future returns to the fundamental variables.  Stocks in the 

same fundamental octile have comparable combined exposure to the fundamental 

variables.  Next, the stocks in the two extreme fundamental octiles are further divided 

into eight groups based upon their price-based expected returns estimated by the 

predictions of a price-based regression model. 

The first portfolio is the group that has the highest price-based expected returns 

within the octile that has the lowest fundamental expected returns.  This portfolio 

contains the stocks that have the highest exposure to omitted determinants among the 

stocks in the octile that have the lowest exposure to the fundamental determinants.  

Hence, the stocks in this portfolio are expected to have the highest realized returns among 

the stocks with the lowest fundamental exposure.  The second portfolio is the group that 

has the lowest price-based expected returns within the octile that has the highest 

fundamental expected returns.  This portfolio contains the stocks that have the lowest 
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sensitivity to omitted determinants among the octile of stocks that have the highest 

sensitivity to the fundamental determinants.   Thus, the stocks in this portfolio are 

expected to have the lowest realized returns among the stocks with the highest 

fundamental sensitivity.   

A comparison of the realized average monthly returns of the two portfolios 

indicates that, over the full calendar year, the returns of the low-fundamental exposure 

portfolio exceed the returns of the high-fundamental exposure portfolio by a statistically 

and economically significant margin.  On average, the spread between the low- and high- 

fundamental exposure portfolios is 61 basis points per month, or 757 basis points per 

year.  Thus, a portfolio constructed with stocks from the one-eighth of stocks with the 

lowest exposure to fundamental variables may have higher average returns than a 

portfolio constructed with stocks from the one-eighth of stocks with the highest exposure 

to fundamental variables.  The two portfolios’ average price-based characteristics suggest 

that their return profiles are attributable to their differential exposures to book-to-market 

equity and momentum.  The low-fundamental exposure portfolio has a substantially 

higher average book-to-market equity ratio and a substantially lower average prior 23-

month return relative to the high-fundamental exposure portfolio.  In addition, the low-

fundamental exposure portfolio has a marginally lower average market capitalization than 

the high-fundamental exposure portfolio. 

Note that in estimating the return spread between the low- and high-fundamental 

exposure portfolios, possible measurement error-induced biases in the payoffs to the 
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momentum variables are controlled by excluding potentially useful information about 

autocorrelation in monthly returns.  Hence, the spread is conservatively estimated. 

These results provide a practical perspective of the importance of fundamental 

variables, and hence accounting disclosures in general, for determining investors’ 

expectations about systematic risk.  In particular, they suggest that a portfolio with low 

sensitivity to fundamental determinants and high sensitivity to omitted determinants may 

have higher average returns than a portfolio with high sensitivity to fundamental 

determinants and low sensitivity to omitted determinants.  This suggests that a portfolio 

that has low risk according to fundamental variables and high risk according to omitted 

determinants may be riskier than a portfolio that has high risk according to fundamental 

variables and low risk according to omitted determinants.  This indicates that accounting 

disclosures do not necessarily measure the risk of stocks with extreme exposure to non-

accounting determinants precisely.18 

The result that a low-fundamental exposure portfolio may have higher returns 

than a high-fundamental exposure portfolio also has implications for a study of stock 

market efficiency by Haugen and Baker (1996).  Haugen and Baker estimate a model of 

expected returns using a combination of non-price and price-based variables.  They use 

the model’s predictions to sort stocks into equally weighted deciles, with decile 1 

containing the stocks with the lowest expected rates of return.  The authors then measure 

                                                 
18 It is important to note that, while this analysis indicates that fundamental variables do not 
correctly classify the risk of two portfolios with extreme exposure to omitted determinants, 
additional analysis indicates that fundamental variables correctly classify the risk of 
portfolios with less extreme exposure to omitted determinants. 
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the realized returns of the deciles, as well as various average characteristics of the stocks 

within each decile.  They find that: (1) Realized returns are strongly correlated with 

expected returns.  Realized returns tend to increase between decile 1 and decile 10 and 

the return spread between the two extreme deciles is a substantial 35% per year.  (2) 

Between decile 1 and decile 10, stocks exhibit higher rates of profitability, higher levels 

of interest coverage, lower degrees of book leverage and higher rates of prior earnings 

growth than the stocks in the low-return portfolios (these characteristics are measured 

with non-price variables).  Stocks also tend to be marginally larger in terms of market 

capitalization.  The authors conclude that stocks with higher expected and realized rates 

of return are higher ‘quality’ and thus lower in risk than stocks with lower returns, which 

they believe to be counterintuitive in the context of efficient markets. 

The results in this study provide an alternative explanation that is not necessarily 

inconsistent with efficient pricing.  In the first three quarters of the calendar year, the 

regression tests discussed earlier indicate that the payoffs to the fundamental 

determinants—firm size, profitability and the growth in firm size—are negative.  This 

indicates that a portfolio that is high quality in terms of fundamental determinants has 

low exposure to all three fundamental determinants and a low-quality portfolio has high 

exposure to all three fundamental determinants.  Therefore, a high-quality portfolio will 

have lower returns than a low-quality portfolio, if the portfolios have similar exposure to 

omitted determinants.  The results in this section suggest that a low-fundamental 

exposure portfolio may have higher returns than a high-fundamental exposure portfolio, 

if it has higher exposure to omitted determinants.  This indicates that a high-quality 
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portfolio may have higher returns than a low-quality portfolio, if it has higher exposure to 

omitted determinants.  Therefore, since fundamental variables represent the accounting 

variables with explanatory power, Haugen and Baker’s high-quality portfolio may have 

higher returns than their low-quality portfolio because it has higher exposure to omitted 

determinants.  In other words, investors may perceive Haugen and Baker’s high-quality 

portfolio to be riskier than their low-quality portfolio.  This suggests that the variables 

that Haugen and Baker employ to evaluate risk do not unambiguously measure stocks’ 

exposures to sources of variability in average returns, and thus do not unambiguously 

measure risk. 

In the last quarter of the calendar year, the payoffs to size and profitability are 

positive, while the payoff to growth continues to be negative.  Therefore, a high-quality 

portfolio has high exposure to size and profitability and low exposure to growth and a 

low-quality portfolio has low exposure to size and profitability and high exposure to 

growth.  Thus, a high-quality portfolio may have higher or lower returns than a low-

quality portfolio, if the portfolios have comparable exposure to omitted determinants.  

This depends on the whether the compensation for exposure to size and profitability 

dominates the compensation for exposure to growth (although this could be tested, it is 

not examined in this study).  Note that, in contrast to the first season, exposures to size 

and profitability contribute positively to the high-quality portfolio’s returns and 

negatively to the low-quality portfolio’s returns.  As stated above, the results in this 

chapter suggest that a low-fundamental exposure portfolio may have higher returns than a 

high-fundamental exposure portfolio, if it has higher exposure to omitted determinants.  
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This suggests that a high-quality portfolio may have higher returns than a low-quality 

portfolio, if it has higher exposure to omitted determinants.  This is because (i) a high-

quality portfolio has higher exposure to fundamental variables, and therefore higher 

returns, than a low-fundamental exposure portfolio and (ii) a low-quality portfolio has 

lower exposure to fundamental variables, and hence lower returns, than a high-

fundamental exposure portfolio.  Hence, Haugen and Baker’s high-quality portfolio may 

have higher returns than their low-quality portfolio because it has higher exposure to size 

and profitability (because of the yearend reversal in the signs of the payoffs to 

profitability and size) and because it has higher exposure to omitted determinants. 

In summary, the combined effects of (i) differential exposures to omitted 

determinants and (ii) the yearend reversal in the signs of the payoffs to firm size and 

profitability may explain Haugen and Baker’s finding that a high-quality portfolio may 

have higher returns than a low-quality portfolio when quality is measured with 

accounting disclosures. 

 

F. New Findings 

 

The following findings distinguish this study from similar studies: (1) Between January 

and September, the cross-section of future returns is negatively correlated with earnings 

(adjusted earnings, net income and operating profit) and cash flow (adjusted earnings 

plus depreciation and net cash flow from operations) versions of profitability, firm size, 

interest coverage and growth of firm size.  Between October and December, returns are 
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positively correlated with earnings and cash flow versions of profitability, firm size and 

interest coverage.  Returns are also negatively correlated with leverage (book value of 

total debt-to-equity) and marginally negatively correlated with size growth.  (2) In the 

first three quarters of the calendar year, E/A, BE and GEMP parsimoniously (non-

redundantly) summarize the fundamental variables with explanatory power.  In the last 

quarter, E/A, SALE and GA parsimoniously summarize the fundamental variables.  This 

suggests that, in both calendar seasons, profitability, firm size and size growth contribute 

independently to investors’ opinions.  (3) In the first three quarters, fundamental variables 

explain between 81% and 91% of the cross-sectional variation in average returns 

attributable to price-based variables.  In the last quarter, fundamental variables explain 

between 77% and 88% of the variation in returns attributable to price-based variables.  

(4) The magnitude of the return variation that fundamental variables leave unexplained 

indicates that fundamental variables do not effectively measure the risk (total sensitivity 

to sources of variation in returns) of stocks with extreme sensitivity to non-accounting 

sources of variation in returns. 

 

G. Further Research 

 

This study can be extended in at least three ways.  First, by assessing whether the 

results are sample-specific.  Specifically, given the number of candidate variables under 

consideration, it is possible that some of them predict returns just by chance.  One way to 

protect against this problem is to test whether fundamental determinants identified with 
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U.S. stock market data have explanatory power in foreign stock markets.  If the results 

are due to data-snooping, then the fundamental determinants will have no ability to 

predict returns outside the U.S. stock market.   

Second, by estimating more precisely the difference in explanatory power 

between the fundamental and price-based variables by using a modified definition of 

momentum.  The momentum variable used in the price-based model of returns is the 

previous 23-month return ending one month prior to the beginning of the holding-period 

of the dependent return.  The prior month’s return is excluded because, although it may 

contain valuable information about autocorrelation in monthly returns, it may also 

introduce biases in the payoff to momentum because of potential negative serial 

correlation in monthly returns induced by thin trading and bid-ask bounce.  One way to 

retain the potentially useful information in the previous month’s return, but mitigate or 

even eliminate the bias due to microstructure effects is to compute the return by 

excluding the last trading day of the month, as in Jegadeesh (1990).  Hence, it may be 

possible to construct a more accurate price-based model relative to the one used in this 

study by employing unbiased estimates of very short-term momentum. 

Third, by exploring the cross-sectional role that industry membership plays in 

returns relative to fundamental variables.  The differential explanatory power between 

fundamental and price-based variables suggests that there are determinants of 

expectations that are not among accounting disclosures.  To establish whether industry 

membership is one of these omitted determinants, its incremental explanatory power 

relative to the fundamental determinants identified in this study may be measured.
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Chapter II Literature Review 

 

A. Introduction 

 

This chapter reviews a selection of the studies that examine the cross-sectional 

relationships between firm variables and stock returns.  This section introduces these 

studies by briefly describing their research hypotheses or goals, the variables that they 

examine and the methodologies that they most frequently employ. 

These studies examine a number of different hypotheses.  These include asset 

pricing theories such as the capital asset pricing model and arbitrage pricing theory and 

behavioral hypotheses such as investor under- and overreaction.  These studies also 

examine empirical questions.  These include whether there is seasonal variation in the 

relationships between variables and returns that are documented by prior research, the 

extent of the collective ability of firm variables to predict the cross-section of returns and 

whether there is serial correlation in monthly stock returns. 

The firm variables that are evaluated include variables that measure market beta, 

firm size, relative price, price history, exposures to macroeconomic and statistical factors, 

liquidity, profitability, leverage and growth.  Firm size is measured with the market value 

of equity and variables that do not depend on stock price, such the book value of total 

assets and net sales.  Variables that measure relative price are ratios of financial statement 

items to stock price, such as earnings’ yield and book-to-market equity.  Variables that 

measure price history are returns over various periods in the prior 60 months.  Variables 
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that measure exposure to macroeconomic factors are betas to macroeconomic variables 

such as the change in industrial production, the term and default premia, the slope of the 

yield curve and the change in expected inflation.  Variables that measure exposure to 

statistical factors are betas to principal components calculated from historical returns.  

Variables that measure liquidity include stock price and average trading volume divided 

by the market value of equity.  Variables that measure profitability include return on 

equity and return on assets.  Examples of variables that measure leverage are the book 

value of total debt divided by market value, the book value total debt divided by the book 

value of shareholders’ equity and interest coverage (net operating income divided by total 

interest charges).  Some of these variables are measured directly.  For example, the 

market value of equity and the relative price variables are computed by combining 

market prices with financial statement information.  Other characteristics, such as market 

beta and exposures to macroeconomic variables are estimated from historical data.  For 

example, a firm’s market beta is estimated as the slope in a time-series regression of the 

firm’s monthly excess returns on the excess returns of a proxy for the market portfolio 

using a prior 60-month sample period. 

These studies use a number of different methodologies to evaluate the cross-

sectional relationships between the firm variables and stock returns.  The two most 

popular methodologies are the estimation of regressions of returns on the firm variables 

and the examination of the returns of portfolios constructed by sorting stocks on the firm 

variables.  In the regression approach, returns are regressed cross-sectionally on the firm 

variables in each month or year of the sample period.  The averages of the time-series of 

33 



monthly regression slopes are used to estimate the variables’ return premia and Fama and 

MacBeth (1973) t-statistics, which are average slopes divided by their time-series 

standard errors, are used to test the significance of the premia.  Variables are evaluated 

either individually with univariate regression models or simultaneously with multiple 

variable models. 

In the portfolio approach, a mimicking portfolio is constructed by assigning 

stocks into quantile groups, such as decile or quintile groups, based on the variable of 

interest and taking a long position in one of the groups of stocks with extreme values of 

the variable and a short position in the other group of stocks with extreme values of the 

variable.  The mimicking portfolio is rebalanced periodically (for example, annually or 

monthly).  The average return of the mimicking portfolio measures the variable’s average 

premium while the standard deviation measures the variation in the premium.  Variables 

are assessed either individually by forming portfolios based on a single variable (as in the 

preceding description) or simultaneously by forming portfolios based on a weighted 

average of multiple variables. 

 

B. Reviews of selected studies 

 

Basu (1977) 

 

Basu (1977) examines the cross-sectional relationship between earnings’ yield 

and returns, after adjusting for differences in market beta.  The general approach is to 
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examine the abnormal (market beta-adjusted) returns of portfolios formed by grouping 

stocks by earnings’ yield. 

In each year of the sample period, the cross-section of NYSE stocks is divided 

into five portfolios on the basis of earnings’ yield (E/P).  The portfolio breakpoints are 

the annual E/P quintiles.  The equally-weighted monthly returns of the portfolios for the 

next 12 months are computed.  Next, for each portfolio, the time-series of monthly 

returns is regressed on the time-series of monthly returns to a proxy for the market 

portfolio.  Each portfolio’s regression intercept estimates its average abnormal, or market 

beta-adjusted, return. 

The results indicate that average monthly abnormal returns also tend to increase 

between the low- and high-E/P portfolios.  In addition, average abnormal returns are 

significant negative for the two lowest E/P portfolios and significantly positive for the 

two highest E/P portfolios.  Hence, the two lowest E/P portfolios have significantly lower 

returns than implied by their market betas while the two highest E/P portfolios have 

significantly higher returns than implied by their market betas.  These results suggest that 

E/P is positively correlated with returns after controlling for market beta. 

The author also examines the robustness of the relationship between E/P and 

returns.  First, the sensitivity of the relationship to the differential taxation of dividends 

and capital gains is tested.  Dividends are taxed at a higher rate than capital gains.  This 

may give rise to a tax effect in returns.  In particular, high-dividend yielding stocks may 

have higher (abnormal) returns than low-dividend yielding stocks, after adjusting for 

market beta, to equalize after-tax returns.  To determine whether this tax effect explains 
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the relationship between E/P and abnormal returns, the following approach is employed.  

Assuming the tax rate on dividends and capital gains to be 50% and 25%, respectively, 

the after-tax returns of the five E/P portfolios and the market and riskless proxy portfolios 

are computed.  Next, each portfolio’s time-series of monthly after-tax excess returns is 

regressed on the time-series of monthly after-tax excess returns to a proxy for the market 

portfolio.  The results suggest that, relative to the abnormal returns, the after-tax 

abnormal returns are closer to zero.  However, the inferences from the before- and after-

tax analyses are the same.  Therefore, E/P appears to be positively correlated with returns 

after adjusting for market beta and the potential effects of differential tax rates on 

dividends and capital gains. 

Next, the relationship between E/P and returns is reexamined by employing an 

alternative methodology to control for market beta.  For each of the five E/P portfolios, 

10 portfolios consisting of randomly selected stocks with market betas comparable to the 

market beta of the E/P portfolio are formed (using stratified random sampling).  For each 

of these 50 random portfolios, the market beta is estimated with a time-series regression 

of the portfolio’s excess returns on the excess returns of the market proxy.  The 

regressions are estimated with before-tax returns.  From the 10 random portfolios 

associated with each E/P portfolio, the random portfolio whose market beta is closest to 

the market beta of the E/P portfolio is selected.  For each E/P portfolio, this procedure 

yields a random portfolio with the same market beta as the E/P portfolio.  Finally, each 

E/P portfolio’s returns are compared to its random portfolio’s returns. 
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The results indicate that the two low-E/P portfolios have significantly lower 

returns than random portfolios with the same market beta and the two high-E/P portfolios 

have significantly higher returns than their related random portfolios.  (Most of the 

differences are significant.)  The analysis using after-tax returns produces similar results.  

These results suggest that, consistent with the inference produced by the prior analysis, 

E/P is positively related to returns after controlling for market beta and differential tax 

rates. 

In summary, E/P appears to be positively correlated with returns after adjusting 

for differences in market beta.  This finding does not seem to be sensitive to the method 

employed to control for market beta or to the potential effects on returns of differential 

tax rates on dividends and capital gains. 

 

Banz (1981) 

 

Inspired by the evidence in Basu (1977) that earnings’ yield, a variable that is not 

predicted by asset-pricing theory to measure risk, is cross-sectionally correlated with 

stock returns, Banz (1981) examines whether the market value of equity is related to 

returns, after controlling for market beta.  The approach is to regress monthly returns on 

market value and market beta using the cross-sectional methodology of Fama and 

MacBeth (1973). 

Each year, the cross-section of stocks is divided into 25 portfolios based on 

market value and market beta using the portfolio formation procedure of Black and 
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Scholes (1974).  In particular, the cross-section is divided into five groups based on 

market value.  Each market value group is subdivided into five groups based on market 

beta.  Next, the cross-section of monthly portfolio returns is regressed on the cross-

section of portfolio values for market value and market beta in each month of the sample 

period. 

The averages of the time-series of monthly regression slopes are used to estimate 

the premia for market value and market beta.  Fama and MacBeth (1973) t-statistics, 

which are time-series average slopes divided by their time-series standard errors, are used 

to test the premia.  The results indicate that the premium for market value is significantly 

negative and that the premium for market beta is not significantly different from the 

actual market premium (the realized excess return of a market portfolio).  Thus, market 

value is positively correlated with returns after controlling for market beta. 

Additional tests show that the relationship between market value and returns is 

not linear.  Each month, a portfolio is formed that has a long position in the 50 stocks 

with the smallest market value and a short position in the 50 stocks closest to the median 

market value.  Another portfolio is formed that has a long position in the 50 stocks 

closest to the median market value and a short position in the 50 stocks with the largest 

market value.  For each portfolio, a time-series regression of the monthly returns on the 

returns of a market proxy is estimated.  The average intercepts estimate the average 

returns of the portfolios after controlling for market beta.  A comparison of the average 

intercepts indicates that, on average, the difference in returns between very small firms 
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and median-size firms is considerably larger than the difference in returns between 

median-sized and very large firms after controlling for beta. 

In summary, the results suggest that market value of equity negatively correlated 

with returns after controlling for market beta.  In addition, the relationship is nonlinear; 

there is more variation in returns associated with market value among smaller market 

value firms than among larger market value firms. 

 

Basu (1983) 

 

Reingenum (1981) examines the cross-sectional relationship between the market 

value of equity and earnings’ yield (E/P) and returns.  The author finds that, consistent 

with Banz (1981) and Basu (1977), market value and E/P are separately correlated with 

returns after adjusting for market beta.  In addition, market value is negatively correlated 

with unadjusted returns after controlling for E/P.  However, E/P is not reliably correlated 

with unadjusted returns after controlling for market value.  The author concludes that, 

although E/P and market value are separately correlated with returns, the E/P effect is 

subsumed by the market value effect. 

However, Basu (1983) notes that the tests in Reingenum do not adjust returns for 

the effect of differences in market betas and that this appears to bias the results against 

observing a significant relationship between E/P and returns after controlling for market 

value when one may exist.  Hence, Basu (1983) reexamines the joint cross-sectional 

relationship between market value and E/P and the returns of NYSE stocks after 
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adjusting for market beta.  The approach is to form portfolios based on market value and 

E/P and measure the monthly market beta-adjusted returns of the portfolios. 

In the first test, stocks are sorted into five portfolios based on E/P in each year.  

An arbitrage portfolio that is designed to reflect the variation in returns associated with 

E/P is formed by taking a long position in the high-E/P portfolio and a short position in 

the low-E/P portfolio.  For each portfolio, the time-series of monthly returns is regressed 

on the time-series of returns of a market portfolio proxy.  The intercepts estimate the 

average monthly abnormal return of the portfolios relative to the market beta.  Between 

the lowest- and highest-E/P portfolios, the intercepts increase and the intercept of the 

long-short portfolio is significantly positive.  This indicates that E/P is positively 

correlated with returns after controlling for market beta. 

In the next test, this procedure is repeated, except that stocks are sorted into 

portfolios based on the market value of equity and an arbitrage portfolio is formed with a 

long position in the small-market value portfolio and a short position in the large-market 

value portfolio.  Between the largest and smallest market value portfolios, the intercepts 

increase and the intercept of the market value long-short portfolio is significantly 

positive, which suggests that market value is positively correlated with returns after 

controlling for market beta.  This result is consistent with the findings of Banz (1981). 

In the next test, stocks are sorted into portfolios based on E/P while controlling 

for differences in market value across portfolios.  Specifically, stocks are sorted into five 

market value groups.  Next, the stocks in each market value group are further sorted into 

five E/P groups.  The lowest E/P groups relating to the five market value groups are then 
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combined to form a low-E/P portfolio.  Since this portfolio contains stocks from all five 

market value groups, the portfolio is randomized with respect to market value.  The 

stocks in the other four E/P groups are combined analogously to form the remaining 

randomized E/P groups.  A long-short portfolio is formed with a long position in the 

high-E/P randomized portfolio and a short position in the low-E/P randomized portfolio.  

For each portfolio, the monthly returns are regressed on the returns of the market proxy.  

Between the lowest and highest E/P portfolios, the intercepts increase and the intercept 

for the long-short portfolio is significantly positive.  This suggests that E/P is positively 

correlated with returns after accounting for the effects of market value and market beta. 

In the next test, this procedure is repeated, except that stocks are sorted into 

portfolios on the basis of market value while controlling for differences in E/P across 

portfolios and a long-short portfolio is formed with a long position in the small-

randomized market value portfolio and a short position in the large-randomized market 

value portfolio.  Between the largest and smallest market value portfolios, the intercepts 

increase.  However, the intercept for the long-short portfolio is not significant.  Hence, 

market value does not appear to be correlated with returns after accounting for the effects 

of E/P and market beta. 

The next test examines whether there is an interaction effect between market 

value and E/P on returns.  First, stocks are sorted in five market value groups.  For each 

market value group, stocks are further sorted into five E/P portfolios and a long-short 

portfolio is formed that is long in the stocks of the high-E/P portfolio and short in the 

stocks of the low-E/P portfolio.  The returns of each portfolio are regressed on the returns 
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of the market proxy.  For each market value group, intercepts tend to increase between 

the lowest and highest E/P portfolios.  However, the relationship becomes weaker 

moving from the smallest market value group to the largest market value group.  This is 

confirmed by the intercepts of the long-short portfolios, which are significantly positive 

only for the three smallest market value groups.  Therefore, the variation in returns 

associated with E/P is larger among smaller market value stocks than among larger 

market value stocks. 

In the final test, this procedure is repeated except that five market value portfolios 

and a market value long-short portfolio are formed for each of the five E/P groups.  For 

each E/P group, intercepts tend to increase between the largest and smallest market value 

portfolios.  However, the relationship becomes weaker moving from the highest E/P 

group to the lowest E/P group.  This is confirmed by the intercepts of the long-short 

portfolios; only the intercept for the highest E/P group is significant.  Hence, the variation 

in returns related to market value is larger among high-E/P stocks than among low-E/P 

stocks. 

In summary, for NYSE stocks, E/P is positively correlated with returns after 

controlling for beta and market value is negatively correlated with returns after 

controlling for beta.  E/P is positively correlated with returns after controlling for market 

value and beta.  In contrast, market value is not reliably correlated with returns after 

controlling for E/P and beta.  In addition, the relationship between E/P and returns 

depends on market value.  The relationship is strongest among small-market value firms.  

Analogously, the relationship between market value and returns depends on E/P.  It is 
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strongest among high-E/P stocks.  The author concludes that while both E/P and market 

value are related to the cross-section of NYSE returns after controlling for market beta, 

the relationship between market value and returns is of secondary importance relative to 

the relationship between E/P and returns. 

 

Keim (1983) 

 

Banz (1981), Basu (1983) and others document a negative relationship between 

the market value of equity and returns after controlling for market beta.  Keim (1983) 

examines the month-to-month stability of the relationship between market value and 

returns by employing a portfolio approach. 

At the end of each calendar year, the cross-section of stocks is sorted in ten 

portfolios on the basis of market value.  The market beta-adjusted (abnormal) returns of 

the portfolios are measured daily.  Abnormal returns are computed as the stock’s daily 

return minus the daily return of the stock’s market beta matching decile.  The results 

indicate that between the largest and smallest market value deciles, average abnormal 

returns systematically increase.  This is consistent with previous findings. 

In the next test, an arbitrage portfolio is formed by taking a long position in the 

decile with the smallest market value stocks and a short position in the decile with the 

largest market value stocks.  Average abnormal daily returns for the long-short portfolio 

are computed for the entire sample period and separately for each calendar month.  Over 

the entire sample period, the average return of the long-short portfolio is significantly 
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positive, which confirms that market value has a significantly negative premium after 

adjusting for market beta.  The month-by-month results show that the average returns of 

the long-short portfolio are positive in each calendar month except October and are 

significantly positive in six months, including in January.  However, the average return 

for January is substantially larger than the average return for February to December; the 

January average return accounts for almost 50 percent of the annual average return.  A T-

test of the month-by-month returns confirms that the January return is on average 

significantly larger than the return in any other month. 

In summary, the results indicate that, consistent with prior findings, small market 

value stocks have a significant premium relative to large market value stocks after 

adjusting for market beta.  In addition, there is a January seasonality in the market value 

premium.  Specifically, nearly 50 percent of the annual beta-adjusted market value 

premium is attributable to the January beta-adjusted market value premium. 

 

Rosenberg, Reid and Lanstein (1985) 

 

 Rosenberg, Reid and Lanstein (1985) examine the returns of a portfolio that is 

formed by selecting stocks on the basis of the ratio of book value of equity to the market 

value of equity (BE/ME).  The portfolio formation approach is to buy high-BE/ME stocks 

and sell short low-BE/ME stocks. 

 Each month, an arbitrage portfolio from the 1400 largest AMEX, NYSE and 

NASDAQ stocks is formed taking a long position in a portfolio of stocks with high 
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BE/ME ratios and an offsetting short position in a portfolio of stocks with low BE/ME 

ratios.  The long and short portfolios have comparable average values of a number of firm 

characteristics.  These characteristics are market beta, market value, earnings’ yield, 

dividend yield, leverage, growth of earnings, foreign income and labor intensity.  In 

addition, the two portfolios have similar distributions of firms among industries.  Thus, 

the arbitrage portfolio is designed to reflect the potential variation in returns associated 

with BE/ME but not the potential variation in returns associated with the other 

characteristics.  In other words, the arbitrage portfolio has high exposure to BE/ME and 

low exposure to the other firm characteristics.  Finally, the time-series monthly portfolio 

returns are regressed on the time-series of a proxy for the market portfolio.  The intercept 

estimates the average monthly abnormal return of the portfolio relative to market beta. 

The intercept is significantly positive, which suggests that BE/ME is positively 

correlated with returns after controlling for market beta and a number of other firm 

characteristics, including market value and earnings’ yield.  In an additional test, average 

abnormal portfolio returns are computed separately for each calendar month.  The 

average return of the portfolio is substantially higher in January than in any other month. 

In summary, BE/ME is positively cross-sectionally correlated with returns after 

controlling for market beta and a number of other firm characteristics, including market 

value and earnings’ yield, which are documented by Banz (1981) and Basu (1983) to be 

related to returns.  In addition, the variation in returns associated with BE/ME is largest 

in January. 
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Bhandari (1988) 

  

The findings of Banz (1981) and Basu (1983) suggest that market beta does not 

completely explain the cross-sectional variation in average returns.  Bhandari (1988) 

hypothesizes that an estimated beta is a deficient proxy for a true beta and that leverage 

and an estimated beta together may be a more accurate proxy for a true beta (than an 

estimated beta alone).  The author tests this hypothesis by estimating a regression of 

monthly returns on the ratio of debt to the market value of equity (leverage), market beta 

and market value of equity using the cross-sectional approach of Fama and McBeth 

(1973). 

Every two years, the cross-section of stocks is grouped into 27 portfolios based on 

market value, market beta and leverage.  Specifically, stocks are divided into three groups 

based on market value.  Each market value group is subdivided into three groups based 

on market beta.  These nine market value-beta groups are further subdivided into three 

groups based on leverage.  Next, in each month of the sample period, the monthly 

portfolio returns are regressed on the portfolio (equally-weighted average) values of 

market value, market beta and leverage.  As is the case for the portfolios, the values of 

the explanatory variables are updated every two years. 

For each explanatory variable, a T-test is computed as in Fama and MacBeth 

(1973) by dividing the average of the monthly time-series of slopes by the time-series 

standard error of the average.  In response to the evidence in Keim (1983) of January 

seasonality in the relationship between market value and returns, separate tests are 
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computed for January and the other calendar months.  The results indicate that, after 

controlling for market value and market beta, leverage is positively correlated with 

returns both in January and in the other months.  The variation in returns associated with 

leverage is larger in January.  In addition, after controlling for the other variables, market 

value is negatively correlated with returns only in January and market beta is positively 

correlated with returns only in January. 

Although leverage has incremental explanatory power relative to beta, the author 

concludes that leverage does not act as a proxy for beta.  This is because of the 

consistency of the estimated premium for leverage.  In a large proportion of the sample 

period, the leverage premium is positive, which suggests that the leverage premium is not 

attributable to higher risk.  In other words, the premium for leverage is too consistent to 

be a risk premium. 

In summary, leverage (debt divided by the market value of equity) is positively 

correlated with returns after accounting for differences in market beta and market value, 

both within and outside January.  In addition, the variation in returns associated with 

leverage is larger in January than in the other calendar months. 

 

De Bondt and Thaler (1985) 

 

The investor overreaction hypothesis states that investors systematically overreact 

to new information, causing stocks to be either under- or overvalued.  For example, if a 

firm releases earnings that are lower than expected, investors may become excessively 
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pessimistic about future earnings, causing the equity to become undervalued.  When 

future earnings are better than expected, the undervaluation is corrected.  This hypothesis 

makes two predictions: (1) Extreme changes in stock prices will be followed by price 

changes in the opposite direction.  (2) The more extreme the initial price change, the 

greater will be the subsequent change.  De Bondt and Thaler (1985) test the overreaction 

hypothesis by examining these predictions with a portfolio approach.  In particular, the 

authors compare the returns of a portfolio of stocks whose prices have experienced 

extreme increases in the past (the winner portfolio) with the returns of a portfolio of 

stocks whose prices have experienced extreme decreases in the past (the loser portfolio). 

In the first experiment, the prediction that extreme changes in stock prices are 

followed by price changes in the opposite direction is tested.  At the beginning of every 

third January, a winner portfolio is constructed by selecting the 35 stocks with the highest 

prior 36-month cumulative abnormal returns and a loser portfolio is constructed by 

selecting the 35 stocks with the lowest prior 36-month cumulative abnormal returns.  This 

procedure produces 16 nonoverlapping 36-month holding periods (and formation 

periods) for both portfolios.  In each holding period, the cumulative abnormal return is 

computed for each month for both portfolios (accumulation starts in the first month of the 

holding period).  The average cumulative abnormal return is then computed for each 

month over the 16 holding periods for both portfolios.  Finally, average 36-month 

cumulative abnormal formation period returns over the 16 formation periods are also 

computed for both portfolios.  Note that abnormal returns are computed as raw returns 
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minus the return of a market proxy (the results of the study are similar when abnormal 

returns are computed as market model residuals). 

The results are as follows.  The average 36-month cumulative abnormal return in 

the formation period is negative for the loser portfolio and positive for the winner 

portfolio.  The average 36-month cumulative abnormal return in the holding period is 

positive for the loser portfolio and negative for the winner portfolio.  The difference in 

the 36-month cumulative abnormal returns in the holding period between the winner and 

loser portfolios is significant.  This is consistent with the first prediction of the 

overreaction hypothesis.  The reversal in returns over the 36-month holding period is 

larger for the loser portfolio than for the winner portfolio.  The positive returns of the 

loser portfolio are greater in magnitude than the negative returns of the winner portfolio.  

In particular, the 36-month average cumulative abnormal return is 20% for the loser 

portfolio and –5% for the winner portfolio.  Most of the difference in the 36-month 

cumulative abnormal returns between the winner and loser portfolios is attributable to the 

high abnormal returns of the loser portfolio in the three Januaries of the holding period 

(in the first, 13th and 25th months of the holding period) and half of the difference is 

attributable to the high abnormal returns of the loser portfolio in the first January.  

Finally, the 19-month to 35-month cumulative abnormal returns in the 36-month holding 

period exhibit patterns similar to those of the 36-month cumulative abnormal returns.  

Specifically, average 19-month to 35-month cumulative abnormal returns are positive for 

the loser portfolio and negative for the winner portfolio and the positive returns of the 

loser portfolio are greater in magnitude than the negative returns of the winner portfolio. 
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In the next experiment, the prediction that a more extreme price change in the 

formation period leads to a greater price change in the opposite direction in the holding 

period is examined.  Additional winner and loser portfolios are formed on the basis of 12-

, 24- and 60-month prior returns.  As is the case for the portfolios based on 36-month 

prior returns, the holding periods are the same length as the formation periods.  The 

longer the formation period, the more likely it is that the stocks in the winner and loser 

portfolios have extreme cumulative abnormal returns in the formation period.  Therefore, 

the winner and loser portfolios based on 12-month prior returns are likely to have the 

least extreme cumulative abnormal returns in the formation period and the winner and 

loser portfolios based on 60-month prior returns are likely to have the most extreme 

cumulative abnormal returns in the formation period. 

The results are as follows.  For the 60-month formation period, the loser portfolio 

has significantly higher cumulative abnormal returns than the winner portfolio in each 

year of the 60-month holding period.  As is the case for the results based on the 36-month 

holding period, this result is consistent with the first prediction of the overreaction 

hypothesis.  In addition, as the formation period increases from 12 months to 60 months, 

(1) average cumulative abnormal returns in the formation period increase for the winner 

portfolio and decrease for the loser portfolio and (2) average cumulative abnormal returns 

in the holding period decrease for the winner portfolio and increase for the loser portfolio 

in each of the 12 months after portfolio formation that the different sets of winner and 

loser portfolios have in common.  Therefore, the more extreme the returns in the 

formation period, the greater are the price reversals in the holding period.  This is 
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consistent with the second prediction of the overreaction reaction.  For portfolios with the 

shortest formation period of 12 months, and therefore the least extreme returns in the 

formation period, no price reversal is observed at all.  

The results of this study may be summarized as follows.  Stocks with the most 

negative prior 36-month returns (prior 36-month losers) have positive cumulative 

abnormal returns 36 months after the stocks are selected.  In contrast, stocks with the 

most positive prior 36-month returns (prior 36-month winners) have negative cumulative 

abnormal returns and the difference in the 36-month cumulative abnormal returns 

between the winners and losers is significant.  This reversal in returns is larger for prior 

36-month losers than for winners.  The positive returns of prior 36-month losers are 

greater in magnitude than the negative returns of winners.  Also, prior 60-month losers 

have significantly higher cumulative abnormal returns than 60-month prior winners in the 

60 months after the stocks are selected.  In addition, the more extreme the prior returns, 

the greater are the return reversals.  These findings are consistent with the overreaction 

hypothesis.  Finally, most of the difference in returns between prior 36-month winners 

and losers is due to the high abnormal returns of the losers in January and half of the 

difference is due to the high abnormal return of the losers in the first January after the 

stocks are selected. 

 

Jegadeesh (1990) 
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Most prior research on the cross-sectional relationships between prior stock 

returns and future stock returns examines the ability of prior multi-year stock returns to 

predict future returns (for example, DeBondt and Thaler (1985)).19  Jegadeesh (1990) 

contributes to this research by examining the ability of prior monthly stock returns to 

predict future returns.  The author uses both a cross-sectional regression approach and a 

portfolio approach.  In the regression approach, monthly returns are cross-sectionally 

regressed on monthly returns at different lags, while in the portfolio approach, the returns 

of portfolios formed on the basis of ex ante estimates of the regression slopes are 

examined. 

In the first experiment, statistical tests of the predictive ability of prior monthly 

returns are estimated.  In each month of the sample period, monthly returns are cross-

sectionally regressed on monthly returns at lags one to 12, 24 and 36 in a multiple-

variable model.  The averages of the time-series of monthly regression slopes are used to 

estimate the return premia of the prior months’ returns and Fama and MacBeth (1973) t-

statistics, which are average slopes divided by their time-series standard errors, are used 

to test the significance of the premia.  In response to the evidence of earlier studies of a 

January seasonality in stock returns, the return premia are estimated separately for 

January and non-January months.  Specifically, separate premia are estimated from the 

subsample in which January returns are the dependent variables in the regressions and 

                                                 
19 Note that French and Roll (1986) and Lo and MacKinley (1988) also examine the 
relationships between prior and future returns.  In particular, these authors assess the serial 
correlation in daily and weekly returns, respectively.  Since this study focuses on the 
predictability of returns over longer horizons, these studies are not discussed in this review. 
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from the subsample in which non-January returns are the dependent variables in the 

regressions. 

The results are as follows.  In the non-January months in the sample period, the 

slope of the one-month lagged return is significantly negative and the slopes at lags three 

to 12, 24 and 36 are significantly positive.  In the January months, the slopes at lags one 

to five, seven and nine are significantly negative and the slopes at lags 12, 24 and 36 are 

significantly positive.  Next, the return premia of the lagged returns are examined across 

different market value-based groups of stocks.  Each month, stocks are grouped into five 

quintile groups based on market value and the cross-sectional regressions are estimated 

with each group.  The results are reported for the extreme and middle quintile groups.  In 

the non-January months, the slopes and test statistics are similar across the three market 

value-groups.  In January, the magnitudes of the slopes and test statistics for the group of 

stocks with the lowest market value are generally larger than the slopes in the other 

market value groups.  Thus, the predictive ability of the prior returns is not restricted to a 

particular subset of stocks based on market value. 

The next experiment assesses the economic significance of the predictive ability 

of lagged monthly returns with a series of portfolio tests.  The first portfolio test 

examines the predictive ability of the returns at all of the lags tested in the regression 

model.  As discussed above, each month, a regression model that relates monthly returns 

to monthly returns at lags one to 12, 24 and 36 is estimated.  For each explanatory 

variable, a forecasted slope is computed each month as the average of the estimated 

slopes from the prior 60 months (for January, forecasted slopes are computed as the 
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average of the estimated slopes from the five prior Januaries).  Each stock’s out-of-

sample forecasted return is computed in each month as the sum of the products of the 

stock’s explanatory variable values and the explanatory variables’ forecasted slopes.  

Each month, the forecasted returns are used to groups stocks into ten decile portfolios, P1 

to P10.  Portfolio P1 contains the stocks with the highest forecasted returns.  Next, the 

portfolios’ abnormal returns are estimated with a market model.  Specifically, each 

portfolio’s time-series of monthly excess returns is regressed on the time-series of 

monthly excess returns to a proxy for the market portfolio.  The regression intercepts 

estimate the portfolios’ abnormal, or market beta-adjusted, returns. 

Between portfolio P1 and portfolio P10, average abnormal returns decrease 

systematically.  The average abnormal return is significantly positive for portfolio P1 and 

significantly negative for portfolio P10.  Portfolio P1 has positive abnormal returns in 71 

percent of the months in the sample period, while portfolio P10 has positive abnormal 

returns in only 20 percent of the months.  Both of these proportions are significantly 

different from the 50 percent positive realizations that are expected by chance.  The 

difference in abnormal returns between portfolios P1 and P10 is significantly positive.   

The portfolios’ average abnormal returns of the portfolios are also computed separately 

within and outside January.  The patterns of average abnormal returns across the decile 

portfolios, both within and outside January, are qualitatively similar to those for the entire 

calendar year.  However, the magnitudes of the abnormal returns are generally higher in 

January. 
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The next two portfolio tests examine the predictive ability of one- and 12-month 

lagged returns.  The absolute value of the slope of the one-month return in the cross-

sectional regressions is substantially larger than those of the other explanatory variables 

in the model.  The next test examines the extent to which returns may be predicted with 

only the one-month lagged return.  Each month, decile portfolios are formed based on the 

prior month’s returns and the portfolios’ abnormal returns are estimated with a market 

model.  The difference in abnormal returns between the extreme portfolios is 

significantly positive.  This difference is 80% percent as large as the difference in returns 

between the extreme portfolios based on returns at lags one to 12, 24 and 36.  This 

suggests that much of the predictive ability of the full set of prior returns (returns at lags 

one to 12, 24 and 36) is attributable to the predictive ability of the return at lag one.  The 

last test examines the importance of the predictive ability of returns at longer lags.  These 

returns have slopes that are statistically significant but small in magnitude.  Specifically, 

the predictive ability of the 12-month lagged return is examined.  Decile portfolios are 

formed based on the 12-month lagged returns and the portfolios’ abnormal returns are 

estimated with a market model as before.  The difference in abnormal returns between the 

extreme portfolios is significantly positive but only 37% as large as the difference in 

returns between the extreme portfolios based on the full set of prior returns. 

In order to determine the impact of transactions costs on the returns of the 

portfolios, the portfolios’ returns are recomputed after assuming a two-way transaction 

cost of 0.5 percent.  After accounting for transactions costs, the average abnormal returns 

of the zero-investment portfolios P1–P10 are 21 percent and 14 percent per year for the 
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portfolios based on the full set of prior returns and the portfolio based on the one-month 

lagged return, respectively.  The average abnormal return of the portfolio based on the 

12-month lagged is close to zero.  The author concludes that the returns of the first two 

zero investment portfolios are economically significant.  Hence, the combined predictive 

ability of returns at lags one to 12, 24 and 36 and the predictive ability of the one-month 

lagged return are economically important. 

In order to evaluate the sensitivity of the portfolio results to alternative methods 

of risk adjustment, the abnormal returns of the portfolios are reestimated with a model 

based on the market value of equity.  Specifically, portfolio returns are regressed on the 

returns of small-, medium- and large-market value-quintile portfolios.  The regression 

intercepts estimate the portfolios’ abnormal returns.  For the portfolios based on the full 

set of prior returns, in non-January months, the estimate of the difference in abnormal 

returns between the extreme portfolios is very similar to the difference in abnormal 

returns estimated with the market model.  However, in January, although the difference in 

returns under the market value-based model is still statistically significant, it is less than 

the difference estimated under the market model.  Therefore, the correlation between 

market value and returns explains part of the predictive ability of prior returns in January.  

The results for the portfolios based on the one- and 12-month lagged returns are similar. 

Finally, the sensitivity of the regression and portfolio results to microstructure-

induced serial correlation in returns is evaluated.  A phenomenon known as bid-ask 

bounce may cause measured returns to be negatively autocorrelated, even when actual 

returns are completely uncorrelated.  In addition, infrequent trading of stocks may also 
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induce negative serial correlation in returns.  Therefore, bid-ask bounce and infrequent 

trading may bias the estimate of the slope of the one-month lagged return in the cross-

sectional regressions and also overstate the returns of the zero-investment portfolios.  The 

bid-ask bounce phenomena and infrequent trading may bias estimates of correlation 

between successive returns only when these returns are measured over adjacent intervals.  

Therefore, in order to avoid the potential bias, the one-month lagged return is measured 

excluding the last trading day of the month the cross-sectional regression and portfolio 

results are reestimated.  The slope estimate of the one-month lagged return is 79% as 

large in magnitude as the original slope estimate and remains highly statistically 

significant.  The average abnormal returns of the zero-investment portfolio P1-P10 based 

on the full set of prior returns is 85% as large as that of the corresponding portfolio 

formed using the one-month lagged return that does not exclude the return on the last 

trading day.  The average abnormal return of the zero-investment portfolio based on the 

one-month lagged return is 71% as large as that of the corresponding portfolio formed 

without excluding the return on the last trading day.  The author concludes that after 

controlling for potential bias, the abnormal returns of these zero-investment portfolios 

remain economically important. 

The results may be summarized as follows.  The one-month lagged return is 

negatively correlated with future monthly returns and monthly returns at longer lags are 

positively correlated with future returns. These relationships are not restricted to a 

subsample of stocks based on market value.  In addition, there is seasonal variation in the 

relationships between monthly returns at lags greater than one and less than 12 and future 
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returns.  In particular, these relationships reverse between January and non-January 

months.  A zero-investment portfolio formed on the basis of the lagged returns has 

statistically and economically significant returns after accounting for market beta, market 

value, transaction costs and potential microstructure-induced bias.  Finally, a portfolio 

formed using only the one-month lagged return produces returns that are 80 percent as 

large as those of the portfolio formed using all of the lagged returns suggesting that most 

of the explanatory power of lagged returns is attributable to the one-month lagged return. 

 

Fama and French (1992) 

 

Prior research suggests that the market value equity, earnings’ yield (E/P), book-

to-market equity (BE/ME) and the ratio of debt to the market value of equity (leverage) 

are cross-sectionally correlated with returns (Banz (1981), Basu (1983), Rosenberg, Reid 

and Lanstein (1985), Bhandari (1988)).  Ball (1978) argues that E/P is correlated with 

returns because it is a proxy for expected future returns.  Specifically, E/P is the ratio of a 

proxy for expected cash flow to the market value of equity, which is a proxy for an 

expected discount rate.  Fama and French (1992) hypothesize that the proxy argument for 

E/P also applies to market value, BE/ME and leverage and thus some of the price-based 

variables may be redundant for explaining the cross-sectional variation in average 

returns.  The authors test this hypothesis by examining the joint cross-sectional 

relationship between market beta, market value, E/P, BE/ME, leverage and returns.  

Unlike Bhandari (1988), the authors measure leverage with the ratio of the book value of 
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total assets to the market value of equity (A/ME) and the ratio of the book value of total 

assets to the book value of equity (A/BE).  The methodology is to regress the cross-

section of monthly stock returns onto the cross-sections of firm characteristics using the 

Fama and MacBeth (1973) technique. 

Each month, returns are cross-sectionally regressed on the firm characteristics.  

The characteristics are tested separately as well as jointly using single- and multiple-

variable models.  The averages of the time-series of monthly regression slopes are used to 

estimate the expected premia for the characteristics and Fama and MacBeth (1973) t-

statistics, which are time-series average slopes divided by their time-series standard 

errors, are used to test whether the premia are non-zero. 

The results from the single-variable tests suggest that market value is negatively 

correlated with returns and E/P and BE/ME are positively correlated with returns.  These 

results are consistent with earlier findings.  In addition, market beta is uncorrelated with 

returns.  This is consistent with the findings of Reingenum (1981) and Lakonishok and 

Shapiro (1986) but inconsistent with the findings of Black, Jensen and Scholes (1972) 

and Fama and MacBeth (1973), who document a positive relationship between beta and 

returns.  A potential explanation for the inconsistent results for market beta is that 

different sample periods are used.  Black, Jensen and Scholes and Fama and MacBeth 

examine the 1926 to 1969 period while the latter studies examine later (post-1963) 

sample periods. 

The results from the multiple-variable tests indicate that market value and BE/ME 

are jointly correlated with returns; in a model that contains market value and BE/ME, 
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both characteristics have significant premia.  Similarly, the leverage variables, A/ME and 

A/BE, are jointly correlated with returns; A/ME has a significantly positive premium and 

A/BE has a significantly negative premium.  In addition, the explanatory power of market 

value and BE/ME appears to subsume the explanatory power of E/P.  In a model that 

contains market value, BE/ME and E/P, market value and BE/ME have significant 

premia while the premium for E/P is not significant.  Finally, the explanatory power of 

market value and BE/ME seems to subsume the explanatory power of A/ME and A/BE. 

In response to the finding of Keim (1983) that the relationship between market 

value and returns is stronger in January, the premium for BE/ME is estimated separately 

for January and the other calendar months.  The results suggest that the January and 

February-to-December premia are significantly positive and that the January premium is 

twice as large as the February-to-December premium.  This is consistent with the 

findings of Rosenberg, Reid and Lanstein (1985). 

In summary, the results support the following inferences.  Market beta is 

uncorrelated with returns.  Market value and BE/ME are jointly correlated with returns.  

Market value and BE/ME explain the differences in returns associated with E/P, A/ME 

and A/BE. 

 

Jegadeesh and Titman (1993) 

 

Most previous research on the cross-sectional relationships between prior returns 

and future returns examines the relationships between very long-term (three- to five-year) 
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prior returns and future returns or very short-term (one-month) prior returns and future 

returns (for example, DeBondt and Thaler (1985) and Jegadeesh (1990)).  Jegadeesh and 

Titman (1993) analyze the relationship between medium-term (three- to 12-month) prior 

returns and returns over the next three to 12 months.  The approach is to evaluate the 

returns of portfolios formed by grouping stocks by their past returns.  

Separate portfolios are constructed on the basis of stocks’ returns over the past 

three, six, nine or 12 months.  Separate portfolios are also formed for each of four 

holding periods that vary from three months to 12 months.  This gives a total of 16 

portfolios.  Jegadeesh (1990) argues that bid-ask bounce and price pressure effects may 

cause returns to be negatively autocorrelated, if the returns are measured over adjacent 

intervals.  Therefore, a second set of 16 portfolios is constructed with a one-week lag 

between the formation and holding periods.  In a given month, the portfolios hold a set of 

positions that are constructed in the current month as well as in the previous K – 1 

months, where K is the holding period.  Specifically, a portfolio that is formed by 

selecting stocks on the basis of returns over the past J months and held for K months (this 

is referred to as a J-month/K-month portfolio) is constructed as follows.  At the beginning 

of each month, stocks are assigned to deciles on the basis of their returns over the past J 

months.  Within each decile, stocks are weighted equally.  Each month, a position is 

constructed by buying the decile of stocks with the highest prior returns and selling the 

decile of stocks with the lowest prior returns and held for K months.  (Therefore, each 

month, a new position is initiated before the end of the holding periods of positions 

initiated in earlier months.)  Thus, in a given month, K positions are held; the position 
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initiated in the current month and in each of the previous K – 1 months.  Finally, the 

monthly returns of the entire portfolio are computed. 

The results indicate that all of the portfolios that are formed without a one-week 

lag between the formation and holding periods have significantly positive returns except 

for the 3-month/3-month portfolio.  All of the portfolios that are formed with a one-week 

lag have significantly positive returns.  Therefore, returns over the past three to 12 

months appear to be positively cross-sectionally correlated with returns over the next 

three to 12 months.  The remaining analyses examine the 6-month/6-month portfolio that 

is formed without a one-week lag between the formation and holding periods.  The 

results for this portfolio are representative of the results for the other portfolios. 

Prior research documents that the market value of equity and market beta are 

cross-sectionally related to returns (for example, Fama-MacBeth (1973), Banz (1981)).  

To determine whether these relationships account for the relationship between prior six-

month returns and future returns, the post-ranking market betas and market values of 

equity of the ten 6-month/6-month deciles are examined.  The market beta of the decile 

with the lowest past returns is higher than the market beta of the decile with the highest 

past returns.  Thus, the market beta of the long-short portfolio is negative.  The market 

value of the decile with the lowest past returns is smaller than the market value of the 

decile with the highest past returns.  These results suggest that the positive relationship 

between six-month prior returns and future returns is not attributable to market beta or 

market value effects in returns. 
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 In the next analysis, the average returns of the 6-month/6-month portfolio are 

examined within subsamples stratified on the basis of the market value of equity and ex 

ante estimates of market beta.  Specifically, the cross-section of stocks is divided into 

three groups and a separate 6-month/6-month portfolio is constructed within each group.  

Similarly, a separate portfolio is constructed within each of three market beta-based 

groups.  The results indicate that the portfolio has significantly positive returns within 

each of the market value and market beta groups.  In addition, the average returns of the 

portfolios constructed within each group are the same magnitude as the average return of 

the portfolio constructed from the entire cross-section.  Next, the market beta-adjusted 

average returns of the portfolios are evaluated.  Each portfolio’s excess returns are 

regressed on the excess returns of a market proxy.  The regression intercepts estimate the 

portfolios abnormal, or market beta-adjusted, returns.  The portfolios’ average abnormal 

returns are approximately the same as the unadjusted returns.  This is consistent with the 

earlier result that the six-month/six-month portfolio has a market beta that is close to 

zero.  As do the prior findings, these findings suggest that the positive correlation 

between six-month past returns and future returns is not due to the cross-sectional 

differences in returns associated to market value and market beta.  These findings also 

suggest that the correlation between six-month prior returns and future returns is not 

confined to any particular market value or market beta subsample of stocks. 

 In the next analysis, average returns of the 6-month/6-month portfolio are 

computed in each calendar month.  The average returns of the portfolio are significantly 

negative in January and significantly positive in February to December.  The average 
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returns are also particularly high in April, November and December.  Average returns of 

the portfolio are also computed in each calendar month within each of the three market 

value groups.  In January, the magnitude of the average return is inversely related to 

market value.  Between February and December, the average returns within the market 

value groups are the same magnitude as the average return for the complete cross-section.  

Thus, there appears to be seasonal variation in the relationship between medium-term 

prior returns and future returns. 

 Finally, the average returns of the 6-month/6-month portfolio are examined in 

event time in the 36 months after the formation date.  Except for the first month, the 

average return in each month is positive in the first year after formation.  The average 

return is negative in each month in the second year as well as in the first half of the third 

year and essentially zero thereafter.  The authors conclude that the pattern of initially 

positive and then negative returns of the portfolio suggests that the price changes in the 

first 12 months after formation are not permanent.  This is supported by the finding that 

the average return over the entire 36-month period after formation is not significant. 

 The results of this study may be summarized as follows.  Returns over the past 

three to 12 months are positively correlated with returns over the next three to 12 months.  

These relationships are not due to the variation in returns associated with the market 

value of equity or market beta and are not confined to a particular subsample of stocks 

based on market value or market beta.  There is seasonality in the relationships between 

past and future returns.  Past returns are negatively correlated with returns in January and 

positively correlated with returns in February to December.  Finally, portfolios that have 
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a long position in stocks with the highest past returns and a short position in stocks with 

the lowest past returns have significantly positive 12-month cumulative returns but 36-

month cumulative returns that are not significantly different from zero, suggesting that 

the price changes in the first 12 months after portfolio formation are not permanent. 

 

Fama and French (1993) 

 

The evidence in prior research indicates that the market value of equity, earnings’ 

yield, leverage and book-to-market equity are cross-sectionally correlated with returns.  

Fama and French (1992) examine these variables with a cross-sectional regression 

approach in which returns are cross-sectionally regressed on the variables.  The authors 

document that market value and book-to-market equity explain the variation in returns 

associated with E/P and leverage.  Fama and French (1993) reexamine the relationship 

between market value and book-to-market equity and returns with a different approach.  

Specifically, the authors use the time-series regression approach of Black, Jensen and 

Scholes (1972) to determine whether market value and book-to-market equity factors 

explain (1) common (undiversifiable) variation through time in stock returns and (2) 

cross-sectional differences in stock returns.  In this approach, monthly returns on stocks 

are regressed on the returns to a market portfolio and mimicking portfolios for market 

value and book-to-market equity (BE/ME). 

The methodology is as follows.  Each year, the cross-section of stocks is divided 

into two groups based on market value.  The breakpoint is the median market value.  The 
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cross-section is also independently divided into three BE/ME groups.  The breakpoints 

are the 30th and 70th BE/ME percentiles.  Six portfolios are constructed from the 

intersection of the two market value and three BE/ME groups.  Within each of these 

portfolios, stocks are value-weighted.  A mimicking portfolio for market value is 

constructed by taking a long position in the three small-market value portfolios and a 

short position in the three big-market value portfolios.  The returns of this mimicking 

portfolio are the difference between the returns of portfolios of small- and big-market 

value stocks with similar average book-to-market equity and are therefore unlikely to be 

influenced by BE/ME.  A mimicking portfolio for BE/ME is constructed by taking a long 

position in the two high-BE/ME portfolios and a short position in the two low-BE/ME 

portfolios.  Its returns are the difference between the returns of high- and low-BE/ME 

stock portfolios with comparable market value and are hence unlikely to be affected by 

market value.  The returns of the mimicking portfolio for market value are referred to as 

SMB (small minus big) and the returns of the mimicking portfolio for BE/ME are 

referred to as HML (high minus low). 

Next, each year, the cross-section of stocks is divided into five groups based on 

market value.  The breakpoints are the market value quintiles.  The cross-section is also 

independently divided into five analogous groups based on BE/ME.  25 portfolios are 

formed from the intersection of the five market value and five BE/ME groups.  Within 

these portfolios, stocks are value-weighted.  Finally, for each of the 25 market value-

BE/ME portfolios, the portfolio’s excess monthly returns are regressed on the excess 
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returns of a proxy for the market portfolio and the returns of the mimicking portfolios for 

market value and BE/ME. 

The results may be divided into two parts.  First, the R2 values are close to 1.0; 

they range from 0.87 to 0.97 and 21 of 25 are greater than 0.90.  In addition, most of the 

slopes on the returns of the market and mimicking portfolios are significant.  In 

particular, all of the market return slopes are significant, 24 of 25 of the SMB slopes are 

significant and 21 of 25 of the HML slopes are significant (the HML slopes that are not 

significant are from the second BE/ME quintile of stocks where the slopes pass from 

negative to positive).  Also, the SMB slopes are correlated with market value; in every 

BE/ME quintile of stocks, SMB slopes decrease monotonically from the smallest market 

value quintile to the biggest market value quintile.  Similarly, HML slopes are related to 

BE/ME; in every market value quintile, the HML slopes increase monotonically from the 

lowest to the highest BE/ME quintile.  These findings suggest that the returns of the 

market and mimicking portfolios explain the common, or undiversifiable, variation 

through time in the returns of the market value-BE/ME portfolios.  Second, the intercepts 

are close to zero; all but three of the 25 intercepts are statistically indistinguishable from 

zero and the authors consider all but one to be small in economic terms.  This indicates 

that (the slopes on) the returns of the market and mimicking portfolios explain the cross-

sectional variation in returns associated with market value and book-to-market equity. 

Prior research documents that earnings’ yield and dividend yield are correlated 

with the cross-section of returns (for example, Fama and French (1992), Litzenberger and 

Ramaswamy (1979)).  The next analysis examines whether the common and cross-
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sectional variation in returns associated with these variables is explained by the returns of 

the market and mimicking portfolios for market value and BE/ME.  The methodology is 

as follows.  Each year, stocks are grouped into six portfolios on the basis of earnings’ 

yield (E/P).  Specifically, positive E/P stocks are assigned to five portfolios using quintile 

breakpoints determined from positive E/P firms and zero or negative E/P stocks are 

assigned to a separate portfolio.  For each portfolio, the portfolio’s excess monthly 

returns are regressed on the excess returns of the proxy market portfolio and the returns 

of the mimicking portfolios.  The main results for the six E/P portfolios are that the R2 

values are close to 1.0 and the intercepts are not significant.  Next, this procedure is 

repeated for six analogous portfolios formed on the basis of dividend yield (D/P).  The 

main results for the six D/P portfolios are as follows.  The R2 values are close to 1.0.  The 

intercepts for the positive D/P portfolios are not significant.  The intercept for the zero 

D/P portfolio is significant but, according to the authors, not large in economic terms.  

These findings suggest that the returns of the market portfolio and mimicking portfolios 

for market value and BE/ME explain the shared variation in returns and the cross-

sectional variation in returns associated with E/P and D/P.  The result for E/P is 

consistent with the results of the cross-sectional analysis in Fama and French (1992) that 

suggests that the explanatory power of the market value of equity and book-to-market 

equity subsumes the explanatory power of earnings’ yield. 

The evidence in Keim (1983) indicates that there is seasonal variation in the 

cross-sectional relationship between the market value of equity and returns.  In particular, 

the variation in returns associated with market value is larger in January than in the other 
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calendar months.  The next analysis examines whether there are also January 

seasonalities in the returns of the market portfolio and mimicking portfolios for market 

value and BE/ME.  For each portfolio, a time-series regression of the portfolio’s monthly 

returns on an indicator variable that is 1 in January and 0 in other months is estimated.  

The regression slopes on the indicator measure differences between average January 

returns and average returns in the other months.  The slope for the market portfolio is not 

significant and the slopes for the mimicking portfolios are significantly positive.  This 

suggests that the cross-sectional variation in returns associated with market value and 

BE/ME is significantly larger in January than in the other months.  This is consistent with 

the findings in Keim (1983) and Rosenberg, Reid and Lanstein (1985).  The analysis is 

repeated for the 25 market value-BE/ME portfolios.  For most of the 25 portfolios, the 

slopes are significantly positive.  In addition, the slopes are positively correlated with 

BE/ME (they increase from the lowest to the highest BE/ME quintile) and negatively 

correlated with market value.  This is consistent with the results for the mimicking 

portfolios that the return variability associated with market value and BE/ME is larger in 

January. 

In summary, the results suggest that the returns of a market portfolio and 

portfolios designed to mimic the cross-sectional variability in returns associated with the 

market value of equity and book-to-market equity explain both the common variation 

through time in stock returns and the cross-sectional variation in stock returns associated 

market value, book-to-market equity, earnings’ yield and dividend yield. 
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Lakonishok, Schleifer and Vishny (1994) 

 

Previous research documents that earnings’ yield, book-to-market equity and cash 

flow-to-price are positively correlated with future returns (Basu (1983), Rosenberg, Reid 

and Lanstein (1985), Chan, Hamao and Lakonishok (1991)).  In addition, long-term prior 

returns are negatively correlated with future returns (DeBondt and Thaler (1985)).  One 

explanation is that stocks that have low prices relative to earnings, cash flow, book assets 

or historical prices are undervalued but will be correctly valued in the future.  An 

alternative explanation is that stocks with low relative prices are systematically more 

risky.  Lakonishok, Schleifer and Vishny (1994) examine these two potential 

explanations.  In one of their tests, the authors estimate the cross-sectional relationship 

between earnings’ yield (E/P), the ratio of cash flow (earnings plus depreciation) to 

market value (C/P), book-to-market equity (BE/ME), market value of equity and sales 

growth (the weighted average of the annual sales growth ranks for the prior five years) 

and returns using by employing the cross-sectional regression approach of Fama and 

MacBeth (1973). 

Each year, the cross-section of returns is regressed on the cross-section of firm 

characteristics.  The characteristics are tested separately as well as jointly using single- 

and multiple-variable models.  The averages of the time-series of annual regression 

slopes are used to estimate the characteristics’ return premia and Fama and MacBeth 

(1973) t-statistics, which are average slopes divided by their time-series standard errors, 

are used to test the significance of the premia.  There are two methodological differences 
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compared with earlier studies.  One is that regressions are estimated annually rather than 

monthly.  The second is that, in contrast to Fama and French (1992), BE/ME is not 

transformed with a log function prior to the regression tests. 

The results from the single-variable tests indicate that E/P, C/P and BE/ME are 

positively correlated with returns and that market value is uncorrelated with returns.  The 

results for the price-based ratios are consistent with prior findings but the result for 

market value is inconsistent with the evidence of Banz (1981) and others.  One potential 

explanation for this inconsistency is that the t-statistics based on annual slopes have less 

power than the tests based on monthly slopes used in the earlier studies.  The results also 

indicate that sales growth is negatively correlated with returns. 

The results from the multiple-variable tests suggest that sales growth and C/P are 

jointly correlated with returns; in a model that contains sales growth and C/P, both 

variables have significant premia.  Similarly, sales growth and E/P are jointly correlated 

with returns.  In addition, the explanatory power of C/P appears to subsume the 

explanatory power of BE/ME; in a model that contains C/P and BE/ME, C/P has a 

significant premium while BE/ME does not.  Finally, the explanatory power of sales 

growth and E/P seems to subsume the explanatory power of BE/ME; in a model that 

contains all three variables, only sales growth and E/P have significant premia. 

In summary, the results support the following conclusions.  E/P, C/P and BE/ME 

are correlated with returns but market value is uncorrelated with returns.  Sales growth 

and E/P are jointly correlated with returns.  Sales growth and C/P are also jointly 

correlated with returns.  The explanatory power of C/P subsumes the explanatory power 
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of BE/ME.  In addition, the explanatory power of E/P and sales growth subsumes the 

explanatory power of BE/ME.  The different inferences relative to other studies for 

market value may be attributable to a different methodology. 

 

Fama and French (1996) 

 

Previous research documents that market value of equity, earnings’ yield, book-

to-market equity, long- and short-term past returns, cash flow-to-price and sales growth 

are correlated with the cross-section of average returns (Banz (1981), Basu (1983), 

Rosenberg, Reid and Lanstein (1985), DeBondt and Thaler (1985), Jegadeesh and Titman 

(1993), Lakonishok, Schleifer and Vishny (1994)).  Fama and French (1996) evaluate 

whether the cross-sectional variation in average returns associated with these 

characteristics is explained by the average returns of mimicking portfolios for the market 

value of equity and book-to-market equity using the time-series approach of Fama and 

French (1993).  

First, the variation in returns associated with book-to-market equity (BE/ME), the 

ratio of earnings to the market value of equity (E/P), the ratio of cash flow (earnings plus 

depreciation) to the market value of equity (C/P) and the weighted average of the annual 

sales growth ranks for the prior five years is examined.  Each year, stocks are sorted into 

decile portfolios on the basis of BE/ME.  For each decile portfolio, the time-series of the 

portfolio’s monthly returns are regressed on the time-series of monthly returns of the 

market portfolio and the mimicking portfolios for market value and BE/ME.  The 
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mimicking portfolios are constructed using the Fama and French (1993) methodology.  A 

joint test of the intercepts indicates that they are not significantly different from zero.  

This suggests that the average returns of the market portfolio and mimicking portfolios 

explain the cross-sectional variation in average returns associated with BE/ME.  This 

procedure is repeated using E/P, C/P, and sales growth to construct the portfolios that 

yield the dependent returns in the regressions.  As is the case for BE/ME, for each of 

these variables, the intercepts are jointly not significantly different from zero.  This 

indicates that the average returns of the market and mimicking portfolios explain the 

variation in average returns attributable to E/P, C/P and sales growth. 

Next, the variation in returns jointly associated with sales growth and a price-

based variable is evaluated.  Each year, stocks are sorted into three groups based on sales 

growth using 30th and 70th percentiles.  Stocks are also independently sorted into three 

similar groups based on BE/ME.  Nine portfolios are formed from the intersection of the 

sales growth and BE/ME groups.  For each portfolio, a time-series regression of the 

portfolio’s returns on the returns of the market and mimicking portfolios is estimated.  

The intercepts are not significant.  This procedure is repeated using sales growth and E/P 

and sales growth and C/P to construct the portfolios that yield the dependent returns.  As 

is the case for sales growth and BE/ME, the intercepts are not significant for each pair of 

these variables.  These findings suggest that the average returns of the market and 

mimicking portfolios explain the cross-sectional variation in average returns associated 

with sales growth and BE/ME, sales growth and E/P and sales growth and C/P. 
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Next, the variation in returns associated with long-term prior returns is examined.  

At the beginning of each month, stocks are sorted into decile portfolios based on the 

return measured over the 48-month period starting 60 months ago and ending 13 months 

ago.  For each portfolio, a time-series regression of the portfolio’s returns on the returns 

of the market and mimicking portfolios is estimated.  The intercepts are not significantly 

different from zero.  Finally, the variation in returns associated with short-term prior 

returns is tested.  At the beginning of each month, stocks are sorted into decile portfolios 

based on the return measured over the 11-month period starting 12 months ago and 

ending two months ago.  For each portfolio, a time-series regression of the portfolio’s 

returns on the returns of the market and mimicking portfolios is estimated.  Some of the 

intercepts differ significantly from zero.  These results suggest that the average market 

and mimicking returns explain variation associated with long-term past returns but not 

variation associated with short-term past returns. 

In summary, the results of the mimicking portfolio tests indicate that the average 

returns of mimicking portfolios for market value of equity and BE/ME explain the cross-

sectional variation in average returns associated with BE/ME, E/P, C/P and sales growth 

documented by Lakonishok, Shleifer and Vishy (1994) and others.  In addition, the 

average returns of the mimicking portfolios explain the variation associated with long-

term prior returns documented by DeBondt and Thaler (1985).  However, the returns of 

the mimicking portfolios do not explain the variation associated with short-term prior 

returns documented by Jegadeesh and Titman (1993). 
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Berk (1996) 

 

 Prior research indicates that market value of equity is negatively correlated with 

the cross-section of returns.  One potential explanation for this relationship is that the 

market value of equity depends inversely on expected returns because the market value of 

equity is endogenously determined as the discounted value of expected future cash flows 

(Berk (1995)).  Another potential explanation is that firms that are smaller in terms of 

physical or financial measures of size, such as number of employees or the book value of 

assets, have higher expected returns than larger firms.  Berk (1996) examines these two 

potential explanations using the Fama and MacBeth cross-sectional regression approach. 

In the first test, the cross-sectional explanatory power for returns of the market 

value of equity and four non-market firm size variables is estimated.  The non-market 

size variables are book value of assets (BVA), book value of property, plant and 

equipment (PPE), annual sales and number of employees.  The cross-section of returns is 

separately regressed on the cross-section of each size variable in each month.  The 

averages of the time-series of monthly regression slopes are used to estimate the size 

variables’ return premia and Fama and MacBeth (1973) t-statistics, which are average 

slopes divided by their time-series standard errors, are used to test the significance of the 

premia.  The results indicate that, consistent with the evidence in Fama and French 

(1992), market value is negatively correlated with returns.  The results also indicate that 

BVA, PPE, sales and number of employees are uncorrelated with returns. 
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In the next test, the correlation between the component of market value that is 

orthogonal to non-market size and returns is examined.  Each year, market value is 

separately regressed on each non-market size variable.  The residuals of these regressions 

estimate the part of market value that is orthogonal to non-market size.  Then, each 

month, returns are separately regressed on each version of the residual.  The results 

suggest that each version of the component of market value that is orthogonal to non-

market size is negatively correlated with returns.  Thus, market value is inversely related 

to returns after controlling for non-market size.  Furthermore, the strength of the 

relationship between the orthogonal component of market value and returns is 

comparable to the strength of the relationship between market value and returns.  

Therefore, controlling for non-market size does not appear to diminish the explanatory 

power of market value. 

In the next test, the relationship between the component of non-market size that is 

orthogonal to market value and returns is evaluated.  Each year, each non-market variable 

is separately regressed on market value.  The residuals of these regressions estimate the 

part of non-market size that is orthogonal to market value.  Then, each month, returns are 

separately regressed on each version of the residual.  The results suggest that the 

orthogonal component of sales is positively correlated with returns and the orthogonal 

components of BVA, PPE and employees are uncorrelated with returns.  Thus, after 

controlling for market value, sales is positively correlated with returns and the other non-

market size variables are uncorrelated with returns. 
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In the final test, the relationships between the market and non-market size 

variables and abnormal returns are examined using the Fama and French (1993, 1996) 

time-series approach.  Each year, decile portfolios are formed on the basis of market 

value.  Next, the portfolios’ abnormal returns are estimated with a market model.  In 

particular, each decile portfolio’s time-series of monthly excess returns is regressed on 

the excess returns of a proxy for the market portfolio.  The regression intercepts estimate 

the portfolios’ abnormal, or market beta-adjusted, returns.  The intercepts are jointly 

significantly different from zero.  Consistent with the results in Banz (1981) and Basu 

(1983), this suggests that market value is correlated with returns after controlling for 

market beta.  This procedure is repeated using BVA, PPE, sales and number of 

employees to form the decile portfolios.  For each of these non-market measures of size, 

the intercepts are jointly not significantly different from zero.  This indicates that these 

non-market size variables are not correlated with returns, after accounting for differences 

in market beta. 

The results may be summarized as follows.  Consistent with the evidence of 

previous research, the market value of equity is negatively correlated with returns.  The 

non-market measures of firm size, BVA, PPE, annual sales and number of employees, are 

uncorrelated with returns.  Market value continues to be negatively correlated with 

returns after controlling for the non-market measures of firm size.  After controlling for 

market value, BVA, PPE and number of employees are uncorrelated with returns and 

sales is positively correlated with returns.  After controlling for market beta, market value 

is negatively with returns and the non-market measures of firm size are uncorrelated with 
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returns.  The author argues that these results are consistent with the hypothesis that the 

explanatory power of market value is attributable to the endogenous relationship between 

market value and expected return. 

 

Haugen and Baker (1996) 

 

Haugen and Baker (1996) examine the collective ability of firm characteristics to 

predict the cross-section of average returns.  The authors’ approach is to construct a 

factor model of expected returns and test the model’s power to forecast future relative 

returns to stocks. 

The factor model simultaneously relates realized monthly returns to a number of 

firm characteristics (factors) that measure risk, liquidity, relative price, profitability and 

price history.  The factors that measure risk are leverage (total debt divided by 

shareholders’ equity), interest coverage, earnings stability, market beta and exposures, or 

betas, to macroeconomic variables (risk-free rate, change in industrial production, 

inflation rate, term premium and default premium).  The factors that measure liquidity are 

stock price, average trading volume divided by market value and market value. The 

factors that measure relative price are ratios of earnings, cash flow, dividends, book value 

of equity and sales to stock price.  The factors that measure profitability are return on 

equity, return on assets, return on sales and the ratio of sales to assets.  The factors that 

measure price history are returns in the previous one, two, three, six, 12, 24 and 60 

months.  The model is estimated using cross-sectional regression analysis over a 
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sequence of months to obtain a time-series history of the realized monthly payoffs to the 

factors. 

The significance of the payoffs to the factors is determined with the Fama and 

MacBeth (1973) procedure.  Specifically, for each factor, a T-test is constructed by 

dividing the time-series average of the realized payoffs by its time-series standard error.  

The T-tests indicate that the payoffs to the previous one- and two-month returns are 

significant and negative and the payoffs to the previous six- and 12-month returns are 

significant and positive.  In addition, the payoff to trading volume divided by market 

value is significant and negative and the payoffs to BE/ME, E/P and C/P are significant 

and positive.  Also, the payoff to return on equity is significant and positive.  The payoffs 

to the other factors do not appear to be significant.  Finally, a joint T-test of all of the 

factors in the model rejects the hypothesis that the payoffs to all of the factors are zero. 

Many of these results are consistent with the findings of prior studies.  

Specifically, the results that the prior one-, six- and 12-month returns have explanatory 

power are consistent with the evidence in Jegadeesh (1990) and Jegadeesh and Titman 

(1993).  In addition, the results that BE/ME, E/P, C/P have explanatory power are 

consistent with the findings of Fama and French (1996) and others.  However, some of 

the results are not consistent with previous evidence.  In particular, the result that market 

value is uncorrelated with returns is inconsistent with the evidence in Fama and French 

(1992) and elsewhere of a negative relationship between market value and returns.  The 

result that dividend yield has no explanatory power is inconsistent with the evidence in 

Keim (1983) and Fama and French (1993) of a positive relationship between D/P and 
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returns.  The result that the prior 60-month return has no explanatory power is 

inconsistent with the evidence in DeBondt and Thaler (1985).  The result that market beta 

is uncorrelated with returns is inconsistent with the findings of Black, Jensen and Scholes 

(1972) and Fama and MacBeth (1973), who examine the pre-1969 period, but consistent 

with Reingenum (1981) and Lakonishok and Shapiro (1986) and Fama and French (1992) 

who study the post-1963 period.  The result that exposures to macroeconomic variables 

have no explanatory power is consistent with the results in Fama and French (1993) but 

only partially consistent with Chen, Roll and Ross (1986).  Specifically, the results for 

the term and default spreads are consistent with Fama and French.  The result for the term 

spread is also consistent with Chen, Ross and Roll.  However, the results for the change 

in industrial production and the default spread are not consistent with Chen, Ross and 

Roll, who find that exposures to these variables are correlated with returns. 

These inconsistencies may be due to the different methodology used by Haugen 

and Baker relative to the prior studies.  For example, the result for the market value of 

equity is not consistent with the finding in Fama and French (1992).  Market value is 

evaluated simultaneously with a large number of other firm characteristics in a 

multivariate regression model in Haugen and Baker and separately in a univariate 

regression model in Fama and French.  Therefore, if market value is correlated with any 

of the other characteristics in Haugen and Baker’s model, then the two approaches may 

yield different results. 

 Next, for each factor, projected payoffs are computed each month as the average 

of the realized payoffs from the prior 12 months (a 12-month trailing average is 
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employed to allow the expected values of the payoffs to vary over time).  For each stock, 

expected returns are computed at the beginning of each month by summing the products 

of the stock’s individual factor exposures (characteristic values), observed at the end of 

the previous month, and the factors’ payoffs for the current month.  Note that all of the 

factors are used to compute expected returns.  Each month, stocks are sorted into deciles 

based on their expected returns, with decile 1 containing the stocks with the lowest 

expected returns. 

The authors then measure the realized monthly rates of return and fundamental 

characteristics of the deciles.  The results they report are averages over the 180 months in 

their January 1979 to June 1993 sample period.  They find that: (1) Expected returns are 

highly correlated with realized returns.  Between decile 1 and decile 10, realized returns 

tend to become larger, and the return spread between the two extreme deciles is 35% per 

year.  (2) Moving between decile 1 and decile 10, stocks exhibit higher rates of 

profitability, higher levels of interest coverage, lower degrees of book leverage and 

higher rates of prior earnings growth.  All of these characteristics are measured 

independently of stock price.  Stocks also tend to be marginally larger in terms of market 

capitalization.  The authors conclude that the stocks in decile 10, which have higher 

expected and realized rates of return, are higher ‘quality’ and thus lower in systematic 

risk than the stocks in decile 1, which have lower returns.   

Finally, the authors test whether the variation in average returns associated with 

the expected returns is explained by the average returns of mimicking portfolios for 

market value of equity and book-to-market equity using the time-series approach of Fama 
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and French (1993, 1996).  For each decile portfolio, the time-series of the portfolio’s 

monthly returns are regressed on the time-series of monthly returns of the market 

portfolio and the mimicking portfolios for market value and BE/ME.  Most of the 

intercepts are significantly different from zero.  This suggests that the differences in 

average returns across the deciles are not explained by the Fama and French three-factor 

model.  In other words, the differences in returns across the deciles are not attributable to 

the variation in returns associated with market beta, book-to-market equity and market 

value. 

In summary, Haugen and Baker (1996) form decile portfolios by sorting stocks by 

expected returns estimated form a factor model.  The stocks in the high-expected return 

decile have high realized returns and higher rates of profitability, higher levels of interest 

coverage, lower degrees of book leverage and higher rates of prior earnings growth than 

the stocks in the low-expected return decile.  The return difference between the deciles is 

not explained by the three-factor model of Fama and French (1993). 

 

 Chan, Karceski and Lakonishok (1998) 

 

Chan, Karceski and Lakonishok (1998) note that most prior research on the cross-

sectional relationships between firm variables and returns examines the average return 

premia of the firm variables.  The authors argue that the variation in the return premia of 

the firm variables may also be important.  This is because variables with highly variable 

return premia are candidates for further research because they may have high average 
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return premia.  In addition, they are candidates for inclusion in factor models that are 

used to predict the variation in returns of portfolios (in contrast to the average returns of 

portfolios).  Therefore, the authors examine both the average premia and the variation in 

the premia of a number of firm variables that measure firm size, relative price, price 

history and exposure to macroeconomic and statistical factors.  Firm size is measured 

with market value of equity.  The variables that measure relative price are BE/ME, E/P, 

C/P and dividend yield (D/P).  The variables that measure price history are the prior six-

month return from the period starting seven months ago and ending one month ago (R(-7, 

-1)), the prior 48-month return from the period starting 60 months ago and ending 12 

months ago (R(-60, -12)) and the prior month’s return (R(-1, 0)).  The variables that 

measure exposure to statistical factors are betas to principal components calculated from 

historical returns using the technique described in Connor and Korajczyk (1988).  The 

variables that measure exposure to macroeconomic factors are betas to the excess market 

return, the change in industrial production, the real interest rate, the term premium, the 

default premium, the slope of the yield curve and the change in expected inflation.  These 

variables represent all of the major variables that are examined in prior studies.  Each 

variable is evaluated individually by examining the behavior of its mimicking portfolio’s 

returns. 

For each variable, a mimicking portfolio is constructed by dividing stocks into 

five groups based on the variable’s quintiles and taking a long position in the group of 

stocks with the highest values of the variable and a short position in the group of stocks 

with the lowest values of the variable.  The mimicking portfolio is reformed annually.  
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The average monthly return of the mimicking portfolio measures the variable’s average 

premium while the standard deviation measures the variation in the premium.  The 

average and standard deviation of the portfolio returns are computed over all months in 

the sample period.  In addition, in response to the evidence in prior studies of seasonal 

variation in the relationships between some firm variables and returns, separate averages 

and standard deviations are computed for January and December. 

The results indicate that, over all calendar months, the premia for BE/ME, E/P 

and C/P are significantly positive while the premia for D/P and market value are not 

significant.  In addition, the premia for R(-60, -12) and R(-1, 0) are significantly negative 

and the premium for R(-7, -1) is significantly positive.  Also, the premium for exposure 

to change in industrial production is significantly negative while the premia for exposures 

to the real interest rate, the term and default premia, the slope of the yield curve and the 

change in expected inflation are not significant.  Finally, the premium for market beta is 

not significant. 

Most of these results are consistent with the findings of prior studies (for example, 

Fama and French (1996) and Jegadeesh (1990)).  One exception is that the result for D/P 

is inconsistent with the evidence in Keim (1983) and Fama and French (1993) of a 

positive relationship between D/P and returns.  In addition, the result for market value is 

inconsistent with the evidence in Banz (1981) and elsewhere of a negative relationship 

between market value and returns.  Also, the result for market beta is inconsistent with 

the findings of Black, Jensen and Scholes (1972) and Fama and MacBeth (1973), who 

document a positive relationship between beta and returns in the pre-1969 period, but 
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consistent with Reingenum (1981) and Lakonishok and Shapiro (1986) and Fama and 

French (1992) who find no relationship between market beta and returns in the post-1963 

period.  In addition, the results for macroeconomic variables are consistent with the 

results in Fama and French (1993) but only partially consistent with the results in Chen, 

Roll and Ross (1986).  Specifically, the results for the term and default spreads are 

consistent with Fama and French, who find that the premia for exposures to the term and 

default spreads are not significant.  The results for the term spread and change in 

expected inflation are consistent with Chen, Ross and Roll, who find that the premia for 

exposures to the term spread and changes in expected inflation are not significant.  

However, the result for change in industrial production is inconsistent with Chen, Ross 

and Roll, who find that the premium for exposure to the change in industrial production 

in significantly positive.  The results for unexpected inflation and the default spread are 

also inconsistent with Chen, Ross and Roll, who find that the premia for exposures to 

unexpected inflation and the default spread are significant.   

In January, the premium for BE/ME is significantly positive and the premium for 

market value is significantly negative.  The premia are also larger than the premia for the 

full calendar year.  These results are consistent with the findings of Fama and French 

(1992) and Keim (1983).  Also, the premia for E/P, C/P and D/P are significantly positive 

and larger than the full year’s premia.  The premia for R(-60, -12) and R(-1, 0) are 

significantly negative and larger than their full-year counterparts.  This is consistent with 

the evidence in DeBondt and Thaler (1985) and Jegadeesh (1990). The premium for R(-7, 

-1) is also significantly negative and larger than its full-year version.  In addition, the 
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premium for exposure to the default spread is significantly positive and the premia for 

exposures to the term spread and changes in expected inflation are significantly negative 

while the premia for exposures to other macroeconomic variables are not significant.  The 

premium for market beta is significantly positive. 

 In December, the premia for BE/ME, E/P, C/P, D/P and market value are not 

significant.  The premium for R(-60, -12) is not significant while the premium for R(-7, -

1) is significantly positive and the premium for R(-1, 0) is significantly negative.  The 

premia for exposure to the macroeconomic variables are not significant and the premium 

for market beta is not significant.20 

 The seasonality in the premia may be summarized as follows.  Most variables’ 

January premia are larger than their January-to-December premia.  Some variables’ 

January premia are significant even though their January-to-December premia are not 

(for example, D/P, market value and market beta).  Also, the prior return variables’ 

December premia are larger than their year-round premia, and the signs of the premia for 

R(-60, -12) and R(-7, -1), but not R(-1, 0), reverse in January or December. 

The authors also examine the variation in the premia, as measured by the standard 

deviations of the mimicking portfolio returns.  The premia for the price-based variables, 

                                                 
20 Note that the results for market beta for January, December and over all calendar months 
are consistent with the findings of Tinic and West (1984), which indicate that market beta is 
positively correlated with returns only in January.  Tinic and West argue that, because market 
beta and market value are highly negatively correlated, the relationship between market beta 
and returns in January may be attributable to the negative correlation between market value 
and returns in January.  This argument is supported by the results in Fama and French (1992), 
which show that market beta has no explanatory power for returns after the explanatory 
power of market value is taken into account. 
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market beta and past returns exhibit large variation, relative to a diversified portfolio with 

no exposure to common factors in returns.  The premia for market beta, market value and 

R(-60, -12) and R(-7, -1) have the largest variation.  The premia for exposures to 

macroeconomic variables have relatively small variation.  In addition, the premia for 

most variables tend to have larger variation in January.  Note that the variations in the 

premia are not tested statistically. 

 The results of the study may be summarized as follows.  Over the full calendar 

year, the premia for BE/ME, E/P and C/P are significant while the premia for D/P and 

market value are not.  The premia for the three prior return variables, R(-60, -12), R(-7, -

1) and R(-1, 0), are significant.  The premia for exposure to industrial production is 

significant while the premia for exposures to the other macroeconomic variables are not 

significant.  The premia for market beta is not significant.  The premia also exhibit 

seasonalities.  Most variables’ January premia are larger than their year-round premia and 

some variables’ January premia are significant even when their year-round premia are not 

significant.  Additionally, the signs of the premia for R(-60, -12) and R(-7, -1) reverse in 

January or December, relative to the signs of their year-round premia. 

It should be noted that many of the mimicking portfolios’ returns are highly 

correlated with other portfolios’ returns.  Hence, some of the firm variables are redundant 

for explaining returns.  For example, the authors argue that the large January premia for 

exposures to the default and term spreads may be explained by the correlation between 

these variables’ portfolio returns and the portfolio returns of market value. 

87 



Finally, as noted above, some of the results in this study are not consistent with 

the results from prior studies.  This may be due to methodological differences compared 

with the earlier studies.  For example, the results for most of the macroeconomic 

variables are inconsistent relative to the results in Chen, Roll and Ross (1986).  

Exposures to the macroeconomic variables are evaluated individually in Chan, Karceski 

and Lakonishok and simultaneously (with a multivariable cross-sectional regression 

model) in Chen, Roll and Ross.  Therefore, if exposures to the macroeconomic variables 

are correlated, the two approaches may produce different results. 

 

C. Summary 

 

The cross-sectional relationships between firm variables and the future returns 

examined by the studies reviewed in this chapter may be summarized as follows. 

Market Beta – Market beta is positively correlated with monthly returns in pre-

1969 periods but uncorrelated with returns in post-1963 periods. 

Firm Size – The market value of equity is negatively correlated with monthly 

returns while the firm size variables that do not depend on stock price, the book value of 

total assets, the book value of plant, property and equipment, sales and number of 

employees, are uncorrelated with returns. 

Relative Price – The ratios of earnings, cash flow (earnings plus depreciation) and 

dividends to stock price are positively correlated with monthly returns.  In addition, the 
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ratio of the book value of equity to stock price is positively correlated with monthly 

returns. 

Price History – Prior three-, six-, nine- and 12-month returns are positively 

correlated with future three-, six-, nine- and 12-month returns, respectively.  Prior 36- 

and 60-month returns are negatively correlated with future 36- and 60-month returns, 

respectively.  Prior one- and two-month returns are negatively correlated with future 

monthly returns and prior six- and 12-month returns are positively correlated with future 

monthly returns.  The 48-month prior return for the period beginning 60 months and 

ending 12 months before the beginning of the period over which the future return is 

measured (R(-60, -12)) is negatively correlated with future monthly returns.  R(-36, -12) 

is negatively correlated with future monthly returns and R(-12, -1) is positively correlated 

with future monthly returns. 

Leverage – The ratio of the book value of total assets to the book value of 

common equity is negatively correlated with returns.  The ratio of the book value of total 

debt to the book value of shareholders’ equity and interest coverage (the ratio of net 

income to interest expense) are uncorrelated with returns.  The ratios of the book value of 

total assets and the book value of total debt to stock price are positively correlated with 

returns.  Note that the latter two variables are also relative price variables. 

Liquidity – The ratio of average trading volume to stock price is positively 

correlated with returns and stock price is uncorrelated with returns.  These variables are 

also relative price variables. 
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Exposures to Macroeconomic Factors – In the 1958 to 1984 sample period, betas 

to the change in industrial production and the default spread are positively correlated with 

returns and the beta to the change in unexpected inflation is negatively correlated with 

returns.  Betas to the term spread and the change in expected inflation are uncorrelated 

with returns.  In the 1968 to 1993 period, the beta to the change in industrial production is 

negatively correlated with returns, while betas to the real interest rate, the term and 

default spreads, the slope of the yield curve, unexpected inflation and the change in 

expected inflation are uncorrelated with returns.  In the 1979 to 1993 period, betas to the 

change in industrial production, T-bill returns, the inflation rate and the term and default 

spreads are uncorrelated with returns.  The inconsistency of the results may be 

attributable to the different sample periods and the different methodologies used to 

produce them.  This evidence is difficult to interpret.  However, on balance, it suggests 

that exposures to macroeconomic variables have only low explanatory for the cross-

section of returns.  Haugen (1995) draws the same conclusion. 

Profitability – return on equity (net income divided by the book value of total 

equity) is positively correlated with returns while return on assets (net income divided by 

the book value of total assets) and return on sales (net income divided by sales) are 

uncorrelated with returns. 

Growth – The growth in prior sales is negatively correlated with returns. 

The results of the studies suggest that some of the variables explain the cross-

sectional differences in future monthly returns associated with other variables.  The 

market value of equity and book-to-market equity (BE/ME) jointly explain the variation 
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in returns associated with earnings’ yield, dividend yield, the ratio of the book value of 

total assets to the market value of equity and the ratio of total assets to the book value of 

equity.  In addition, market value and BE/ME explain the return variability associated 

with cash flow-to-price, the growth of sales, R(-60, -12), and R(-36, -12).  However, 

market value and BE/ME do not explain the return variability associated with R(-12, -1).  

These findings suggest that market value and BE/ME explain the differences in returns 

associated with most of the variables that have explanatory power. 

The results of the studies also suggest that there is seasonal variation in the 

relationships between some of the variables and returns.  The variation in returns 

associated with most of the variables with explanatory power is larger in January than in 

the other calendar months.  In addition, there is a reversal in the direction of the 

relationship in January between some variables and future returns.  For example, as noted 

above, past three- to 12-month returns are positively correlated with future three- to 12-

month returns.  A separate analysis for the January and non-January months of the future 

holding periods indicates that past returns are positively correlated with returns in the 

February to December months of the future holding periods and negatively correlated 

with returns in Januaries of the future holding periods. 

As noted above, the findings of some of the studies are not consistent with one 

another.  This may be due to the different methodologies that the studies employ.  For 

example, some studies use univariate regressions to estimate return premia while other 

studies use multivariate regressions.  Return premia estimated from univariate regressions 

may produce different inferences than return premia estimated form multivariate 
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regressions, if the variables in the multivariate regressions are correlated.  Also, some 

studies employ quintile groups to estimate return premia while others use decile groups.  

Return premia estimated from long-short portfolios constructed from quintile groups may 

produce different conclusions than return premia estimated from long-short portfolios 

constructed from decile groups.  Inconsistencies may also be due to different sample 

periods that the studies examine. 

The firm variables that are shown by these studies to be cross-sectionally 

correlated with future returns may be divided into two groups.  One group contains 

variables such as relative prices or prior returns that depend on stock prices.  They are 

constructed by combining the stock price with a balance sheet or income statement item 

or by measuring the change in the stock price relative to a prior stock price.  Since these 

variables contain the stock price, they reflect and summarize investors’ risk opinions.  

The other group contains variables such as return on equity or the growth of sales that do 

not depend on stock price.  These variables are constructed using only accounting items 

and therefore do not reflect or summarize investors’ opinions.  Instead, these variables 

help determine opinions.  This study distinguishes between these two groups of variables 

in order to parsimoniously characterize the accounting disclosures that determine 

investors’ expectations of risk and to evaluate the importance of accounting disclosures 

for determining investors’ expectations relative to non-accounting information.  These 

goals are pursued by accounting for the seasonal variation in the cross-sectional 

relationships between both price-dependent and price-independent firm variables and 

future returns.
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Chapter III Sample and Methodology 

 

A. Sample 

 

The search for determinants of expectations uses accounting and return data from 

companies followed by Compustat listed on the NYSE, AMEX and NASDAQ 

exchanges.  Only companies with ordinary common equity are used.  This means that 

ADR’s, REIT’s and units of beneficial interest are excluded.  Annual accounting data for 

1980 to 1997 is matched with monthly returns from July 1981 to June 1999.  Both 

accounting data and returns come from Compustat. 

 

B. The potential determinants of expectations 

 

Prior empirical studies establish that a number of firm-specific variables are 

correlated with returns.  These variables measure firm size, earnings growth and leverage.  

Of these variables, this study focuses on (i) the ones that do not contain stock prices, and 

on (ii) accounting (non-market) versions of the ones that do contain stock prices.  In 

particular, the following four sets of variables are examined:  (1) financial and physical 

measures of firm size, (2) earnings and cash flow measures of profitability, (3) the past 

growth of a firm’s size, (4) leverage and interest coverage. 

 

1. Firm Size 
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Banz (1981) reports that the market value of equity is negatively correlated with 

the cross-section of returns; stocks with smaller market values have higher average 

returns than stocks with larger market values.  This is known as the size effect.  Banz 

(1981) and Fama and French (1992) find that the market value of equity complements the 

explanatory power of market beta in the cross-section of average returns, and therefore 

the correlation between the market value of equity and returns cannot be explained by the 

CAPM.  Also, Fama and French (1992) show that the size effect exists during the entire 

1946 to 1992 period and Chan, Hamao and Lakonishok (1991) and Chan, Karceski and 

Lakonishok (1998) document a size effect in Japanese and U.K. stock markets.  These 

out-of-sample results suggest that the size effect is real, and not the result of a data-

snooping bias. 

These findings motivate an examination of accounting measures of firm size to 

determine whether the size effect extends to measures of firm size that do not depend on 

investors’ expectations of risk.  A result that non-market measures of firm size are 

correlated with returns implies that firm size is a determinant of expectations.  The 

following non-market measures of firm size are investigated: the book value of equity 

(BE), the book value of total assets (A), net sales (SALE), the number of employees 

(EMP), adjusted earnings (E) and two measures of cash flow (C and C2).  BE is defined 

as the book value of stockholders equity, plus balance sheet deferred taxes and 

investment tax credit (if available), minus the book value of preferred stock.  Depending 

on data availability, the book value of preferred stock is measured using the preferred 
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stock’s redemption, liquidation or par value (in that order).  E is income before 

extraordinary items and discontinued operations, plus deferred taxes, minus preferred 

dividends.  C is E plus depreciation and amortization. C2 is net cash flow from operating 

activities.  C2 is estimated with operating income before depreciation, minus interest 

expense, total income taxes and changes in non-cash working capital.  C is the cash flow 

measure used in prior studies that investigate patterns in the cross-section of returns (for 

example, Lakonishok, Schleifer and Vishny (1994), Fama and French (1996), Haugen 

and Baker (1996), Chan, Karceski and Lakonishok (1998)).  It estimates cash flow by 

adding depreciation and amortization back to adjusted earnings.  C2 is an alternative 

measure of cash flow that reflects the net cash flows generated by the firm’s operating 

activities.  It is defined the same way as in Dechow (1994).  The seven firm size 

measures, BE, A, EMP, SALE, E, C and C2, are highly correlated with the market value 

of equity.  However, unlike the market value of equity, these measures do not reflect 

investors’ risk opinions. 

 

2. Profitability 

 

Fama and French (1992) show that stocks with small market values and high 

book-to-market equity ratios earn large returns.  In order to examine whether the large 

returns are compensation for systematic risk, Fama and French (1995) study the 

relationship between these characteristics and profitability.  They form portfolios by 

grouping firms by BE/ME and ME and then measure the profitability of these portfolios 
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with the ratio of adjusted earnings to book value of equity (E/BE).  They find that small-

ME firms are less profitable than large-ME firms for five years before and after ME is 

measured.  Similarly, they find that high-BE/ME firms are less profitable than low 

BE/ME firms for five years before and after BE/ME is measured.  Given that BE/ME and 

ME are correlated with returns, the profitability results imply that E/BE is negatively 

correlated with returns.  This motivates an examination of the relationship between 

adjusted earnings measures of profitability and returns.  Four adjusted earnings measures 

of profitability are assessed: E/BE, E/A, E/SALE and E/EMP.  As before, E is income 

before extraordinary items and discontinued operations, plus deferred taxes, minus 

preferred dividends.  Fama and French (1995) define earnings similarly. 

Lakonishok, Schleifer and Vishny (1994) and Fama and French (1996) examine 

the returns of portfolios formed by grouping firms by their ratios of cash flow to market 

value of equity (C/ME).  Both studies document positive correlation between returns and 

C/ME; high-C/ME firms earn larger returns than low-C/ME firms.  Their results prompt 

an examination of whether cash flow measures of profitability, constructed by replacing 

ME with non-market measures of firm size, are correlated with returns.  Two sets of cash 

flow measures are assessed.  The first set, C/BE, C/A, C/SALE and C/EMP, uses the cash 

flow definition in Lakonishok, Schleifer and Vishny and Fama and French, C = E + 

depreciation and amortization.  The second set, C2/BE, C2/A, C2/SALE and C2/EMP, 

uses the definition of cash flow in Dechow (1994), C2 = net cash flow from operating 

activities. 
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Haugen and Baker (1996) use the Fama-MacBeth cross-sectional regression 

approach to estimate the monthly factor payoffs (risk premia) for a variety of 

characteristics.  Among these are four profitability variables that are not functions of 

stock prices: (i) net income divided by the book value of all stockholders’ (common and 

preferred) equity (NI/SEQ), (ii) operating income after depreciation divided by total 

assets (OI/A), (iii) operating income after depreciation divided by total sales (OI/SALE), 

and (iv) net income divided by the book value of equity (NI/BE).  Haugen and Baker find 

that NI/SEQ, OI/A and OI/SALE are uncorrelated with returns and NI/BE is positively 

correlated with returns.  These profitability variables are reexamined in this study for the 

following reasons.  (1) Haugen and Baker simultaneously test the profitability variables 

with a multivariate model that contains a total of 51 explanatory variables without testing 

for collinearity between the explanatory variables.  Collinearity between explanatory 

variables may cause estimates of the regression slopes to be biased, making inferences 

about expected risk premia unreliable.  Since Haugen and Baker’s non-market 

profitability variables—NI/SEQ, OI/A, OI/SALE and NI/BE—are indeed highly 

correlated with one another (the minimum correlation between these variables is 0.69) as 

well as with other variables in the model (such as interest coverage), they are retested in a 

univariate framework in case the effects of collinearity obscures their real explanatory 

power.  (2) The 216-month sample period used in this study may provide more power to 

detect return relationships than the 90-month period in Haugen and Baker’s study.21  The 

                                                 
21 Note that this study differs from Haugen and Baker (1996) in the following way.  While 
Haugen and Baker construct a model of expected returns by simultaneously using both price-
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results in this study suggest that the four profitability variables are strongly negatively 

correlated with returns.  In addition, when the four profitability variables are tested 

simultaneously in a multivariate regression model, the results are similar to those 

obtained by Haugen and Baker.  This indicates that the Haugen and Baker profitability 

results are attributable to collinearity. 

 

3. Growth 

 

Lakonishok, Schleifer and Vishny (1994) establish that past sales growth is 

correlated with returns.  They define past sales growth as the weighted average of annual 

sales growth-ranks for the prior five years, and compute it in the following way:  In each 

of the last five years, firms are ranked by percent change of annual sales from the 

previous year.  Sales growth is then computed as the weighted average rank for the last 

five years, with a weight of 5 for the growth rank in the most recent year, a weight of 4 

for the growth rank in the year before that, and so on.  This procedure provides a way to 

both identify firms with consistently high past sales growth and give greater weight to 

more recent sales growth.  By measuring the returns of portfolios formed by sorting firms 

on sales growth, they determine that sales growth is negatively correlated with returns; 

                                                                                                                                                 
based and price-independent return-prediction variables, this study builds a model of 
investors’ risk expectations by focusing on price-independent variables.  Furthermore, this 
study compares the explanatory power of both types of variables to measure the incremental 
information in investors’ expectations over that in accounting disclosures. 
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stocks with low previous sales growth earn larger returns than firms with high previous 

sales growth. 

This result, confirmed by Fama and French (1996), suggests that a measure of 

sales performance that is unaffected by investors’ risk opinions is correlated with returns, 

and motivates the selection of sales growth, as well as other growth variables, as 

candidates for fundamental determinants.  In addition to sales growth (GSALE), the 

growth of the book value of total assets (GA) and the growth of the number of employees 

(GEMP) are tested in the cross-section of returns.  These growth variables are chosen 

because, like sales, total assets and employees are positive, and hence growth rates can 

easily be calculated for them.  In contrast, growth rates cannot easily be calculated for 

variables like earnings and cash flows, which may be negative (in the sample used in this 

study, 32 percent of firms have negative adjusted earnings and a similar proportion has 

negative cash flows).  In addition, firms’ earnings and cash flows may grow from small 

positive values in the base year, potentially introducing large outliers in the growth rates. 

In this study, the growth variables are defined differently than in prior studies.  

For example GSALE is defined in the following way.  In each of the past three years, 

firms are ranked by the percent change in growth of sales.  The ranks are then scaled to 

lie between 0 and 1.  Using weights of 3/6 for the most recent year’s rank, 2/6 for the 

prior year’s rank and 1/6 for the rank of the year before that, the average rank is 

computed for the most recent 3 years.  The scaling and weighting allows the estimated 

risk premia of the growth variables to be directly compared with those of the other 

candidate variables, while the shorter backwards-looking period (3 years instead of 5 
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years) allows a longer overall sample period to be studied.  GA and GEMP are defined 

similarly.  Note that the different scaling, weighting and the shorter backwards-looking 

period produce results similar to those of the Lakonishok, Schleifer and Vishny (1994) 

and Fama and French (1996) studies.22  Specifically, consistent with the prior studies, the 

growth variables used in this study are negatively correlated with returns. 

 

4. Leverage and interest coverage 

 

 Fama and French (1992) find that the combination of book leverage, defined as 

the book value of total assets divided by the book value of equity (A/BE), and market 

leverage (A/ME) is correlated with returns.  To determine whether non-market versions 

of leverage variables have explanatory power, A/BE and the book value of total debt 

divided by the book value of equity (DT/BE) are included as candidates for fundamental 

determinants. 

Haugen and Baker (1996) measure the correlation between interest coverage, 

defined as income available for payment of interest (operating income) to total interest 

expense (OI/XINT), and returns.  Although they find that interest coverage has little 

power to explain cross-sectional return differences, it is reevaluated here for the same 

reasons that the Haugen and Baker profitability variables are retested (Section 2).  In 

                                                 
22 Note that the net result of the different scaling and weighting employed in this study, 
relative to the scaling and weighting used by the prior studies, is that the variables are only 
scaled differently.  Hence, the different scaling and weighting is not expected to yield 
different inferences, since inferences from estimated regression slopes are not affected by 
scaling. 
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particular, Haugen and Baker test interest coverage with a multivariate regression model.  

However, interest coverage is highly correlated with some of the other explanatory 

variables in the model (such as measures of profitability).  Thus, Haugen and Baker’s 

estimate of the explanatory power of interest coverage may be affected by collinearity.  

Therefore, interest coverage is reexamined with a univariate model.  In addition, the 216-

month sample period used in this study may provide more power to detect return 

relationships than the 90-month period employed by Haugen and Baker.  The results in 

this study indicate that interest coverage is strongly negatively correlated with returns.  A 

test of interest coverage in a multivariate model that contains the Haugen and Baker 

profitability variables produces results that are comparable to those in Haugen and Baker.  

Thus, Haugen and Baker’s interest coverage result may be due to collinearity. 

 

C. Identifying the determinants of expectations 

 

The determinants of expectations are identified by estimating the relationship 

between the candidates for determinants discussed above and expected stock returns.  

This is done by regressing returns on the candidate variables using the month-by-month 

Fama-MacBeth cross-sectional procedure.  A separate univariate regression is estimated 

for each candidate variable in the following way.  The candidate variables are measured 

in each year from t = 1980 to t = 1997 using annual accounting numbers for the fiscal 
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year ending in calendar year t.23  The values of the variables for year t are then matched 

with returns for the months from July of year t + 1 to June of year t + 2 and univariate 

regressions of returns on the variables are estimated each month.  Thus, 216 monthly 

regressions are estimated between July of 1981 and June of 1999 for each variable.  For 

the candidate variables that measure growth (GSALE, GA and GEMP), the procedure is 

somewhat different.  These variables are measured in each year from t = 1983 to t = 1997 

using annual accounting numbers for the fiscal years ending in calendar year t, t – 1, t – 2 

and t – 3 and 180 monthly regressions are run between July of 1984 and June of 1999 for 

each variable. 

The minimum six-month gap between the fiscal yearends and returns is intended 

to ensure that the candidate variables are known before the returns they are used to 

explain.  The SEC mandates that firms file their 10-K reports within 90 days of their 

fiscal yearends.  However, some firms do not meet this deadline and therefore an 

additional 90-day gap is used to ensure that data from late-filing firms is available prior 

to the returns.  Note that this procedure mixes firms with different fiscal yearends.  Since 

accounting data for all fiscal yearends in calendar year t is matched with returns for July 

of t + 1 to June of t + 2, the gap between the accounting data and the returns varies across 

firms.  To see if the varying gap impacts the results, the tests are also applied to a subset 

of firms with December fiscal yearends. 

                                                 
23 The Compustat file for year t contains data for fiscal yearends from June of year t to May 
of year t + 1.  Thus, data for firms with fiscal yearends between January and May is taken 
from the year t – 1 Compustat file and data for firms with fiscal yearends between June and 
December is taken from the year t Compustat file. 
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As in Chan, Karceski and Lakonishok (1998) the explanatory variables are 

expressed in terms of their annual cross-sectional ranking and then scaled to lie between 

zero and one.  Hence, the regression slope for an explanatory variable is the predicted 

difference in returns between stocks with the highest values of the variable and stocks 

with the lowest values of the variable.  This transformation has two useful properties.  

First, extreme values of an explanatory variable will not get a disproportionate weighting 

in the regression, and second, the (magnitudes of the) regression slopes of the different 

explanatory variables can be directly compared. 

To test the hypothesis that a candidate variable is a determinant of expectations, a 

standard Fama-MacBeth t-test is used to determine whether the expected return premium 

associated with the variable is non-zero.  A non-zero premium implies that the variable is 

a determinant of expected returns, and hence (because the variable is not a function of 

stock prices) a determinant of expectations.  The time-series average of monthly slope 

coefficients is used to estimate the monthly-expected return premium, and the Fama-

MacBeth t-statistic, which is the time-series average slope coefficient divided by its time-

series standard error, is used to test whether the premium is non-zero.  Since the 

explanatory variables in the monthly regressions are all directly observable (in contrast to 

estimated return sensitivities to macro-economic variables, such as market betas or 

loadings on term and default premia), there is no errors-in-variables problem, and so the 

t-statistic is expected to be normally distributed under the null hypothesis.24  This 

                                                 
24 Note that, although not carried out in this study, this assumption may be checked with the 
following bootstrapping procedure.  A large number of sub-samples are drawn with 
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methodology produces a set of characteristics that are correlated with returns, but do not 

embed investors’ risk opinions. 

Prior empirical research suggests that the behavior of stock returns may be 

different at the turn of the year.  For example, Fama and French (1993) and Daniel and 

Titman (1997) find that the difference in returns between high- and low-BE/ME firms 

and small- and big-ME firms is largest in January.  Chen, Karceski and Lakonishok 

(1998) find similar seasonal patterns in returns for earnings yield and dividend yield; the 

return spread between high- and low-yield firms is biggest in January.  To explore 

whether the expected return premia of the set of determinants identified with the Fama-

MacBeth procedure vary across different times of the year, the premia are estimated 

separately for each month of the year.  Therefore, the mean and the Fama-MacBeth t-

statistic of the time-series of monthly regression slopes are computed separately for each 

calendar month.  One of the drawbacks of this procedure is that, due to the reduced 

sample sizes, the t-tests may lack power to detect large premia.  For most explanatory 

variables, 18 (216/12) monthly regressions contribute to the test statistic.  For the growth 

variables, the sample is reduced to 15 months.  In order to mitigate this problem, the 

calendar year is divided into seasons of several months each in which estimated premia 

behaved similarly.  Specifically, seasons are selected such that the estimated monthly 

premia vary less within seasons than across seasons.  For example, most determinants’ 

premia are similar between October and December.  Hence, a seasonal premium is 

                                                                                                                                                 
replacement from the time-series of slopes.  For each sub-sample, a t-statistic is computed.  
The hypothesis that the resulting t-statistics are drawn from a normal distribution is then 
tested. 
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estimated for this calendar period by averaging the October through December slopes in 

the sample period, yielding an estimate based on 54 months.  This methodology is similar 

to the one employed by Grinblatt and Moskowitz (1999). 

The Fama-MacBeth methodology yields a number of priced (non-zero risk 

premium) characteristics.  However, some of these characteristics may be redundant 

because they contain much of the same information as others.  Hence, a subset of 

characteristics must be selected that contribute independently to the formation of 

expectations. 

One approach is to confront all of the priced characteristics against each other in a 

multivariate framework and select those whose premia remain non-zero.  However, there 

is a potential problem with this approach.  If dependent variables are highly correlated in 

a multivariate regression model, then estimated slope coefficients may be severely 

distorted, making inferences about expected premia unreliable.25  Another approach is to 

use factor analysis to construct a set of pseudo-characteristics (factors) that contain the 

non-redundant information from all of the priced characteristics.  The difficulty with this 

approach is that the resulting factors, which are essentially unlabelled statistical artifacts, 

have no theoretical content.  Specifically, each factor is a combination of the original 

priced characteristics, and hence has no unambiguous economic interpretation.26 

                                                 
25 In multivariate regressions, collinear explanatory variables can severely bias slope 
estimates.  This problem is discussed in greater detail below and in the results section. 
26 Another potential problem is that the estimated factors may be highly sensitive to the 
sample period.  Factors extracted from one sample period may not be the same as the factors 
extracted from another sample period.   
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Instead of employing multivariate regression or factor analysis to select non-

redundant information, the field of potential determinants is narrowed by examining the 

cross-sectional correlations between the characteristics.  For each year in the sample 

period, correlation coefficients are computed between each pair of priced characteristics.  

The means of the resulting time-series of annual correlation coefficients are used to select 

a subset of characteristics that are not highly mutually correlated.  The particular 

procedure to select a subset is as follows.  First, the priced characteristic with the highest 

power to explain returns is selected.  Second, all of the priced characteristics that are 

highly cross-sectionally correlated with the characteristic selected in the first step are 

excluded from the subset.  Characteristics that have an average annual correlation 

coefficient with an absolute value of 0.50 or greater are considered highly correlated.  

The two steps are repeated until all of the original priced characteristics have either been 

selected or excluded from the subset.  This procedure is expected to produce a set of 

determinants of expectations that are approximately independent of one another.  

However, two caveats are in order with regard to this approach.  First, the cutoff of 0.50 

for the correlation coefficient is informally selected.27  Second, pairwise correlations are 

useful for detecting two-variable collinearities, but they may be unable to detect 

collinearities involving three or more variables.  For example, it is possible to construct 

large collinearities between three or more variables, for which none of the pairwise 

                                                 
27 In preliminary tests (not shown), pairs of characteristics with correlations less than 0.50 did 
not show symptoms of collinearity in multivariate regressions. 
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correlations exceed 0.50.  Thus, pairwise screening does not necessarily preclude 

substantial information redundancies if the subset contains three or more characteristics.   

In order to verify that the combination of univariate regressions and pairwise 

correlation tests yield a set of determinants of expectations without excessive overlap and 

with minimal loss of information, the risk premium for each of the characteristics is 

estimated after controlling for the other characteristics.  If each of the characteristics 

contributes approximately independently to expectations, then its conditional risk 

premium, estimated in a multivariate framework, will be comparable to its unconditional 

risk premium, estimated in a univariate setup.  In particular, the multivariate model-

estimated risk premium will have the same sign as its univariate counterpart and maintain 

its statistical significance.  Therefore, a multivariate model of all of the characteristics in 

the parsimonious set is used to explain the cross-section of average stock returns.  The 

methodology is exactly the same as in the univariate approach, except that each month, 

returns are regressed on all of the characteristics, instead of on a single characteristic.  

This produces a time-series of monthly slopes for each characteristic.  Time-series means 

provide estimates of the conditional risk premia and FM t-statistics, which are the time-

series mean slopes divided by their respective time-series standard errors, are used to test 

whether these premia are reliably non-zero. 

 

D. Measuring the incremental explanatory power of price-based variables relative to 

the determinants of expectations 
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One of the objectives of this study is to assess how much accounting disclosures 

contribute to the formation of investors’ opinions of risk, and hence to the determination 

of expected returns, relative to non-accounting information.  The general approach is to 

compare the explanatory power of price-based and fundamental variables.  If stock prices 

summarize investors’ risk opinions, then they will contain the risk information from the 

complete set of determinants of investors’ opinions.  This implies that price-based 

variables will contain, at a minimum, the risk information from the fundamental 

determinants of opinions identified in this study.  Therefore, the explanatory power of 

price-based variables will subsume the explanatory power of fundamental variables and 

price-based variables will explain at least as much cross-sectional variation in returns as 

fundamental variables.28  This suggests that the incremental explanatory power of price-

based variables relative to fundamental variables measures the explanatory power of the 

determinants of investors’ opinions that are not among accounting disclosures.  These 

determinants are referred to here as omitted or unmeasured determinants.  If unmeasured 

determinants have relatively little or no power to explain returns, then accounting 

disclosures reflect essentially all of the information that investors use to form opinions.  

However, if unmeasured determinants have a relatively large amount of power to explain 

                                                 
28 This implication is supported by the following evidence.  Fama and French (1995) 
document that BE/ME and ME explain the cross-sectional dispersion in returns generated by 
E/A.  Fama and French (1996) show that the return variability associated BE/ME and ME 
accounts for the variation in returns produced by prior growth in sales, which is highly 
correlated with prior growth in employees (GEMP) used here.  Berk (1995) finds that ME 
subsumes the explanatory power of BE. 
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returns, then an important component of investors’ opinions is based on non-accounting 

sources of information. 

The incremental explanatory power of price-based variables relative to 

fundamental variables is computed as the difference between the estimated monthly 

return premia of the two groups of variables.  For fundamental variables, the monthly 

premia are estimated with the realized returns of an arbitrage portfolio formed by taking a 

long position in the decile of stocks with the highest fundamental expected returns and a 

short position in the decile of stocks with the lowest fundamental expected returns.  

Stocks’ fundamental expected returns are computed in the following way.  In each 

month, over the July 1984 to June 1999 period, the returns of NYSE, AMEX and 

NASDAQ stocks are regressed on the fundamental variables using a multivariate model 

(the regression methodology is the same as the methodology used to identify the 

determinants of expectations and is described in Section C of this chapter).29  This 

procedure yields a history of the realized payoffs to the fundamental variables. 

Then, for each fundamental variable, projected payoffs are computed for each 

month by averaging the prior realized payoffs falling in the same calendar month.  For 

example, the projected payoff for a given fundamental variable for a particular January is 

the average of the realized payoffs for the fundamental variable from the prior Januarys 

in the sample period.  This technique for projecting payoffs is employed to allow for 

                                                 
29 Note that the shorter sample period of July 1984 to June 1999, relative to the July 1981 to 
June 1999 period used to estimate the return premia of most of the candidates for 
determinants, is attributable to the presence of growth variables among the fundamental 
variables. 
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potential seasonal variation in the expected values of the payoffs.  Accounting for 

seasonal variation may be important since the results of the cross-sectional regression 

tests documented in Section C of Chapter IV show that there are strong seasonal patterns 

in the realized premia of the fundamental variables.  Also, projected payoffs are 

computed using only information available prior to the month for which the projection is 

made.  Hence, projected payoffs are not biased by ‘looking into the future’.  Haugen and 

Baker (1996) and Grinblatt and Moskowitz (1999) use similar methods to calculate 

projected payoffs.30 

Next, each stock’s fundamental expected rate of return is computed in each month 

by summing the products of the stock’s individual fundamental variable values, measured 

at the end of the previous month, and the fundamental variables’ projected payoffs for the 

current month.31  Then, stocks are formed into equally weighted deciles each month 

                                                 
30 Haugen and Baker (1996) estimate an explanatory variable’s expected payoff for a 
particular month with the average of the realized payoffs over the trailing 12 months.  Thus, 
for a particular January, they estimate the expected payoff as the average of the prior year’s 
January to December realized payoffs.  Therefore, although this procedure allows payoffs to 
vary over time by employing a rolling 12-month estimation period, it does not explicitly 
account for potential seasonal variation in payoffs. 

Grinblatt and Moskowitz (1999) estimate a particular month’s expected payoff with 
the average of the realized payoffs from the prior five years that fall in the same season.  The 
authors define three seasons: January, February to November and December.  Hence, for a 
given January (December), they estimate the expected premium as the average of the payoffs 
from the prior five Januaries (Decembers).  In this case, 5 previous payoffs are averaged.  For 
a particular month between February and November, they estimate the expected payoff as the 
average of the payoffs from the prior February to November months from the past five years 
(50 previous payoffs are averaged).  Therefore, this methodology allows time-series as well 
as seasonal variation in payoffs. 
31 Specifically, E(Rj, t) =  ∑i Fj, i, t-1 × E(Pi, t), where E(Rj, t) is the expected rate of return of 
stock j in month t, Fj,i,t-1 is the exposure to fundamental variable i for stock j based on 
information available at the end of month t – 1 and E(Pi, t) is the expected premia of 
fundamental variable i in month t (estimated using information available prior to month t). 
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based on their fundamental expected returns.  It is worth noting that stocks within the 

same decile have comparable combined exposure to the fundamental variables.  Finally, a 

long position is taken in the decile with the highest expected returns and a short position 

is taken in the decile with the lowest expected returns each month.  The resulting long-

short portfolio has high exposure to the fundamental variables and its time-series of 

realized returns is used to estimate the monthly premia associated with the fundamental 

variables.  Note that, since the deciles are large, diversified portfolios, the returns of the 

long-short portfolio are not expected to be affected by firm-specific returns.  Also, the 

long-short portfolio will have minimal exposure to factors other than the fundamental 

variables.  This is because the long and short portfolios will each tend to have random 

exposure to the omitted determinants of opinions that offset in the long-short portfolio. 

The monthly return premia associated with the price-based variables are estimated 

by employing the same underlying methodology used to estimate the monthly premia 

associated with the fundamental variables.  Briefly, the monthly premia are estimated 

with the realized returns of an arbitrage portfolio formed by taking offsetting long and 

short positions in the deciles of stocks with the highest and lowest price-based expected 

returns, respectively.  Price-based expected returns are estimated using BE/ME, ME and 

momentum to measure stocks’ sensitivities to price-based factors.  Momentum is 

measured with two variables.  One momentum variable is a stock’s return over the 12-

month period starting in the 24th month and ending in the 13th month prior to the 

beginning of the period over which the dependent return is measured (MOM13-24).  The 

other momentum variable is the return over the 11-month period starting in the 12th 
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month and ending in the 2nd month prior to the beginning of the holding period of the 

dependent return (MOM2-12). 

In the final step, the monthly premia associated with the unmeasured determinants 

of investors’ risk opinions are estimated by subtracting the monthly returns of the 

fundamental portfolio from the monthly returns of the price-based portfolio.  In order to 

determine whether there is a significant premium attributable to unmeasured 

determinants, and therefore whether unmeasured determinants have significant 

explanatory power, a t-test and sign-rank test are applied to the estimated premia. 

The choice to use BE/ME, ME and momentum to compute price-based expected 

returns is motivated by the results in Fama and French (1992, 1993, 1996), Carhart 

(1997), Jegadeesh (1990) and elsewhere.  In a series of articles, Fama and French 

examine the price-based variables that are documented by prior research to have 

explanatory power in the cross-section of returns.  They find that, with the exception of 

momentum, BE/ME and ME (jointly) subsume the explanatory power of all of the other 

price-based variables.  Specifically, Fama and French (1992) show that the explanatory 

power of BE/ME and ME accounts for the explanatory power of E/P and A/ME; after 

controlling for the variation in returns associated with BE/ME and ME, E/P and A/ME 

have no power to explain returns.  In addition, Fama and French (1993, 1996) find that 

BE/ME and ME also subsume the explanatory power of D/P and C/P.  However, Fama 

and French (1996) document that BE/ME and ME cannot explain the cross-sectional 

variability in returns associated with momentum, defined as a stock’s prior 2- to 12-

month return.  Carhart (1997), Brennan, Chordia and Subrahmanyam (1998) and 
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Chordia, Subrahmanyam and Anshuman (2001) confirm this result by documenting that 

2- to 12-month momentum has incremental explanatory power relative to BE/ME and 

ME.  Finally, the results of tests in this study suggest that the prior 13- to 24-month return 

has incremental explanatory power relative to BE/ME and ME and MOM2-12 (see Table 

A.3).32  This evidence suggests that, among price-based variables, BE/ME, ME and 

momentum over the previous 2- to 24-month period explain the most cross-sectional 

variability in returns and hence they are used in this study to estimate price-based 

expected returns.  Carhart (1997) and Daniel, Grinblatt, Titman and Wermer (1997) also 

use BE/ME, ME and momentum to estimate expected returns.33 

 Note that the momentum information used to estimate price-based expected 

returns does not include the return from the month immediately prior to the beginning of 

the holding period of the dependent return.  The prior month is excluded to avoid 

potentially contaminating the momentum payoffs with microstructure-induced serial 

correlation in returns.  Specifically, a phenomenon known as bid-ask bounce may cause 
                                                 
32 In particular, the results of Fama-MacBeth regression tests suggest that MOM13-24 has 
explanatory power in the cross-section of returns after controlling for the differences in 
returns attributable to BE/ME, ME and MOM2-12.  Furthermore, MOM13-24 appears to 
have incremental explanatory power throughout the calendar year.  This finding is not 
necessarily inconsistent with the results in Fama and French (1996), which document that 
BE/ME and ME subsume the explanatory power of the prior 13- to 60-month return.  This is 
because the information in a stock’s long-term past returns may obscure the information in its 
shorter term past returns.  For example, the potential information in a stock’s prior 13- to 24-
month return may be offset by the information in the stock’s 25- to 60-month return.  See 
Fama and French (1996) for a discussion of this issue.  Note also that the examination of the 
prior 13- to-24 month return is motivated by the lack of direct evidence in Fama and French 
(1996) rejecting this variable’s incremental explanatory power relative to BE/ME and ME.  
In other words, this variable is not selected after estimating several regressions and choosing 
a variable with a significant test. 
33 In these studies, expected returns estimated from BE/ME, ME and momentum are used to 
measure mutual fund performance. 
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measured returns to be negatively autocorrelated, even when successive returns are 

completely uncorrelated.  Additionally, infrequent trading of stocks may also induce 

negative serial correlation in measured returns.34  The bid ask bounce and infrequent 

trading phenomena bias estimates of correlation between past and future returns only 

when these returns are measured over adjacent intervals.  Thus, in order to avoid the 

potential bias induced by measurement error, a month is skipped between the end of the 

period over which the momentum return is measured and the beginning of the period over 

which the dependent return is measured. 

 The procedure of skipping a month, while eliminating the bias, also discards 

potentially useful information about future returns.  According to Jegadeesh (1990), 

monthly returns exhibit significant negative first-order serial correlation even after 

accounting for the potential bias.  This suggests that excluding the prior month’s return 

from the momentum variables discards valuable information about autocorrelation in 

monthly returns.  Therefore, the returns of the price-based long-short portfolio may 

underestimate the explanatory power of price-based variables.  This suggests that the 

spread in returns between the price-based and fundamental portfolio may underestimate 

the explanatory power of the omitted determinants of investors’ opinions. 

 

                                                 
34 See Haugen and Baker (1996) and Jegadeesh (1990) for a discussion of the bid-ask bounce 
and infrequent trading phenomena. 
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Chapter IV Results 

 

A. Descriptive statistics 

 

Table 1 shows details of the cross-sectional distributions of the candidates for the 

determinants of expectations.  In each year, between t = 1980 and t = 1997, the 

candidates variables are measured using annual balance sheet and income statement 

numbers for each firm’s fiscal year ending in calendar year t.  The descriptive statistics 

are computed over firm-years.  (The year-by-year cross-sectional descriptive statistics are 

shown in Table A.1 in Appendix A). 

There are several attributes of the distributions of the candidate variables worth 

noting.  These are most easily seen in Table A.1, which shows the year-by-year 

distributions, including a skewness statistic.35  Most of the candidate variables have 

skewed distributions and the skewness is generally stable over time.  Measures of 

profitability tend to be negatively skewed, while measures of firm size tend to be 

positively skewed.  In addition, interest coverage, OI/XINT, is consistently positively 

skewed.  However, the direction of the skewness of the leverage variables, A/BE and 

DT/BE, tends to change back and forth over time. 

If the distribution of a candidate variable is skewed, then the candidate variable 

may have extreme values.  In a regression in which the candidate variable is the 

                                                 
35 Large absolute values of the skewness statistic are suggestive of skewness in the 
distribution.  Negative (positive) values suggest negative (positive) skewness. 
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explanatory variable, the extreme values may cause the candidate variable’s slope to be 

estimated imprecisely.  This is one of the reasons why the candidate variables are 

transformed using a rank transformation prior to regression analysis.  The rank 

transformation reduces skewness and hence mitigates the extreme value problem (the 

other reason is that the regression slopes of the different explanatory variables can be 

directly compared). 

The number of firms increases steadily between 1980, when approximately 3,700 

firms are in the Compustat database, and 1997, when just over 8,000 firms are in the 

database.  The year-by-year distributions also show that median values of some of the 

variables change over time.  For example, median values for E, E/A, and EMP tend to 

decline between 1980 and 1997.  A potential explanation is based on the change in the 

composition of the firms in the Compustat database over the sample period.  According 

to Compustat, at the start of the sample period, their database generally contains data for 

larger firms.  These firms also tend to be more successful.  In each subsequent year, the 

database contains more and more smaller firms that tend to be less profitable. 

It is worth noting the proportion of firms with negative income.  For example, for 

the 1997 fiscal year, 38% of firms have negative adjusted earnings, and, depending on 

how it is measured, between 31% and 38% have negative cash flow.  Recent studies 

examine the explanatory power of earnings-to-price and cash flow-to-price (for example, 

Lakonishok, Schleifer and Vishny (1994), Fama and French (1996) and Chan, Karceski 

and Lakonishok (1998)).  These studies note that the relationship between these 

variables’ positive values and returns is different than the relationship between these 
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variables’ negative values and returns.  These studies focus on the former relationship 

and therefore exclude stocks with negative earnings and cash flow.  In contrast, 

preliminary tests in this study indicate that the return effects of positive and negative 

values of non-price variables that contain earnings and cash flow are consistent.  

Therefore, stocks with negative earnings and cash flow are included in the sample.36 

Finally, 4% of firms have negative book values of equity.  Therefore, C2/BE, 

C/BE and E/BE can be positive because both the numerator and denominator of these 

ratios are negative.  Hence, for these variables, the subsequent tests in this study would 

not distinguish between a positive ratio caused by the numerator and denominator being 

positive and a positive ratio caused by the numerator and denominator being negative and 

could therefore produce ambiguous inferences.  For this reason, firms with negative 

values of BE are excluded from the sample. 

 

B. Univariate Regressions 

 

The search for determinants of expectations commences with the estimation of the 

explanatory power for returns of the candidate variables.  Table 2 shows the time-series 

averages and t-statistics of the slopes from the monthly Fama-MacBeth univariate 

regressions of the cross-section of returns on the candidates for the determinants of 

expectations.  The average slope for an explanatory variable estimates its monthly 

                                                 
36 As an additional test, stocks with negative earnings and cash flow are excluded.  This has 
no effect on inferences in this study. 
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expected risk premium, and its t-statistic provides a Fama-MacBeth test for determining 

whether the risk premium is non-zero during the July 1981 to June 1999 period.  A non-

zero risk premium for a variable implies that it is a determinant of expected returns, and 

therefore, because it is not a function of stock price, a determinant of expectations.  To 

provide a perspective for the candidate variables and a link to the Fama and French 

(1992) regression findings, the average slopes and t-statistics for BE/ME and ME are also 

reported. 

The univariate regression tests produce the following results. 

 

Non-price variables 

 

Firm Size – Four of the six firm size variables, A, BE, E and C, are reliably 

negatively correlated with returns.  Their average slopes are more than 2 standard errors 

from zero.  This finding suggests that the size effect in returns (the cross-sectional 

correlation between a firm’s market value of equity and its returns) extends to non-

market measures of firm size.  The inverse association between size and returns indicates 

that small firms receive higher discount rates than large firms.  EMP, SALE and C2 are 

not reliably correlated with returns. 

Profitability – All four adjusted earnings profitability variables, E/A, E/BE, 

E/SALE and E/EMP, are reliably negatively related to returns.  The average slope for 

E/BE is just over 2 standard errors from zero while the average slopes for E/A, E/SALE 

and E/EMP are approximately 4 standard errors from zero. 
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When cash flow is defined as adjusted earnings plus depreciation, most of the 

cash flow measures of profitability are reliably negatively correlated with returns.  The 

average slopes for C/A, C/SALE and C/EMP are approximately 4 standard errors from 

zero, while the average slope for C/BE is 1.8 standard errors from zero.  In contrast, when 

cash flow is defined as net cash flows from operating activities, the cash flow measures 

of profitability have no discernible relationship with returns (the average slopes for C2/A, 

C2/BE, C2/SALE and C2/EMP are within 2 standard errors of zero).37  A comparison of 

the t-statistics of the adjusted earnings-profitability variables with their cash flow 

(adjusted earnings plus depreciation) counterparts shows that the adjusted earnings and 

cash flow versions of profitability have comparable explanatory power.  For example, the 

t-statistic for E/A is –4.1 while the t-statistic for C/A is –3.9.  Thus, depreciation does not 

appear to augment the explanatory power of adjusted earnings. 

The operating income profitability variables, OI/A and OI/SALE, are reliably 

negatively related to returns as well; their average slopes are more than 3 standard errors 

from zero.  Finally, net income-to-stockholders’ equity, NI/SEQ, is also inversely 

correlated with returns (t = -2.24).  In summary, the inverse relationships between 

profitability variables and returns suggest that investors assign higher discount rates to 

lower profitability firms.  This result seems to stand up to different ways of defining 

profitability. 

                                                 
37 Note that since C2 is only available since 1987, inferences are based on 120 months for 
variables that contain C2, compared with 216 months for variables that contain C and E.  
Hence, the low correlation between C2-variables and returns may be attributable to the 
shorter sample period.  This issue is explored further in Section C of this chapter. 
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Leverage and Interest Coverage – Neither of the two leverage variables, A/BE 

and DT/BE, have explanatory power in the cross-section of returns.  These results are 

surprising, considering that Fama and French (1992) find that A/BE is highly negatively 

correlated with returns in the July 1963 to December 1990 period (t = -5.34).  However, 

further analysis shows that A/BE has explanatory power only when the ratio of total 

assets to the market value of equity (A/ME), which is strongly correlated with A/BE, is 

included in the regression (see the bottom of Table 2).38  Thus, the Fama and French 

leverage result appears to be a consequence of collinearity, since collinearities between 

explanatory variables can severely distort their slope estimates.  Specifically, collinearity 

can cause slope estimates to be too large and have the wrong sign, which seems to be the 

case for the regression that contains both A/BE and A/ME.39 40 

In contrast to the leverage measures, the interest coverage variable, OI/XINT, is 

reliably negatively related to returns.  Its average slope is 3.6 standard errors from zero.  

This result indicates that firms with the lowest interest coverage multiples are given the 

highest discounts.  This result is not consistent with the findings of Haugen and Baker 

(1996), which indicate that OI/XINT is uncorrelated with returns.  A potential 

explanation is as follows (this is also discussed in Section B of Chapter III).  Haugen and 

Baker test interest coverage in a multivariate model in which interest coverage is highly 

                                                 
38 The average cross-sectional correlation between A/BE and A/ME is 0.55. 
39 See Chapter 27 of Mason, Gunst and Hess (1989). 
40 Note that Bhandari (1988) also tests the explanatory power of leverage in the cross-section 
of returns.  However, leverage is defined as the ratio of debt to the market value of equity 
(DT/ME).  Therefore, the result in Bhandari, which suggests that leverage is positively 
correlated with returns, is not comparable to the results of the leverage tests in this study and 
Fama and French (1992). 
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correlated with other explanatory variables in the model.  Hence, Haugen and Baker’s 

estimated return premium may be influenced by collinearity.  Additional tests with 

Haugen and Baker’s methodology (not shown) indicate that interest coverage has no 

explanatory power.  This suggests that Haugen and Baker’s interest coverage result may 

be due to collinearity. 

Growth – The three growth-in-size variables, GA, GEMP and GSALE, are 

reliably positively correlated with returns.  Their average slopes are between 3.6 and 6.4 

standard errors from zero.  The growth variables are defined as the weighted-average 

rank of the prior three years of growth in assets, number of employees and sales.  Firms 

are ranked in ascending order, which means that firms with the highest growth rates have 

the highest values for GA, GEMP and GSALE.  Thus, the negative relationship between 

the growth variables and returns indicates that firms that have experienced the slowest 

growth in their size during the most recent three-year period are discounted at the highest 

rate.  The GSALE result is consistent with the sales growth result in Lakonishok, 

Schleifer and Vishny (1994) and Fama and French (1996).  These studies document that 

that growth in the past five years of sales is negatively correlated with returns (slower 

sales-growth firms are associated with higher returns). 

 

Price-based variables 

 

 BE/ME and ME – Fama and French (1992) find that BE/ME and ME are 

important explanatory variables for the cross-section of returns for the July 1963 to 
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December 1990 period.  In univariate Fama-MacBeth regressions, the average slope for 

BE/ME has a t-statistic of 5.51, and the average slope for ME has a t-statistic of –2.58.  

Hence, in their study, BE/ME plays a stronger role in returns than ME.  The results in 

Table 2 are similar, except that ME (t = -5.72) is almost as strongly correlated with 

returns as BE/ME (t = 6.45). 

In the regressions, each explanatory variable is expressed in terms of its cross-

sectional ranking and then scaled to lie between zero and one.41  Hence, the slopes in 

Table 2 measure the ranges in returns, or premia, associated with the explanatory 

variables.  This transformation allows the premia of the different explanatory variables to 

be directly compared. 

Note that the premia may seem large, particularly in comparison to the BE/ME 

and ME premia documented by Fama and French (1993, 1996), Daniel and Titman 

(1997) and others.  This is because of the differences in how the premia are computed.  In 

the Fama and French and Daniel and Titman studies, BE/ME and ME premia are the 

average difference in returns between two large portfolios.  Specifically, the BE/ME 

premium is the average return spread between the 30% of all firms in the cross-section 

with the highest BE/ME values and the 30% with the lowest BE/ME values and the ME 

premium is the average return spread between the 50% of all firms with the lowest ME 

and the 50% with the highest ME.  In comparison, a premium in Table 2 is the average 

                                                 
41 Recall that the growth variables are defined as weighted-average of the ranks of the most 
recent two years of growth, where the ranks are scaled to lie between 0 and 1 and the weights 
sum to 1.  Hence, the slopes of the growth variables are comparable to the slopes of the other 
explanatory variables. 
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predicted return spread between the firm with the highest value of the explanatory 

variable and the firm with the lowest value of the explanatory variable.  Thus, the 

premium is the average predicted range of the cross-section of returns generated by the 

explanatory variable.  Therefore, while the BE/ME and ME premia of prior studies reflect 

a portion of the range in returns associated with these variables, a premium in Table 2 

represents the complete range of returns associated the explanatory variable. 

  

C. Seasonal Patterns in Expected Return Premia 

 

 Prior empirical studies find evidence of seasonal patterns in returns.  Keim (1983) 

and Ross (1983) find that the return spread between small- and big-ME firms is highest in 

January.  Fama and French (1992) find that the average January Fama-MacBeth 

regression slope for BE/ME is about twice that for February to December (although 

BE/ME remains highly correlated with returns throughout the entire calendar year).  

Daniel and Titman (1997) get similar results for BE/ME and ME.  Chan, Karceski and 

Lakonishok (1998) find evidence of similar January effects related to earnings yield 

(E/ME), dividend yield and cash-flow-to-price (C/ME).  However, they also find that the 

return spread on ME reverses towards the end of the year; large-ME firms earn higher 

returns than small-ME firms in December.  In addition, low-BE/ME stocks have higher 

returns than high-BE/ME stocks in December, which is the reverse of the usual BE/ME-

returns relationship. 
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 Table 3 presents conditional average slopes of the Fama-MacBeth regressions.  

For each explanatory variable in Table 2, the time-series averages of the slopes are 

computed separately for two calendar seasons: (i) January to September, and (ii) October 

to December.  These seasons are chosen after inspecting the average slopes estimated 

separately for each calendar month, which are shown in the Appendix (Table A.2).  

Within each of these two seasons, average slopes appear to have the same patterns. 

Between January and September, the earnings (adjusted earnings, net income and 

operating income) versions of profitability are negatively correlated with returns.  The 

relationships are reversed between October and December, when the earnings 

profitability variables are positively correlated with returns.  The year-end relationships 

appear to be robust; the earnings profitability variables are reliably positively correlated 

with returns towards the end of the year in spite of the lower power of the Fama-MacBeth 

test when the sample period is reduced from the full sample of 216 months to 54 months 

of Octobers, Novembers and Decembers.  Thus, throughout most of the calendar year, 

low-profitability firms have higher returns relative to high-profitability firms whereas 

towards the end of the year, low-profitability firms have lower returns relative to high-

profitability firms.  The relationships between the cash flow (adjusted earnings plus 

depreciation and net cash flow from operations) versions of profitability and returns 

exhibit the identical seasonal pattern; the cash flow profitability variables are negatively 

correlated with returns in the first three quarters of the calendar year and positively 

correlated with returns in the last quarter. 
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Similar seasonal variation is present in the relationship between accounting firm 

size variables and returns.  The firm size variables are negatively correlated with returns 

between January and September and positively correlated with returns between October 

and December.42  Hence, in the first three quarters, small firms have higher returns than 

large firms and in the last quarter, small firms have lower returns than large firms. 

The relationship between interest coverage and returns also exhibits this seasonal 

pattern.   Interest coverage has a negative relationship with returns in the first season and 

a positive relationship with returns in the second season.  Thus, in the first season, low-

coverage firms have higher returns than high-coverage firms whereas in the second 

season, low-coverage firms have lower returns than high-coverage firms. 

Book value of total debt-to-equity (DT/BE) is uncorrelated with returns between 

January and September, and negatively correlated with returns between October and 

December.  Therefore, in the last quarter of the year, high-leverage firms are associated 

with lower returns than low-leverage firms. 

Between January and September, the size growth variables (growth of assets, 

number of employees and sales) are negatively correlated with returns.  Hence, in the first 

three quarters of the year, firms that have grown more slowly in size over the prior three 

years have higher returns than firms that have grown more quickly.  Between October 

                                                 
42 There are two exceptions: EMP is only marginally negatively related to returns in the first 
season and BE is unrelated to returns in the second season. 
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and December, there is no statistically detectable relationship between the growth 

variables and returns.43 44 

It is worth noting that in the January-to-September calendar season, most 

variables’ January premia are significant and larger than their premia in each of the other 

calendar months between February and September (Table A.2 in the appendix).  

However, most variables’ premia are also significant in at least some of the calendar 

months between February and September, in spite of the low power of the test statistics 

caused by relatively small sample sizes (as discussed in the preceding chapter, for each 

calendar month, 18 observations are used to test the premia of non-growth variables and 

15 observations are used to test the premia of growth variables).  It therefore appears 

unlikely that the January premia alone are responsible for the significance of variables in 

the January-to-September season. 

A comparison of the unconditional (full-year) and conditional (seasonal) results 

reveals that some of the variables that are unconditionally uncorrelated with returns are 

correlated with returns during at least part of the calendar year.  In particular, operating 

cash flow measures of size and profitability are unconditionally uncorrelated with returns, 

but are negatively correlated with returns in the first three quarters and positively 

                                                 
43 Specifically, in the last quarter, the growth variables continue to be negatively related to 
returns, but the relationships are not statistically significant.  Of the three growth variables, 
the one with the strongest relationship with returns, GA, has a p-value of 0.13. 
44 It is possible that growth continues to be negatively correlated with returns in the last 
quarter of the calendar year and that the Fama-MacBeth test indicates a lack of explanatory 
power because the test uses only a relatively small sample period of 45 months and hence has 
low power.  However, even if growth continues to have explanatory power in the last quarter, 
the average slopes of the growth variables indicate that the premium that slow-growth firms 
earn is lower in the last quarter than in the first three quarters. 
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correlated with returns in the last quarter.  Similarly, net sales has no unconditional 

explanatory power, but is negatively correlated with returns in the first three quarters and 

positively correlated with returns in the last quarter.  In addition, number of employees 

has no unconditional explanatory power, but is positively correlated with returns in the 

last quarter.  Finally, book value of total debt-to-equity has no unconditional explanatory 

power but is negatively correlated with returns in the last quarter.  These results, which 

do not appear to be documented in prior studies, indicate that the lack of unconditional 

explanatory of these variables is attributable to offsetting return relationships in the two 

seasons of the calendar year.  In general, it appears that a variable’s unconditional return 

premium may conceal the variable’s relationship with returns and therefore that the 

determinants of investors’ opinions should be identified based on their conditional, or 

seasonal, return premia.45 

                                                 
45 The finding that seasonality may cause a variable’s all-year return premium to obscure the 
variable’s relationship with returns may explain one of the results in Chan, Karceski and 
Lakonishok (1998).  The authors find that firm variables that have highly variable return 
premia are not necessarily associated with large average return premia (are not necessarily 
priced).  In particular, over the full calendar year, the return premia for dividend yield and the 
market value of equity are highly variable but low on average.  The authors conclude that 
there are variables associated with return covariation that are not priced and therefore that 
different factor models may be needed to (1) predict the variation in returns of portfolios and 
(2) to predict the average returns of portfolios.  It is possible, however, that seasonality may 
cause these variables to appear unpriced, even if they are priced.  Specifically, offsetting 
relationships between the variables and returns in different calendar seasons may cause the 
variables’ full-year average premia to be low even if the premia are large in magnitude 
throughout the calendar year.  This explanation is supported by additional tests in Chan, 
Karceski and Lakonishok, which indicate that the premia for dividend yield and the market 
value of equity are positive in January and negative in December.  This is preliminary 
evidence and further tests would be needed to determine whether these variables have large 
premia throughout the calendar year. 
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One potential explanation for the seasonalities in the estimated risk premia of 

many of the non-price variables is the tax-loss selling hypothesis.  In order for portfolio 

losses to offset taxable gains, institutional investors must realize losses by the end of 

October, and individual investors must realize losses by the end of December (1986 Tax 

Law Reform Act).  Hence, investors are motivated to rebalance their portfolios by selling 

losing stocks in the period starting prior to the end of October and continuing until the 

end of December (this period is known as the tax-loss-selling season).  This selling 

pressure will cause the prices of losing stocks to decline between October and December.  

The selling pressure is relieved at the beginning of the year, causing the prices of losing 

stocks to rebound in January (for recent discussions of tax-loss selling, see Grinblatt and 

Moskowitz (1999) and Bhabra, Dhillon and Ramirez (2000)). 

If the losing stocks tend be small with low profitability, then small, low-

profitability stocks will have negative returns between October and December and 

abnormally large positive returns in January.  Therefore, firm size and profitability will 

have positive premia between October and December and abnormally large negative 

premia in January.  These predictions are consistent with the seasonal patterns in the 

estimated premia for size and profitability documented in Table 3.  They are also 

consistent with the large negative January premia (relative to the February-to-September 

premia) for size and profitability in Table A.2. 

Another potential explanation, first articulated by Lakonishok, Shleifer, Thaler 

and Vishny (1991), is the window dressing hypothesis.  Institutional money managers are 

reluctant to produce yearend reports that list stocks that have declined in value or are 
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perceived to be low quality.  Therefore, money managers are motivated to sell off losing 

or perceived low-quality stocks prior to the end of the calendar year.  Again, this selling 

pressure causes the prices of the sold-off stocks to decline towards the end of the calendar 

year.  The selling pressure is relieved at the beginning of the next calendar year, causing 

prices to bounce back in January.  If the sold-off stocks tend to be small with low 

profitability, then firm size and profitability will have positive premia towards yearend 

and large negative premia in January. 

Overall, the Fama-MacBeth regressions indicate that, during at least part of the 

calendar year, investors’ opinions depend on (i) adjusted earnings, operating profit, net 

income and cash flow (both adjusted earnings plus depreciation and operating cash flow) 

versions of profitability, (ii) firm size, (iii) growth of firm size, (iv) interest coverage and 

(v) leverage. 

Finally, there is also evidence of seasonal variation in the estimated premia of the 

price-based variables.  ME is strongly negatively correlated with returns between January 

and September while there is no discernible relationship between ME and returns 

between October and December.  BE/ME is strongly positively correlated with returns in 

the first three quarters and marginally (p-value = 0.06) positively correlated in the last 

quarter. 

The seasonal variation in the estimated risk premia of ME and BE/ME may be 

attributable to the seasonality in the estimated risk premia of the non-price variables.  The 

seasonal changes in the premia of ME may be explained by the seasonal variation in the 

premia of non-price measures of firm size, because ME and non-price size measures are 
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highly (positively) correlated.  The seasonal changes in the premia of BE/ME may be 

attributable to seasonal variation in the premia of the determinants whose risk 

information is summarized by BE/ME.  Specifically, since BE/ME is measured once a 

year, if BE/ME summarizes the information from several determinants, the seasonality in 

the BE/ME-premia may be caused by a seasonal change in the premia of one of the 

determinants.46 

 

D. Correlations Between The Determinants 

 

It is likely that a number of the determinants of expectations are redundant 

because they repeat a substantial part of the information contained in other determinants.  

For example, most of the earnings and cash flow versions of profitability are correlated 

with returns.  Given the similarities in their definitions, it is probable that there is a high 

degree of information overlap between them.  Therefore, a subset of determinants that 

contribute approximately independently to the formation of expectations must be 

selected. 

                                                 
46 For example:  BE/ME is measured at the end of June of each year.  Assume that BE/ME 
summarizes the information in profitability and growth and that at the end of June, BE/ME is 
negatively associated with profitability and growth.  Between January and September, 
profitability and growth are negatively correlated with returns.  Therefore, BE/ME will be 
positively correlated with returns.  Between October and December, profitability is positively 
correlated with returns while growth tends to be negatively associated with returns.  
Therefore, the correlation between BE/ME and returns will reflect the offsetting relationships 
between profitability and returns and growth and returns.  Thus, the relationship between 
BE/ME and returns, and hence the magnitude of the BE/ME-premia, may not be the same in 
the two calendar seasons. 
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 The subset selection procedure must account for the seasonality in estimated 

premia discussed in the previous section.  The seasonal variation in the average slopes of 

the fundamental variables documented in Table 3 indicates that the fundamental 

variables’ unconditional (year-round) average slopes and t-statistics displayed in Table 2 

may obscure the variables’ explanatory power.  Specifically, if a fundamental variable’s 

estimated monthly slopes vary seasonally, then its unconditional average slope, which 

combines slopes from the two seasons, will not accurately measure its estimated premium 

in either season.  Therefore, the variable’s unconditional average slope and t-statistic will 

not accurately estimate its explanatory power.  For example, the unconditional results in 

Table 2 suggest that SALE is unrelated to returns (t = -1.3).  However, the conditional 

results in Table 3 suggest that SALE has explanatory power for returns in both the 

January-to-September season (t = -2.6) and the October-to-December season (t = 3.7).  

This suggests that the insignificant unconditional result is due to offsetting return effects 

in the two different seasons of the year.47  Therefore, determinants are selected on the 

basis of their seasonal average slopes (and t-statistics) and hence a separate subset of 

determinants is assembled for each of the January-to-September and October-to-

December seasons.   

The subsets are constructed by computing cross-sectional pairwise correlation 

coefficients between each pair of determinants (variables in Table 3 that explain returns) 

and selecting determinants that are not highly correlated with one another.  Two 

                                                 
47 Examples of other variables that have explanatory power in each season but no apparent 
unconditional explanatory power due to offsetting return effects are variables that contain C2 
and C/BE. 
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determinants with a pairwise correlation of 0.50 or greater in magnitude are considered 

highly correlated.48  Table 4 reports the time-series averages of the 18 annual coefficients 

from the 1980 to 1997 period for these variables.  As in the regression tests, each variable 

is expressed in terms of its standardized cross-sectional ranking before correlations are 

estimated.  Thus, the correlation coefficients in Table 4 are the equivalent of Spearman’s 

rank correlation coefficients computed on the original characteristics.49 

 The firm size variables, A, BE, C and E, are highly cross-sectionally correlated, 

with average annual pairwise correlations of at least 0.63.  Thus, there is considerable 

information overlap between these size variables. 

The adjusted earnings versions of profitability, E/A, E/BE, E/EMP and E/SALE, 

are also strongly related to each other.  The minimum average pairwise correlation is 

0.79.  This is not surprising, given that the variables used to scale adjusted earnings are 

themselves highly correlated, with average correlations of at least 0.60.  Similarly, the 

cash flow profitability variables, C/A, C/BE, C/EMP and C/SALE, are highly correlated 

(at least 0.68), as are the operating income profitability variables, OI/A and OI/SALE (at 

least 0.71).  The relationship across these three classes (E, C and OI) of profitability 

variables is also strong.  All of the different adjusted earnings, cash flow and operating 

                                                 
48 In preliminary tests (not shown), pairs of determinants with correlations of less than 0.50 
do not appear to exhibit symptoms of collinearity in multivariate regressions.  In 
conventional regressions, symptoms of collinearity are at least one of the following: (i) Slope 
estimates that are much too large, (ii) slope estimates that have the wrong sign and (iii) 
standard errors of slope estimators that are severely inflated.  In the Fama-MacBeth tests used 
here, the symptoms are (i) and (ii), since these tests use slope estimates, but not their standard 
errors. 
49 I also computed Pearson’s correlation coefficients for the original values of the 
determinants.  The average Spearman’s and Pearson’s coefficients are similar. 
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income versions of profitability are highly correlated with one another.  The minimum 

correlation is 0.63 between C/EMP and OI/A and between C/SALE and OI/A, and the 

maximum correlation is 0.94 between E/A and C/A.  The final profitability variable, net 

income-to-stockholders’ equity (NI/SEQ), is strongly related to all of the other versions 

of profitability.  Its lowest correlation is with C/EMP and C/SALE (0.66) and its highest 

correlation is with E/BE (0.94). 

It is not surprising that the correlations across the profitability categories are 

strong, since adjusted earnings, cash flow, operating income and net income are related to 

each other.  Adjusted earnings is operating income minus interest expense, non-operating 

expense, income tax, minority interest, and preferred dividends, plus special items and 

deferred taxes.  Net income is adjusted earnings plus extraordinary items and 

discontinued operations, minus deferred taxes.  Cash flow is adjusted earnings plus 

depreciation.  Hence, these variables are different ways of measuring income and 

therefore contain similar information. 

Finally, the three size-growth variables, GA, GEMP, and GSALE, are strongly 

related to each other.  The lowest correlation is 0.69 between GA and GEMP and the 

highest correlation is 0.72 between GEMP and GSALE. 

There are also strong relationships across the different categories of determinants 

of expectations.  Two size variables, C and E, are highly correlated with all of the 

profitability ratios.  The minimum correlation is 0.62 between C and OI/SALE, and the 

maximum correlation is 0.77 between E and E/EMP.  Interest coverage (OI/XINT), 

which is the ratio of operating income to interest expense, is highly correlated with all of 
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the different versions of profitability.  Its lowest correlation of 0.58 is with C/EMP and its 

highest correlation of 0.86 is with OI/A.  In addition, it is strongly correlated with two 

size variables, C (0.58) and E (0.65). 

The average correlation coefficients in Table 4 show that most of the determinants 

are strongly related to each other.  However, there are determinants that contain 

information that is not already contained in other determinants.  Specifically, the 

profitability variables are not strongly correlated with two measures of size, A and BE.  

For example, the correlation between OI/A and A is 0.26.  Nor is profitability strongly 

related to size-growth; the correlation between E/EMP and GEMP is -0.18.  Furthermore, 

there is little overlap between size and past growth in firm size.  The correlation between 

BE and GSALE is –0.06. 

For each season, the estimated premia in Table 3 and the pairwise correlations in 

Table 4 are used iteratively to select a subset of determinants that are not highly 

correlated with one another.  Specifically, a determinant that has high power to explain 

returns is selected and the other determinants that are highly correlated with it are 

eliminated.  This is repeated until all the fundamental variables in Table 4 for the season 

being considered are either selected or eliminated. 

For the January-to-September season, this selection procedure yields BE, E/A and 

GEMP.  The highest pairwise correlation between these variables 0.34 between BE and 

E/A.  For the October-to-December season, A, E/A and GA are selected.  The highest 

correlation between these variables is 0.38 between E/A and GA.  These results suggest 

that the determinants of investors’ opinions vary across seasons.  However, the two 
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subsets of determinants are similar; they both contain a measure of firm size, profitability 

and prior growth in firm size.  In summary, the findings suggest that (i) the determinants 

of opinions vary seasonally and (ii) in spite of the seasonal variation, the determinants in 

the two seasons are similar; in both seasons, investors depend on size, profitability and 

growth to form opinions of risk. 

 

E. A Multivariate Model of Expectations 

 

In this section, a multivariate regression model of the cross-section of returns is 

estimated for each subset of determinants (that is, in each season) in order to pursue two 

goals.  The first goal is to establish whether, after adjusting for the relationships between 

them, the determinants continue to be important explanatory variables for returns.  In 

each season, the determinants are individually important for explaining returns.  

However, the determinants are related to each other.50  Hence, it is possible that a 

determinant’s individual relationship with returns is attributable to its relationship with 

the other determinants.  It is therefore of interest to measure each determinant’s 

relationship with returns after accounting for its relationships with the other determinants.  

In other words, it is of interest to assess each determinant’s marginal importance for 

explaining returns relative to its co-determinants. 

                                                 
50 Although the determinants in each season are not highly correlated with each other, they 
are not necessarily uncorrelated. 
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One way to address this issue is by examining the determinants’ slopes from a 

multivariate model of returns.  A determinant’s multivariate slope measures the return 

change due to a change in the determinant’s value after adjusting for return changes due 

to associated changes in the values of the other determinants.  Stated another way, 

multivariate slopes contain adjustments for the common variation among the 

determinants and hence may be used to measure the incremental importance of the 

determinants relative to each other. 

 The second goal is to determine whether there are extreme collinearities between 

the determinants in each subset.  In each subset, the determinants are not highly pairwise 

correlated.  Therefore, acute collinearities between any two determinants are unlikely.  

However, it is still possible that that there are severe collinearities between the three 

determinants.  In particular, it is possible that one of the determinants depends strongly 

on a linear combination of the other two, even though it is not highly pairwise correlated 

with either of the other two determinants.  Furthermore, the exclusion of determinants 

that have pairwise correlations of 0.50 or greater in absolute value does not guarantee the 

elimination of two-variable collinearities, since the cutoff of 0.50 is informally selected.  

However, this possibility seems unlikely, since this cutoff is considerably more 

conservative than the cutoffs of 0.90 to 0.95 recommended by statistics textbooks (see, 

for example, Mason, Gunst and Hess (1989)).  The determinants’ multivariate slopes 

address this issue by allowing extreme collinearities to be diagnosed.  Specifically, if 

there are extreme collinearities, then the multivariate slopes will exhibit at least one of 

the following symptoms: (i) the magnitudes of the multivariate slopes will be severely 
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inflated relative to their corresponding univariate slopes and (ii) the multivariate slopes 

will have different signs relative to their univariate counterparts. 

As with the univariate regressions, the multivariate regressions employ the Fama-

MacBeth procedure to estimate and test risk premia.  For the January-to-October (first) 

season, returns are simultaneously regressed on BE, E/A and GEMP each month.  This 

produces a time-series of monthly slopes for each determinant.  The time-series averages 

of the slopes provide estimates of the expected risk premia and Fama-MacBeth t-statistics 

are used to test whether these premia are reliably non-zero.  Note that, as is the case for a 

determinant’s multivariate slope, a determinant’s Fama-MacBeth t-statistic is 

conditional—it tests whether a determinant’s expected premium is non-zero, after 

adjusting for its common variation with the other determinants.  For the October-to-

December (second) season, this procedure is repeated, except that returns are regressed 

on SALE, E/A and GA.  The results are shown in Table 5. 

Panel A exhibits the results for the January-to-September season.  The magnitude 

of the conditional premium for BE is similar to the magnitude of its unconditional 

premium, while the magnitudes of the conditional premia for E/A and GEMP are 

approximately one-third smaller than the magnitudes of their unconditional counterparts.  

The conditional premia of all three determinants have the same sign as their 

unconditional versions and maintain their statistical significance.  Panel B displays the 

results for the October-to-December season.  The magnitudes of the conditional premia 

for E/A and SALE are comparable to the magnitudes of their unconditional premia, while 

the magnitude for GA is almost twice as large as the magnitude of its unconditional 
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version.  As in the first season, the conditional premia of all three determinants have the 

same sign as their unconditional counterparts and maintain their statistical significance. 

The interpretation of these findings is as follows.  (i) With the possible exception 

of the premium for GA in the second season, the premia do not show evidence of acute 

collinearities.  The conditional premium for GA of -3.2 is substantially different than its 

unconditional premium of -1.7.  It is possible that this difference is caused by a 

collinearity problem involving GA.  However, the average R2 value of annual regressions 

of GA on E/A and SALE (not shown) is 0.14, which indicates that GA is not strongly 

collinearly related to E/A and SALE.  Thus, it appears that the larger magnitude of the 

conditional premium for GA is attributable to the common variation between GA and the 

other determinants.  In summary, there appear to be no serious collinearities between the 

determinants.  (ii) The differences between conditional and unconditional premia that are 

exhibited by some determinants suggest that these determinants’ unconditional 

relationships with returns depend to some extent on their relationships with other 

determinants.  (iii) Finally, the statistical significance of the premia suggests that the 

determinants remain important explanatory variables for the cross-section of returns after 

controlling for the common variation between them.  In general, the main conclusions 

from the earlier tests, that in each season the selected determinants are independent 

determinants of investors’ expectations, remain unchanged in a multivariate 

environment.51 

                                                 
51 Note that additional multivariate regression tests (not shown) indicate that neither 
multivariate seasonal model is superior to the other in terms of explanatory power in both 

138 



 

F. A Comparison of the Explanatory Power of Price-Based Variables and 

Fundamental Determinants 

 

One of the goals of this study is to measure the importance of accounting 

disclosures for determining investors’ expectations of risk relative to non-accounting 

information.  This is pursued by comparing the explanatory power for the cross-section of 

returns of price-based and fundamental variables.  If stock prices summarize investors’ 

opinions of risk, then price-based variables will contain the risk information from all of 

the determinants of opinions.  Therefore, the explanatory power of price-based variables 

will subsume the explanatory power of all of the determinants of opinions.  This 

implication is supported by evidence from prior research that indicates that the 

explanatory power of price-based variables subsumes the explanatory power of 

fundamental variables.  This suggests that the difference in explanatory power between 

price-based and fundamental variables measures the common variation in returns that is 

left unexplained by accounting disclosures.  If accounting disclosures leave relatively 

little or no cross-sectional variation in returns unexplained, then accounting disclosures 

contain essentially all of the information that investors base their opinions on.  On the 

other hand, if accounting disclosures leave a relatively large amount of variation 

                                                                                                                                                 
seasons.  This supports the findings in the previous section that there are different 
determinants of expectations in the two seasons. 
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unexplained, then an important part of investors’ opinions are based on information not 

found in accounting disclosures. 

The difference in explanatory power between price-based and fundamental 

variables is computed as the difference between the estimated monthly return premia of 

the two classes of variables.  The monthly premia associated with the fundamental 

variables are estimated with the returns of a mimicking portfolio designed to capture the 

variation in returns associated with BE, E/A and GEMP in the January-to-September 

season and SALE, E/A and GA in the October-to-December season.  It is formed by 

buying the decile of stocks with the highest fundamental expected returns and selling 

short the decile of stocks with the lowest fundamental expected returns.  A stock’s 

fundamental expected return is computed by summing the products of the stock’s 

individual fundamental variable values and the fundamental variables’ forecasted 

payoffs.  The monthly premia associated with the price-based variables are estimated 

with the returns of a mimicking portfolio designed to capture the dispersion in returns 

associated with BE/ME, ME, MOM2-12 and MOM13-24 in both calendar seasons. 

The actual returns and characteristics of the fundamental and price-based 

portfolios are presented in Table 6.  The numbers are averages from the 1983 to 1999 

sample period.  Panels A and B show the attributes of the fundamental deciles and long-

short (mimicking) portfolios for the January-to-September and October-to-December 

seasons, respectively.  Decile 1 contains the stocks with the lowest fundamental expected 

returns while decile 10 contains the stocks with the highest fundamental expected returns.  

In the first season, between decile 1 and decile 10, stocks’ rates of profitability and size 
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growth systematically decrease.  In addition, between decile 1 and decile 10, stocks 

systematically become smaller.  In the second season, between decile 1 and decile 10, 

stocks’ rates of profitability systematically increase and their rates of size growth tend to 

increase.  Also, stocks systematically become larger between deciles 1 and 10. 

These patterns in the average fundamental characteristics across the deciles are 

attributable to the fact that the fundamental deciles are formed by sorting stocks by their 

combined exposure to fundamental variables.  Specifically, stocks are assigned to 

portfolios by the weighted average of their values of the fundamental variables.  The 

fundamental variables’ weights are their forecasted payoffs.  Therefore, the directions of 

the relationships between the fundamental variables and fundamental expected return-

deciles depend on the signs of the forecasted payoffs.  Since realized and forecasted 

payoffs are correlated, the relationships between the fundamental variables and the 

deciles depend on the signs of the realized payoffs.52  In the first season, the realized 

payoffs of the fundamental variables (displayed in Table 4) are negative and hence there 

are negative relationships between the fundamental variables and the deciles.  In the 

second season, the payoffs of size and profitability are positive and the payoff for size 

growth is negative.  Thus, there are positive relationships between profitability and size 

and the deciles and a negative relationship between size growth and the deciles.  The 

relationships between the fundamental variables and the deciles also depend on the 

magnitude of the forecasted (and hence realized) payoffs and on the common variation 

                                                 
52 The pattern in the realized returns of the fundamental decile portfolios (discussed next) 
suggests that forecasts of monthly payoffs to the fundamental variables are correlated with 
realized monthly payoffs estimated from cross-sectional regressions. 
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between the fundamental variables.  Generally, the greater the magnitude of a 

fundamental variable’s payoff and the lower the correlation with other fundamental 

variables (depending on the direction of the relationship), the stronger is the relationship.  

In summary, the relationships between fundamental variables and fundamental expected 

returns are a consequence of the sign and magnitude of the variables’ payoffs as well as 

the relationships between the variables. 

Panels A and B also display the results of measuring the actual returns of the 

fundamental decile portfolios.  In the first season, between decile 1 (low-expected 

returns) and decile 10 (high-expected returns), realized stock returns increase 

systematically.  The average return of the fundamental long-short portfolio, which is the 

average return spread between decile 1 and decile 10 and estimates the premium 

attributable to the fundamental variables, is 253 basis points per month.  In the second 

season, realized stock returns also increase systematically between decile 1 and decile 10 

and the average return of the fundamental long-short portfolio is 372 basis points per 

month.  In both seasons, t and sign-rank tests indicate that the average return of the 

fundamental long-short portfolio is significant.  These findings suggest that fundamental 

expected returns have predictive power for future realized returns in both seasons of the 

calendar year and are consistent with the results of the Fama-MacBeth regression tests 

documented in Section E of this chapter, which suggest that, in each season, the 

fundamental variables in the multivariate model have cross-sectional explanatory power. 

Note the difference in the ranges of returns attributable to the fundamental 

variables in the two seasons.  In the first season, average monthly returns range from 138 
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basis points for decile 1 to 391 basis points for decile 10.  In the second season, average 

monthly returns range from –261 basis points for decile 1 to 111 basis points for decile 

10.  A potential explanation for this shift in the ranges is based on a change in demand for 

small, low-profitability stocks between seasons.  Small, low-profitability stocks have 

high monthly returns in the first season (391 basis points) and low monthly returns in the 

second season (-261 basis points).  Large, high-profitability stocks have comparable 

monthly returns in both seasons (138 and 111 basis points in the first and second seasons, 

respectively).  This suggests that the demand for small, low-profitability stocks decreases 

between the first and second seasons while the demand for large, high-profitability stocks 

remains stable.  Such a demand pattern may be caused by tax-loss-selling or window-

dressing. 

Panels C and D display the attributes of the price-based deciles and long-short 

portfolios for the first and second seasons, respectively.  Decile 1 contains the stocks with 

the lowest price-based expected returns while decile 10 contains the stocks with the 

highest price-based expected returns.  In the first season, between decile 1 and decile 10, 

stocks’ market values of equity decrease systematically and their book-to-market equity 

ratios increase systematically.  In addition, the returns of stocks measured over the period 

starting 24 months prior to portfolio formation and ending 13 months prior to formation 

decrease systematically between decile 1 and decile 10, while there is no apparent 

relationship between the expected return deciles and stocks’ returns from the 12- to 2-

month period before formation.  In the second season, between decile 1 and decile 10, 

stocks’ market values of equity increase systematically, while there is no apparent 
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relationship between the expected return deciles and stocks’ book-to-market equity ratios.  

Also, stocks’ returns from the 24- to 13-month period and the 12- to 2-month period 

before portfolio formation increase systematically between decile 1 and decile 10. 

Similar to the fundamental characteristics, the patterns in the average price-based 

characteristics across the deciles are attributable to the fact that price-based portfolios are 

constructed by grouping stocks by their weighted average exposure to price-based 

variables.  Specifically, the inconsistent relationship between price-based expected 

returns and average portfolio values of 2- to 12-month prior returns in the first season 

may be due to the low average payoff of MOM2-12 in this season.  The inconsistent 

relationship between price-based expected returns and average portfolio values of book-

to-market equity in the second season may be attributable to the correlation between 

BE/ME and the other price-based variables in this season. 

Panels C and D also summarize the actual returns of the price-based portfolios.   

In the first season, the realized returns of the price-based decile portfolios tend to increase 

between decile 1 (low-expected returns) and decile 10 (high-expected returns) and the 

average return of the long-short portfolio, which estimates the premium attributable to the 

price-based variables, is 311 basis points per month.  In the second season, realized 

returns also increase between deciles 1 and 10 and the average return of the long-short 

portfolio is 423 basis points per month.  According to t and sign-rank tests, the average 

return of the price-based long-short portfolio is significant in both seasons.  These results 

indicate that price-based expected returns predict future realized returns.  This is 

consistent with the evidence in the literature and in this study that the price-based 
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variables have incremental explanatory power for returns relative to each other.  As is the 

case for the fundamental variables, there is a shift in the range of returns attributable to 

the price-based variables between the two seasons, which may be attributable to a shift in 

the demand for the attributes of stocks. 

The main result in Table 6 is shown in Panels E and F, which contain the 

difference between the average returns of the price-based and fundamental long-short 

portfolios in the first and second season, respectively.  In the first season, the average 

return of the fundamental long-short portfolio is 253 basis points per month and the 

average return of the price-based long-short portfolio is 311 basis points per month (this 

information is repeated from Panels A and C).  This result suggests that accounting 

disclosures explain 80% of the common variation in the cross-section of returns.  The 

difference in average returns between the price-based and fundamental long-short 

portfolios, which estimates the amount of common variation in returns that is left 

unexplained by accounting disclosures, is 58 basis points per month or 719 basis points 

per year.53  T and sign-rank tests indicate that this difference is significant. 

In the second season, the average returns of the fundamental and price-based 

long-short portfolios are 372 and 423 basis points per month, respectively (Panels B and 

D).  Therefore, accounting disclosures appear to explain 88% of the variation in average 

returns.  The difference in average returns between the long-short portfolios is 51 basis 

                                                 
53 The difference in average returns between the fundamental and price-based mimicking 
portfolios also represents the incremental explanatory power of price-based variables relative 
to fundamental variables. 
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points per month or 629 basis points per year.  In contrast to the first season, the T and 

sign-rank tests indicate that this difference is not significant. 

In the previous analysis, the difference in explanatory power between price-based 

and fundamental variables is estimated with the difference in average returns between the 

price-based and fundamental mimicking portfolios.  The mimicking portfolios are 

constructed by buying the stocks in the decile with the highest expected returns and 

selling short the stocks in the decile with the lowest expected returns.  Next, to determine 

whether the results are sensitive to the number of quantiles, or groups, that the cross-

section of stocks is divided into, the difference in explanatory power is reestimated using 

mimicking portfolios that are constructed from quintiles and medians.  Specifically, the 

mimicking portfolios based on quintiles are formed by holding a long position in the 

quintile with highest expected returns and a short position in the quintile with the lowest 

expected returns.  Similarly, the mimicking portfolios based on the median are formed by 

holding a long position in the fifty percent of stocks with the highest expected returns and 

a short position in the fifty percent of stocks with the lowest expected returns. 

Table 7 displays the results.  Panel A shows the average returns of the decile 

portfolios and the long-short (mimicking) portfolios constructed from the extreme deciles 

for both fundamental and price-based variables.  These results are repeated from Table 6 

and discussed above.  They are included to facilitate a comparison of the results produced 

by the different mimicking portfolio formation methods. 

Panel B shows the average returns of the quintiles and the long-short portfolios 

constructed from the extreme quintiles for both fundamental and price-based variables.  
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In the first season, the average returns of the fundamental and price-based long-short 

portfolios are 181 and 216 basis points per month, respectively.  This suggests that 

accounting variables explain 84% of the common variation in returns.  The average return 

difference between the fundamental and price-based mimicking portfolios is 35 basis 

points per month.  According to T and sign-rank tests, this difference is significant.  In 

the second season, the average returns of the fundamental and price-based mimicking 

portfolios are 311 and 382 basis points per month, respectively.  This suggests that 

accounting disclosures explain 81% of the variation in average returns.  The average 

return difference between the mimicking portfolios of 72 basis points per month is 

significant. 

Panel C shows the average returns of the median groups and the median long-

short portfolios.  In the first season, the average returns of the fundamental and price-

based mimicking portfolios are 97 and 107 basis points per month, respectively, 

suggesting that accounting disclosures explain 91% of the variation in returns.  The 

average difference between the mimicking portfolios of 10 basis points per month is not 

significant.  In the second season, the average returns of the fundamental and price-based 

mimicking portfolios are 176 and 229 basis points per month, respectively.  Thus, 

accounting variables appear to explain 77% of the variation in returns.  The average 

difference between the mimicking portfolios of 53 basis points per month is significant. 

A comparison of the results in Panels A, B and C suggests that the estimated 

proportion of the common variation in returns that is explained by accounting disclosures 

and the statistical inferences about the amount of variation left unexplained by accounting 
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disclosures are sensitive to the quantiles used to construct the mimicking portfolios.  In 

summary, in the January-to-September season, accounting disclosures appear to explain 

between 81% and 91% of the variation in average returns.  T and sign-rank tests do not 

unambiguously indicate whether or not the difference in average returns between the 

fundamental and price-based mimicking portfolios is significant.  In the October-to-

December season, accounting disclosures appear to explain between 77% and 88% of the 

variation in average returns.  As in the first season, statistical tests do not provide 

unambiguous inferences about the difference in average returns between the fundamental 

and price-based mimicking portfolios. 

For a particular season, it is possible that the difference in average returns 

between the mimicking portfolios is significant.  This would suggest that accounting 

disclosures leave a significant proportion of the common variation in returns unexplained.  

Thus, in addition to relying on accounting disclosures to form opinions, investors would 

depend substantially on non-accounting information.  It is also possible that the 

difference in average returns is not significant.  This would indicate that accounting 

disclosures explain essentially all of the variation in average returns and hence represent 

essentially all of the information that investors use to form opinions.  Overall, the results 

suggest that accounting disclosures explain, at a minimum, the majority of the variation 

in returns. 

 Figure 1 plots the average returns of the price-based and fundamental decile 

portfolios.  It suggests a potential explanation for the sensitivity of the estimated 
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proportion of the common variation in returns explained by accounting disclosures to the 

quantiles used to construct the mimicking portfolios. 

 The estimated proportion of the variation in returns explained by accounting 

disclosures is computed as the ratio of the average return of the fundamental mimicking 

portfolio to the average return of the price-based mimicking portfolio.  The ratio of the 

average returns of the mimicking portfolios depends inversely on the difference in 

average returns between the price-based decile-10 portfolio (labeled P10 in Figure 1) and 

the fundamental decile-10 portfolio (F10), whether mimicking portfolios are constructed 

from deciles, quintiles or median groups.  However, the strength of the relationship 

between the ratio of the average returns of the mimicking portfolios and the difference in 

average returns between P10 and F10 depends on the quantiles used to construct the 

mimicking portfolios; the ratio of the average returns of the mimicking portfolios 

constructed from deciles has the strongest inverse dependence on the difference in 

average returns between P10 and F10 while the ratio of the average returns of the 

mimicking portfolios constructed from median groups has the weakest inverse 

dependence on the difference in average returns between P10 and F10. 

 Figure 1 shows that, in the first season, the difference in average returns between 

P10 and F10 is large relative to the difference in average returns between the price-based 

and fundamental decile portfolios for other deciles.  The fact that the ratio of the average 

returns of the mimicking portfolios constructed from deciles and median groups have 

respectively the strongest and weakest inverse dependence on a relatively large difference 

in average returns between P10 and F10 may explain why the ratio is the lowest for 
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mimicking portfolios constructed from deciles (81%) and the highest for mimicking 

portfolios constructed from median groups (91%). 

Figure 1 also shows that, in the second season, the difference in average returns 

between P10 and F10 is relatively small.  Analogously to the first season, the fact that the 

ratio of the average returns of the mimicking portfolios constructed from deciles and 

median groups have respectively the strongest and weakest inverse dependence on a 

relatively small difference in average returns between P10 and F10 may explain why the 

ratio is the highest for mimicking portfolios constructed from deciles (88%) and the 

lowest for mimicking portfolios constructed from median groups (77%). 

In the analysis in this section, the explanatory power of the fundamental variables 

is estimated with the returns of a mimicking portfolio that captures the dispersion in 

returns associated with the fundamental variables.  The mimicking portfolio is 

constructed by buying stocks with the highest fundamental expected returns and selling 

stocks with the lowest fundamental expected return.  Fundamental expected returns are 

computed by summing the products of the stocks’ individual values of the fundamental 

determinants and the fundamental determinants’ projected payoffs.  The results in Section 

E indicate that the fundamental determinants vary across the two seasons.   Specifically, 

the fundamental determinants are BE, E/A and GEMP in the January-to-September 

season and SALE, E/A and GEMP in the October-to-December season.  The mimicking 

portfolio formation procedure accounts for this seasonal variation in the fundamental 

determinants by computing fundamental expected returns with BE, E/A and GEMP in the 

first season and SALE, E/A and GA in the second season. 
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Next, the importance of controlling for seasonal variation in the fundamental 

determinants is evaluated as follows.  In each season, fundamental deciles are reformed 

after fundamental expected returns are computed with the fundamental determinants from 

the other season.  Hence, in the first season, deciles are formed on the basis of expected 

returns computed with SALE, E/A and GA (the second season’s determinants) and in the 

second season, deciles are formed on the basis of expected returns computed with BE, 

E/A and GEMP (the first season’s determinants).   

Then, in the first season, the explanatory power of the first season’s determinants 

is compared with the explanatory power of the second season’s determinants by 

comparing the average return of the fundamental long-short portfolio based on the first 

season’s determinants with the average returns of the fundamental long-short portfolio 

based on the second season’s determinants.  Similarly, in the second season, the 

explanatory power of the second season’s determinants is compared with the explanatory 

power of the first season’s determinants by comparing the average return of the 

fundamental long-short portfolio based on the second season’s determinants with the 

average returns of the fundamental long-short portfolio based on the first season’s 

determinants. 

Next, in the first season, the amount of the common variation in returns that is left 

unexplained by the first season’s determinants is compared to the amount of the common 

variation that is left unexplained by the second season’s determinants by comparing the 

difference in average returns between the price-based long-short portfolio and the 

fundamental long-short portfolio based on the first season’s determinants with the 
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difference in average returns between the price-based long-short portfolio and the 

fundamental long-short portfolio based on the second season’s determinants.  In the 

second season, an analogous procedure is used to compare the amount of the common 

variation in returns that is left unexplained by the second season’s determinants to the 

amount of the common variation that is left unexplained by the first season’s 

determinants.  Finally, the analysis is repeated by using quintiles and medians to form 

portfolios. 

The results are shown in Table 8.  Panel A contains the average returns of the 

decile portfolios and the long-short portfolios constructed from the extreme deciles for 

both sets of fundamental determinants for both seasons (in each season, the average 

returns of the portfolios based on that season’s determinants are repeated from Table 7).  

In the first season, the average return of the long-short portfolio that is based on BE, E/A 

and GEMP (the first season’s determinants) is 253 basis points per month.  The average 

return of the long-short portfolio that is based on SALE, E/A and GA (the second 

season’s determinants) is 227 basis points per month.  This suggests that the second 

season’s determinants explain 90% of the common variation in returns explained by the 

first season’s determinants.  In the second season, the average returns of the long-short 

portfolios based on the second and first season’s determinants are 372 basis points per 

month and 331 basis points per month, respectively.  This indicates that the first season’s 

determinants explain 89% of the common variation in returns explained by the second 

season’s determinants. 
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Panel B contains the average returns of the quintiles and the quintile long-short 

portfolios.   In the first season, the average returns of the long-short portfolios that are 

based on the first and second season’s determinants are 181 basis points per month and 

166 basis points per month, respectively.  Thus, the second season’s determinants appear 

to explain 91% of the variation in returns explained by the first season’s determinants.  In 

the second season, the average returns of the long-short portfolios based on the second 

and first season’s determinants are 311 basis points per month and 278 basis points per 

month, respectively.  Therefore, the first season’s determinants appear to explain 90% of 

the common variation in returns explained by the second season’s determinants. 

Panel C contains the average returns of the median groups and the median long-

short portfolios.  In the first season, the average returns of the long-short portfolios based 

on the first and second season’s determinants are 97 basis points per month and 85 basis 

points per month, respectively, suggesting that the second season’s determinants explain 

86% of the variation in returns explained by the first season’s determinants.  In the 

second season, the average returns of the long-short portfolios based on the second and 

first season’s determinants are 177 basis points per month and 160 basis points per 

month, respectively, indicating that first season’s determinants explain 91% of the 

common variation in returns explained by the second season’s determinants. 

 Panel D contains the difference in average returns between the price-based and 

fundamental long-short portfolios.  In each season, the average returns of the price-based 

long-short portfolio and the fundamental long-short portfolio based on that season’s 

determinants are repeated from Table 7.  The first row shows the results based on deciles 
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portfolios.  In the first season, the difference in average returns between the price-based 

long-short portfolio and the fundamental long-short portfolio based on BE, E/A and 

GEMP (the first season’s determinants) is 58 basis points per month.  The difference in 

average returns between the price-based long-short portfolio and the fundamental long-

short portfolio based on SALE, E/A and GA (the second season’s determinants) is 84 

basis points per month.  Both of these differences are statistically significant.  In the 

second season, the difference in average returns between the price-based long-short 

portfolio and the fundamental long-short portfolio based on the second season’s 

determinants is 51 basis points per month and the difference in average returns between 

the price-based long-short portfolio and the fundamental long-short portfolio based on the 

first season’s determinants is 92 basis points per month.  Neither of these differences is 

statistically significant. 

 The second row shows the results based on quintiles.  In the first season, the 

difference between the average returns of the price-based long-short portfolio and the 

fundamental long-short portfolio based on the first season’s determinants is 35 basis 

points per month.  The difference between the average returns of the price-based long-

short portfolio and the fundamental long-short portfolio constructed from the second 

season’s determinants is 50 basis points per month.  Both of these return differences are 

significant.  In the second season, the difference between the average returns of the price-

based long-short portfolio and the fundamental long-short portfolio constructed from the 

second season’s determinants is 71 basis points per month and the difference between the 

average returns of the price-based long-short portfolio and the fundamental long-short 
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portfolio based on the first season’s determinants is 104 basis points per month.  Both of 

these differences are significant. 

 The last row shows the results based on median groups.  In the first season, the 

average return difference between the price-based long-short portfolio and the 

fundamental long-short portfolio based on the first season’s determinants is 10 basis 

points per month.  The average return difference between the price-based long-short 

portfolio and the fundamental long-short portfolio based on the second season’s 

determinants is 23 basis points per month.  Neither of these differences is significant.  In 

the second season, the average return difference between the price-based long-short 

portfolio and the fundamental long-short portfolio based on the second season’s 

determinants is 52 basis points per month and the average return difference between the 

price-based long-short portfolio and the fundamental long-short portfolio based on the 

first season’s determinants is 69 basis points per month.  Both of these differences are 

significant. 

In summary, in the first season, SALE, E/A and GA (the second season’s 

fundamental determinants) explain between 86% and 91% of the variation in returns 

explained by BE, E/A and GEMP (the first season’s fundamental determinants).  

Although the second season’s determinants leave more common variation unexplained 

than the first season’s determinants, the statistical inferences about the amount of 

common variation left unexplained by the second season’s fundamental determinants are 

the same as the inferences about the amount of variation left unexplained by the first 

season’s determinants.  In the second season, the first season’s determinants explain 
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between 89% and 91% of the variation in returns explained by the second season’s 

determinants.  As in the first season, although the first season’s determinants leave more 

variation in returns unexplained than the second season’s determinants, the statistical 

inferences about the amount of variation left unexplained by the first and second season’s 

determinants are the same. 

A caveat applies to the results in this section.  It is possible that there are price-

based variables with incremental explanatory power relative to BE/ME, ME and the prior 

2- to 24-month return.  For example, the prior month’s return may have incremental 

explanatory power.  However, it is not used to compute price-based expected returns to 

avoid possible biases imparted by bid-ask bounce and thin trading.  Hence, the price-

based variables used in this study may not explain all of the variation in average returns.  

Therefore, the difference between the returns of the price-based and fundamental 

mimicking portfolios may underestimate the common variation in returns that is left 

unexplained by accounting disclosures. 

 

156 



Chapter V An Application:  Establishing the Importance of Fundamental Variables 

 for Determining Expectations. 

 

The results of the prior analysis suggest that, although fundamental variables 

explain most of the cross-sectional variation in average returns (81% to 91% in the first 

season and 77% to 88% in the second season), it is possible that fundamental variables 

leave an important amount of the variation in returns unexplained.  This would suggest 

that there are determinants of investors’ risk opinions, and therefore of the cross-section 

of average returns, that are not measured by the fundamental variables.  Therefore, 

among firms with similar exposures to fundamental variables, there would be variation in 

average returns generated by the unmeasured (omitted) determinants of investors’ 

opinions.54  This chapter evaluates the practical effectiveness of fundamental variables 

for measuring portfolio risk, given the possible variation in returns attributable to omitted 

determinants. 

The general strategy is to compare the returns of two portfolios.  The first 

portfolio has low exposure to fundamental variables and high exposure to omitted 

determinants.  The second portfolio has high exposure to fundamental variables and low 

exposure to omitted determinants.  The difference in returns between the two portfolios 

provides a test of the usefulness of fundamental variables, and hence accounting variables 

in general, for evaluating portfolio risk, in terms of exposures to sources of variation in 

                                                 
54 A firm’s exposure or sensitivity to a set of variables is the sum of the products of the firm’s 
individual variable values and the variables’ respective expected return premia.  Hence, it is 
the expected return attributable to the firm’s values of the variables. 
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average returns.  If the returns of the low-fundamental exposure portfolio exceed the 

returns of the high-fundamental exposure portfolio, then a portfolio that has low risk 

according to fundamental variables may have higher risk than a portfolio that has high 

risk according to fundamental variables.  This would indicate that fundamental variables 

leave too much variation in returns unexplained to have practical value for assessing 

portfolio risk.  In contrast, if the returns of the low-fundamental exposure portfolio do not 

exceed the returns of the high-fundamental exposure portfolio, then a portfolio that has 

low-fundamental risk does not have higher risk than a high-fundamental risk portfolio.  

Therefore, fundamental variables might account for enough of the variation in average 

returns to effectively measure portfolio risk.55   

The following methodology is used.56  In the first step, stocks’ fundamental 

expected returns are computed.  First, a factor model is assembled that relates monthly 

returns to the fundamental determinants.  Specifically, it relates returns to E/A, BE and 

GEMP in the January-to-September season and E/A, SALE and GA in the October-to-

December season.  This model is estimated each month over the June 1983 to June 1999 

period to obtain a time-series of the realized monthly payoffs to the fundamental 

variables.  Next, projected payoffs are computed for each month by averaging the prior 

realized payoffs falling in the same calendar month.  For example, the projected payoff 

for E/A for a particular January is the average of the realized payoffs for E/A from the 

                                                 
55 In this case, fundamental variables would effectively measure portfolio risk if the price-
based variables employed in this study explain (all but an economically insignificant 
proportion of) the common variation in the cross-section of returns. 
56 This methodology is similar to the technique used to compare the explanatory power of 
price-based and fundamental variables described in Section C of Chapter III. 
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prior Januarys in the sample period.  Then, each stock’s fundamental expected return is 

computed in each month with the sum of the products of the stock’s fundamental variable 

values, measured at the end of the previous month, and the fundamental variables’ 

projected payoffs for the current month.  This technique for computing fundamental 

expected returns accounts for both seasonal variation in the determinants of expectations 

and seasonal variation in the payoffs to the determinants. 

In the next step, stocks’ price-based expected returns are computed using the 

same methodology employed to compute fundamental expected returns, except that (i) a 

set of price-based variables, BE/ME, ME and momentum (measured by MOM2-12 and 

MOM13-24) are used in the factor model and (ii) the same price-based variables are 

employed in both seasons.  The choice of these variables is supported by the evidence in 

Fama and French (1992, 1993, 1996), Carhart (1997) and elsewhere and is discussed in 

Section D of Chapter III.  Briefly, the findings in these articles as well as the evidence in 

Table B.1 suggest that, among price-based variables, BE/ME, ME, MOM2-12 and 

MOM13-24 explain most of the cross-sectional variation in returns.  

Next, two portfolios are formed in the following way.  Each month, stocks are 

sorted into equally weighted octiles (eight groups) on the basis of their fundamental 

expected returns.  Stocks within the same octile have similar total exposure to the 

fundamental variables.  Next, the stocks in the two extreme fundamental octiles are 
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further divided into eight groups based upon their price-based expected returns.57  This 

procedure is illustrated in Figure 2. 

The first portfolio is the group that has the highest price-based expected returns 

within the octile that has the lowest fundamental expected returns.  This portfolio is 

labeled L-8 in Figure 2.  This portfolio contains the stocks that have the highest exposure 

to unmeasured (non-accounting) determinants among the stocks in the octile that have the 

lowest exposure to the fundamental determinants.  Hence, the stocks in this portfolio are 

expected to have the highest realized returns among the stocks with the lowest 

fundamental exposure. 

The second portfolio is the group that has the lowest price-based expected returns 

within the octile that has the highest fundamental expected returns (H-1).  This portfolio 

contains the stocks that have the lowest sensitivity to unmeasured determinants in the 

octile of stocks that has the highest sensitivity to the fundamental determinants.  Thus, the 

stocks in this portfolio are expected to have the lowest realized returns among the stocks 

with the highest sensitivity to the fundamental determinants.  Finally, the realized average 

monthly returns of the two portfolios are compared. 

The results are presented in Table 9.  Panel A contains the attributes of the price-

based portfolios constructed from the octile of stocks that have the lowest exposure to 

fundamental variables (L-1 to L-8).  Panel B contains the attributes of the price-based 

portfolios formed from the octile of stocks that have the highest exposure to fundamental 

                                                 
57 Note that both the fundamental expected return-groups and the price-based expected 
return-groups are formed on the basis of octile breakpoints to ensure that each portfolio is 
well diversified by containing a sufficiently large number of stocks (approximately 75). 
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variables (H-1 to H-8).  The reported numbers are the portfolio characteristics averaged 

over the 1983 to 1999 sample period.  Portfolio characteristics are the (equally weighted) 

average characteristics of the stocks within each portfolio.  The following findings are 

noteworthy.  (1) A comparison of the fundamental variables of the two sets of portfolios 

shows that the stocks in the low-fundamental exposure portfolios are larger and have 

higher rates of profitability and size growth relative to the stocks in the high-fundamental 

exposure portfolios.  These patterns in the fundamental variables are attributable to the 

fact that the fundamental deciles are formed by sorting stocks by their combined 

exposure to fundamental variables.  (2) For both sets of price-based portfolios, moving 

from the lowest expected return-portfolio to the highest expected return-portfolio, the 

stocks exhibit higher book-to-market equity ratios, smaller market values of equity and 

lower past 13- to 24-month returns.58  There is no apparent relationship between the 

price-based expected return deciles and prior 2- to 12-month returns.  Similar to the 

patterns in the fundamental variables, these patterns in the price-based variables are 

attributable to the fact that price-based portfolios are constructed by grouping stocks by 

their combined price-based exposures.  In addition, the apparent lack of a relationship 

between price-based expected returns and 2- to 12-month momentum returns may be due 

to seasonality in the realized payoffs of MOM2-12.  Briefly, seasonal patterns in payoffs 

                                                 
58 Note that the relationship between the market value of equity and price-based expected 
returns is not as strong among high-fundamental exposure stocks as it is among the low-
fundamental exposure stocks.  A potential explanation is that high-fundamental exposure 
stocks have higher exposure to book-to-market equity and momentum, relative to low-
fundamental exposure stocks, diminishing the relative importance of the market value of 
equity in determining price-based expected returns. 

161 



produce seasonal variation in monthly portfolio characteristics, which is reflected in 

average portfolio characteristics. (3) For both sets of price-based portfolios, there is 

variation in realized returns associated with price-based expected returns; moving from 

the lowest expected return-portfolio to the highest expected return-portfolio, realized 

returns tend to increase.  This finding suggests that, for a given sensitivity to fundamental 

variables, there is cross-sectional dispersion in returns associated with the unmeasured 

determinants of opinions.  This appears to be consistent with the (implication of the) 

finding documented in Section F of Chapter IV that the explanatory power of price-based 

variables exceeds the explanatory power of fundamental variables. 

Panel C contains the main results.  It contains the average fundamental and price-

based attributes and average returns of the low-fundamental exposure portfolio with the 

highest expected returns (L-8) and the high-fundamental exposure portfolio with the 

lowest expected returns (H-1).  This information is repeated from Panels A and B.  Also 

displayed is the return difference between the two portfolios.  The results indicate that the 

returns of the low-fundamental exposure portfolio exceed the returns of the high-

fundamental exposure portfolio by a statistically and economically significant margin.  

On average, the spread between the low- and high-fundamental exposure portfolios is 61 

basis points per month, or 757 basis points per year.  Therefore, a portfolio constructed 

with stocks from the one-eighth of stocks with the lowest exposure to fundamental 

variables may have higher average returns than a portfolio constructed with stocks from 

the one-eighth of stocks with the highest exposure to fundamental variables.  A 

comparison of the portfolios’ average price-based characteristics suggests that their return 
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profiles are attributable to their differential exposures to book-to-market equity and 

momentum.  The low-fundamental exposure portfolio has a substantially higher average 

book-to-market equity ratio and lower average prior 2- to 12-month and 13- to 24-month 

returns relative to the high-fundamental exposure portfolio.  In addition, the low-

fundamental exposure portfolio has a somewhat lower average market capitalization in 

comparison to the high-fundamental exposure portfolio. 

Note that the spread in returns between the low- and high-fundamental exposure 

portfolios is conservatively estimated.  In order to avoid contaminating the momentum 

payoffs with potential measurement error-induced bias, the momentum variables in the 

price-based expected return model do not include potentially useful information about 

serial correlation in monthly returns.  This issue is discussed in Section D of Chapter III. 

The results in this section provide a practical perspective of the ability of 

fundamental variables, and therefore accounting disclosures in general, to measure 

investors’ expectations about systematic risk.  Specifically, the results show that a 

portfolio with low exposure to fundamental variables and high exposure to omitted 

determinants has higher average returns than a portfolio with high exposure to 

fundamental variables and low exposure to omitted determinants.  This suggests that a 

portfolio with low exposure to fundamental variables and high exposure to omitted 

determinants may have higher total exposure to sources of average return variability than 

a portfolio with high exposure to fundamental variables and low exposure to omitted 

determinants.  This indicates that accounting disclosures do not necessarily accurately 

measure the total exposure to sources of return variability of stocks with extreme 
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exposure to omitted determinants.  In other words, a portfolio that has low risk according 

to fundamental variables and high risk according to omitted determinants may be riskier 

than a portfolio that has high risk according to fundamental variables and low risk 

according to omitted determinants, indicating that accounting disclosures do not 

necessarily accurately measure the risk of stocks with extreme exposure to non-

accounting determinants. 

The previous analysis compares the average returns of two portfolios; the low-

fundamental exposure portfolio with the highest exposure to omitted determinants 

(highest expected returns) (L-8) and the high-fundamental exposure portfolio with the 

lowest exposure to omitted determinants (H-1).  As discussed above, the result indicates 

that the low-fundamental exposure portfolio has significantly higher average returns than 

the high-fundamental exposure portfolio. 

Next, the average returns of all eight low-fundamental exposure portfolios (L-1 to 

L-8) are compared to the average returns of all eight high-fundamental exposure 

portfolios (H-1 to H-8).  The 16 portfolios’ average returns are plotted in Figure 3.  The 

plot shows that the five low-fundamental exposure portfolios with the lowest exposure to 

omitted determinants (L-1 to L-5) have lower average returns than any of the high-

fundamental exposure portfolios (H-1 to H-8).  Therefore, of the eight portfolios that 

have low risk according to fundamental variables, the five portfolios with the lowest 

exposure to omitted determinants have lower average returns, and hence lower risk, than 

any of the portfolios that have high risk according to fundamental variables. Thus, 
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fundamental variables correctly classify the risk of L-1 to L-5 relative to the risk of H-1 

to H-8. 

The plot also shows that, similar to the low-fundamental exposure portfolio with 

the highest exposure to omitted determinants (L-8), the two low-fundamental exposure 

portfolios with the next highest exposure to omitted determinants (L-6 and L-7) have 

higher average returns than the high-fundamental exposure portfolio with the lowest 

exposure to omitted determinants (H-1).  Hence, of the eight low-fundamental risk 

portfolios, the three portfolios with the highest exposure to omitted determinants have 

higher risk than a portfolio that has high risk according to fundamental variables.  

Therefore, fundamental variables do not correctly classify the risk of L-6 to L-8 relative 

to the risk of H-1. 

In summary, the relationships between most the portfolios’ average returns are 

consistent with the hypothesis that fundamental variables explain enough of the common 

variation in returns to effectively measure risk.  However, the relationships between the 

average returns of some of the portfolios with extreme exposure to omitted determinants 

are not consistent with this hypothesis.  Stated another way, the relationships between the 

average portfolio returns suggest that fundamental variables explain enough return 

variability to effectively measure the risk of most of these portfolios, but do not explain 

enough return variability to effectively measure the risk of some of the portfolios with 

extreme exposures to omitted determinants.  This suggests that fundamental variables 
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may leave an economically important proportion of the variability in returns 

unexplained.59 

The result that a low-fundamental exposure portfolio may have higher returns 

than a high-fundamental exposure portfolio also has implications for a study of stock 

market efficiency by Haugen and Baker (1996).  Haugen and Baker estimate a 

characteristic-based factor model of expected returns and use its predictions to sort stocks 

into portfolios.  Specifically, their factor model relates realized monthly returns to a 

combination of price-based and non-price characteristics that represent risk, liquidity, 

relative price, profitability and price history.60  The model is estimated using cross-

sectional regression analysis over a sequence of months to obtain a history of the realized 

monthly payoffs to the factors.  Next, projected payoffs are computed for each month 

with the average of the realized payoffs from the prior 12 months.  A trailing 12-month 

average is employed to account for the possibility that the expected values of the payoffs 

are time-varying.  For each stock, expected returns are computed at the beginning of each 

month by summing the products of the stock’s individual factor exposures (characteristic 

                                                 
59 The plot in Figure 3 also illustrates the additional explanatory power of price-based 
variables relative to fundamental variables (the variability in returns associated with omitted 
determinants).  The slope of the line that connects H1, H2, …, H8 shows that, among stocks 
with high exposure to fundamental variables, average returns are positively correlated with 
exposure to price-based variables.  Similarly, the slope of the line that connects L1, L2, …, 
L8 shows that, among low-fundamental exposure stocks, average returns are positively 
related to price-based exposure.  Thus, among stocks with high sensitivities to fundamental 
determinants and among stocks with low sensitivities to fundamental determinants, there is 
variation in returns associated with price-based variables (and hence with omitted 
determinants). 
60 The characteristics that measure risk are leverage, interest coverage, earnings stability and 
exposures (return betas) to macroeconomic variables.  The characteristics that measure 
relative price are ratios of accounting items to stock price. 
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values), observed at the end of the previous month, and the factors’ projected payoffs for 

the current month.  Thus, expected returns are constructed for a particular month using 

only information that is available prior to that month.  The expected returns are used to 

sort stocks into equally weighted deciles, with decile 1 containing the stocks with the 

lowest expected rates of returns.  The deciles are reformed monthly. 

The authors then measure the realized monthly rates of return and fundamental 

characteristics of the deciles.  The results they report are averages over the 180 months in 

their January 1979 to June 1993 sample period.  They find that: (1) Expected returns are 

highly correlated with realized returns.  Between decile 1 and decile 10, realized returns 

tend to become larger, and the return spread between the two extreme deciles is 35% per 

year.  (2) Moving between decile 1 and decile 10, stocks exhibit higher rates of 

profitability, higher levels of interest coverage, lower degrees of book leverage and 

higher rates of prior earnings growth.  All of these characteristics are measured 

independently of stock price.  Stocks also tend to be marginally larger in terms of market 

capitalization.  The authors conclude that the stocks in decile 10, which have higher 

expected and realized rates of return, are higher ‘quality’ and thus lower in systematic 

risk than the stocks in decile 1, which have lower returns.  They believe this result to be 

counterintuitive in the context of efficient markets. 

The results in this study provide an alternative explanation of Haugen and Baker’s 

finding that a high quality portfolio may have higher returns than a low quality portfolio 

that does not necessarily contradict efficient pricing.  In the first three quarters of the 

calendar year, the regression tests discussed in Chapter IV indicate that the payoffs to the 
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fundamental determinants—firm size, profitability and the growth in firm size—are 

negative.  This indicates that a portfolio that is high quality in terms of fundamental 

determinants has low exposure to all three fundamental determinants and a low-quality 

portfolio has high exposure to all three fundamental determinants.  Therefore, a high-

quality portfolio will have lower returns than a low-quality portfolio, if the portfolios 

have comparable exposure to omitted determinants.  The results in this chapter suggest 

that a low-fundamental exposure portfolio may have higher returns than a high-

fundamental exposure portfolio, if it has higher exposure to omitted determinants.  This 

indicates that a high-quality portfolio may have higher returns than a low-quality 

portfolio, if it has higher exposure to omitted determinants.  Therefore, since fundamental 

variables represent the accounting variables with explanatory power, Haugen and Baker’s 

high-quality portfolio may have higher returns than their low-quality portfolio because it 

has higher exposure to omitted determinants.  Stated another way, investors may perceive 

Haugen and Baker’s high-quality portfolio to be riskier than their low-quality portfolio.  

This suggests that the variables that Haugen and Baker employ to evaluate risk do not 

unambiguously measure stocks’ exposures to sources of variability in average returns, 

and thus do not unambiguously measure risk. 

In the last quarter of the calendar year, the payoffs to size and profitability are 

positive, while the payoff to growth continues to be negative.  Therefore, a high-quality 

portfolio has high exposure to size and profitability and low exposure to growth and a 

low-quality portfolio has low exposure to size and profitability and high exposure to 

growth.  Thus, a high-quality portfolio may have higher or lower returns than a low-
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quality portfolio, if the portfolios have comparable exposure to omitted determinants.  

This depends on the whether the compensation for exposure to size and profitability 

dominates the compensation for exposure to growth (although this could be tested, it is 

not examined in this study).  Note that, in contrast to the first season, exposures to size 

and profitability contribute positively to the high-quality portfolio’s returns and 

negatively to the low-quality portfolio’s returns.  As stated above, the results in this 

chapter suggest that a low-fundamental exposure portfolio may have higher returns than a 

high-fundamental exposure portfolio, if it has higher exposure to omitted determinants.  

This suggests that a high-quality portfolio may have higher returns than a low-quality 

portfolio, if it has higher exposure to omitted determinants.  This is because (i) a high-

quality portfolio has higher exposure to fundamental variables, and therefore higher 

returns, than a low-fundamental exposure portfolio and (ii) a low-quality portfolio has 

lower exposure to fundamental variables, and hence lower returns, than a high-

fundamental exposure portfolio.  Hence, Haugen and Baker’s high-quality portfolio may 

have higher returns than their low-quality portfolio because it has higher exposure to size 

and profitability (because of the yearend reversal in the signs of the payoffs to 

profitability and size) and because it has higher exposure to omitted determinants. 

In summary, the complementary effects of (i) differential exposures to omitted 

determinants of opinions and (ii) the yearend changes in the signs of the payoffs to firm 

size and profitability may explain Haugen and Baker’s finding that a high-quality 
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portfolio may have higher returns than a low-quality portfolio when quality is measured 

with accounting disclosures. 61 62 

Finally, an examination of the price-based characteristics of Haugen and Baker’s 

decile portfolios shows that, between decile 1 and decile 10, exposures to the market 

value of equity and book-to-market equity are relatively constant and exposures to prior 

returns systematically increase.  Thus, between deciles 1 and 10, aggregate exposures to 

price-based variables increase.  This supports the premise that decile 10 has higher 

returns than decile 1 because it has higher sensitivity to sources of variation in returns 

that are not measured by accounting variables. 

 The analysis in this chapter evaluates the ability of fundamental variables to 

measure risk, given the incremental explanatory power of price-based variables relative 

to fundamental variables.  The remainder of this chapter discusses the question of 

whether fundamental variables have incremental explanatory power relative to price-
                                                 
61 One caveat that applies to this interpretation of Haugen and Baker’s finding is as follows.  
The results in this chapter suggest that a low-fundamental exposure portfolio may have 
higher returns than a high-fundamental exposure portfolio due to differential exposures to 
omitted determinants over the full calendar year.  It is possible that this is the case in only 
one of the two calendar seasons.  This would mean that differential exposures could only 
explain Haugen and Baker’s finding in one season.  However, this seems unlikely, because 
omitted determinants appear to have comparable incremental explanatory power relative to 
fundamental variables in both seasons. 
62 In addition, the result suggests that the spread in realized returns between Haugen and 
Baker’s high- and low-expected return portfolios would increase if the following adjustments 
were made to their portfolios.  In the first three quarters, the high-quality stocks in the high-
expected return portfolio are replaced with low-quality stocks with the same sensitivities to 
the unobserved determinants and the low-quality stocks in the low-expected return portfolio 
are replaced with high-quality stocks with the same sensitivities to the unobserved 
determinants.  In the last quarter, the high-growth stocks in the high-expected return portfolio 
are replaced with low-growth stocks and the low-growth stocks in the low-expected return 
portfolio are replaced with high-growth stocks.  This suggests that a modification of the 
authors’ expected return model may produce more accurate forecasts of returns. 
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based variables.  Specifically, it discusses a methodology for estimating the incremental 

explanatory power of fundamental variables and the likely results of the estimation, given 

the evidence in prior research and the results of similar estimations conducted in this 

study.  

 One methodology for estimating the additional power of fundamental variables is 

to regress the returns of portfolios formed on the basis of fundamental variables on the 

returns of a market portfolio and mimicking portfolios for the market value of equity, 

book-to-market equity and prior returns using a modification of the Fama and French 

(1993, 1996) approach.  Each year, stocks are grouped into ten decile portfolios on the 

basis of a particular fundamental variable (for firm size and profitability, stocks with 

positive values of firm size and profitability are assigned to ten decile portfolios using 

decile breakpoints determined from the positive-valued firms and firms with zero or 

negative values are assigned to a separate portfolio).  Next, for each decile portfolio, a 

time-series regression of the portfolio’s monthly excess returns on the excess returns of a 

proxy for the market portfolio and the returns of the mimicking portfolios for the market 

value of equity, book-to-market equity and the return over the prior 23-month period 

lagged one month is estimated. 

 The construction of the mimicking portfolios for market value and book-to-

market equity are described in the literature review and Fama and French (1993, 1996).  

For the prior return, one mimicking portfolio is constructed for the prior 11-month return 

lagged one month (MOM2_12) and another mimicking portfolio is constructed for the 

prior 12-month return lagged 12 months (MOM13_24).  The mimicking portfolio for 
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MOM2_12 is constructed by taking a long position in the 30 percent of firms with the 

highest prior 11-month returns lagged one month and a short position in the 30 percent of 

firms with the lowest prior 11-month returns lagged one month.  The mimicking portfolio 

for MOM13_24 is constructed analogously. 

 The intercepts provide a test of whether the cross-sectional variation in returns 

associated with the fundamental variable is explained by the market value of equity, 

book-to-market equity and the trailing 23-month return lagged one month.63  Intercepts 

that are indistinguishable from zero would indicate that the return variability associated 

with the fundamental variable is explained by the price-based variables.  In other words, 

it would indicate that the fundamental variable does not have incremental explanatory 

power relative to the price-based variables.  In contrast, intercepts that deviate from zero 

would suggest that the fundamental variable has incremental explanatory power.  This 

procedure is repeated for each fundamental variable.64 

                                                 
63 More precisely, the intercepts provide a test of whether the return variability associated 
with the fundamental variable is explained by the slopes on the returns of the mimicking 
portfolios for the price-based variables. 
64 The additional explanatory power of fundamental variables may also be estimated using a 
modification of the characteristic-benchmarking methodology described in Daniel, Grinblatt, 
Titman and Wermers (1997).  Briefly, stocks are sorted independently into quartile groups 
for each of the four price-based variables (market value of equity, book-to-market equity, 
MOM2_12 and MOM13_24).  256 benchmark portfolios are constructed from the 
intersection of the four sets of quartile groups.  Next, stocks are grouped into ten decile 
portfolios on the basis of a particular fundamental variable.  In each fundamental decile 
portfolio, the abnormal return for each stock is estimated each month as the stock’s return 
minus the return of the benchmark portfolio that matches the stock most closely in terms of 
the price-based variables.  The abnormal monthly return of the fundamental decile portfolio 
is the equally-weighted average of the abnormal monthly returns of the stocks in the 
portfolio.  Similar to the intercepts produced by the Fama and French (1993, 1996) 
methodology, the abnormal portfolio returns provide a test of whether the cross-sectional 
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 Although the tests described in the preceding description are not carried out in 

this study, similar tests are conducted.  These tests examine the first season’s 

fundamental variables (BE, E/A and GEMP).  Specifically, the returns of decile 

portfolios formed on the basis of fundamental variables are regressed on the returns of a 

market portfolio and mimicking portfolios for market value and book-to-market equity.  

Hence, the returns of the fundamental decile portfolios are tested with the Fama and 

French (1993) three-factor model, rather than a four-factor model that includes prior 

return.  The results, which are not shown here, are as follows.  For BE, none of the 11 

intercepts are significantly different from zero.  For E/A, two of the 11 intercepts are 

significant.  For GEMP, none of the 10 intercepts are significant.  These results suggest 

that most of the return variability associated with these fundamental variables is 

explained by the market value of equity and book-to-market equity.  Given that the prior 

return has additional explanatory power relative to the market value of equity and book-

to-market equity and the similarity of the fundamental variables in the two seasons, it is 

possible that all of the return variability associated with fundamental variables is 

explained by the market value of equity, book-to-market equity and the prior return.65 

                                                                                                                                                 
return variability associated with the fundamental variable is explained by the price-based 
variables.   
 One of the drawbacks of this approach is that when benchmark portfolios are 
constructed on the basis of four or more variables, as would be the case in this study, the 
benchmark portfolios may not contain enough stocks to be diversified.  Reducing the number 
of quantile groups to address the diversification problem may cause the benchmark portfolios 
to reflect less of the cross-sectional dispersion in returns associated with the price-based 
variables and hence to lose precision. 
65 As noted in the methodology chapter, Fama and French (1996) and others document that 
prior returns have residual explanatory power relative to market value and book-to-market 
equity. 
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 These results are consistent with the evidence in Fama and French (1996), which 

indicates that the three-factor model explains the return variability associated with the 

growth of prior sales, and with the evidence in Berk (1996), which suggests that the 

market value of equity explains the return variability associated with various accounting 

measures of firm size.  In summary, it appears likely that the variation in returns 

associated with fundamental variables is explained by the price-based variables employed 

in this study.  In other words, it seems likely that fundamental variables do not have 

additional explanatory power relative to price-based variables. 

 Finally, a comment is made about an alternative methodology for estimating the 

incremental explanatory power of fundamental variables relative to price-based variables.  

Earlier in this chapter, the incremental explanatory power of price-based variables is 

evaluated by examining the variation in returns attributable to price-based variables 

among firms with similar exposures to fundamental variables.  Specifically, firms are 

sorted into groups based on their fundamental expected returns (total exposures to 

fundamental variables).  Then, the firms in each fundamental expected return group are 

divided into portfolios based on their price-based expected returns.  Thus, stocks are first 

grouped by fundamental expected returns and then by price-based expected returns.  The 

results indicate that, within each extreme fundamental expected return-group, moving 

from the lowest price-based expected return-portfolio to the highest price-based expected 

return-portfolio, actual returns tend to increase.  This suggests that, for a given sensitivity 

to fundamental variables, there is variation in returns associated with the price-based 

variables. 
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 It seems reasonable to assume that a modification of this procedure, in which the 

order of the groupings is reversed, may be used to evaluate the additional explanatory 

power of fundamental variables relative to price-based variables.  The modified 

procedure is as follows.  Stocks are sorted into groups on the basis of their price-based 

expected returns.  The stocks in the price-based groups are divided into portfolios on the 

basis of their fundamental expected returns (hence, stocks are first grouped by price-

based expected returns and then by fundamental expected returns).  Within each price-

based group, the relationship between the fundamental portfolios and their actual returns 

are examined.  Actual portfolio returns that increase between the lowest and highest 

fundamental expected return-portfolios would indicate that, holding exposure to price-

based variables constant, there is variation in returns associated with the fundamental 

variables (that is, fundamental variables have additional explanatory power). 

 However, there is a problem with this approach caused by the relationships 

between the fundamental and price-based variables.  The results of preliminary tests (not 

included) show that, within some of the price-based groups, between the lowest and the 

highest fundamental expected return-portfolios, actual returns increase.  This appears to 

suggest that, among firms with similar exposure to price-based variables, there is 

variation in returns attributable to fundamental variables.  However, between the lowest 

and highest fundamental expected return-portfolios, price-based expected returns also 

increase (this is because fundamental and price-based expected returns are positively 

correlated).  Therefore, the variation in returns that is produced by sorting stocks on 

fundamental expected returns may be attributable to price-based variables.  Thus, sorting 
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stocks first by price-based expected returns and then by fundamental expected returns and 

examining the relationship between fundamental expected returns and realized returns 

within each price-based octile does not provide unambiguous inferences about the 

additional explanatory power of fundamental variables.66

                                                 
66 Note that another way to test whether fundamental variables have incremental 

explanatory power relative to price-based variables is to determine whether a portfolio that 
has low exposure to price-based variables may have higher returns than a portfolio that has 
high exposure to price-based variables.  This may be pursued with a modification of the 
methodology used at the beginning of this chapter to assess whether a low-fundamental 
exposure portfolio may have higher returns than a high-fundamental exposure portfolio.  
Specifically, each month, stocks are sorted into equally weighted octiles on the basis of their 
price-based expected returns.  Next, the stocks in the two extreme price-based octiles are 
further divided into eight groups based upon their fundamental expected returns.  Therefore, 
stocks are first sorted by price-based variables and then sorted by fundamental determinants.  
Then, the returns of two portfolios are compared.  The first portfolio is the group of stocks 
that have the highest fundamental expected returns within the group of stocks that have the 
lowest price-based expected returns.  This portfolio contains the stocks that have the highest 
exposure to the fundamental determinants in the octile of stocks that have the lowest 
exposure to the price-based variables.  The second portfolio is the group of stocks that have 
the lowest fundamental expected returns within the group of stocks that have the highest 
price-based expected returns.  This portfolio contains the stocks that have the lowest 
sensitivity to the fundamental determinants in the octile of stocks that has the highest 
sensitivity to the price-based variables.  If the returns of the low-price-based exposure (first) 
portfolio exceed the returns of the high-price-based exposure (second) portfolio, then a 
portfolio that has low price-based risk may have higher risk than a portfolio that has high 
price-based risk.  This would suggest that fundamental determinants have additional 
explanatory power relative to the price-based predictors of returns.  This test is left to a future 
study. 
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Chapter VI Summary and Conclusions 

 

 Existing research documents that many firm characteristics predict stock returns.  

These characteristics may be divided into two groups.  One group contains variables that 

are functions of stock prices.  In this group, variables are constructed by combining stock 

price with an accounting item or by measuring the change in stock price relative to a prior 

stock price.  Because of their dependence on stock price, these variables reflect investors’ 

opinions of risk.  The other group contains variables that are independent of stock prices.  

These variables may be measured using only accounting disclosures and thus contain no 

information about expectations.  Most prior research ignores the distinction between 

these two groups of variables.  This study makes a distinction between the price-based 

and non-price predictors of returns in order to pursue three goals.  (1) To identify the 

underlying determinants of investors’ opinions of systematic risk by locating a 

parsimonious set of characteristics that have predictive power in the cross-section of 

future returns but are independent of stock prices.  (2) To assess the importance of 

accounting disclosures for determining investors’ risk opinions relative to non-accounting 

information.  (3) To determine whether accounting disclosures provide sufficient 

information about investors’ opinions to be effective measures of portfolio risk.  These 

objectives are pursued by allowing for potential seasonal variation in the cross-sectional 

relationships between both price-based and non-price explanatory variables and future 

returns. 
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The search for determinants begins by examining the following accounting 

variables: (1) financial and physical measures of firm size; (2) earnings and cash flow 

measures of profitability; (3) the past growth of a firm’s size; and (4) leverage and 

interest coverage.  None of these variables depend on stock prices.  The correlation 

between the variables and returns is estimated with univariate month-by-month Fama-

MacBeth regressions of the cross-section of monthly stock returns on the annual 

observations of the candidate variable being tested.  The mean of the resulting time-series 

of slopes estimates the expected return premium associated with the variable, while the 

mean slope divided by its time-series standard error provides a standard t-test of whether 

the expected premium is non-zero.  A non-zero premium implies that the variable is 

(correlated with) a determinant of expectations. 

This approach produces the following results.  Adjusted earnings, net income and 

operating profit measures of profitability are negatively related to returns.  The result that 

profitability based on adjusted earnings has explanatory power is consistent with the 

implications of the Fama and French (1995) findings.  When cash flow is adjusted 

earnings plus depreciation, cash flow profitability is also negatively related to returns.  In 

contrast, when cash flow is net cash flow from operations, cash flow profitability is not 

reliably associated with returns.  Most measures of firm size—total assets, book equity, 

adjusted earnings and cash flow (adjusted earnings plus depreciation)—are negatively 

correlated with returns.  However, net sales and number of employees are uncorrelated 

with returns.  Overall, the firm size results suggest that the firm size effect in returns (the 

inverse association between a firm’s returns and its market capitalization) applies to size 
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variables that are independent of expectations.  The variables that measure the recent 

growth rate of a firm’s size are inversely related to returns.  This is in agreement with the 

sales-growth results in Lakonishok, Schleifer and Vishny (1994) and Fama and French 

(1996).  Interest coverage is also negatively associated with returns.  Finally, the 

regression tests show that leverage, whether defined as the book value of total assets-to-

equity, or the book value of total debt-to-equity, has no detectable explanatory power for 

returns.  This finding seems to be inconsistent with the leverage result in Fama and 

French (1992).  However, the analysis in this study appears to show that their result is 

attributable to collinearity.   

Prior empirical studies document seasonal patterns in the behavior of stock 

returns.  To check whether there are seasonalities in the relationships between non-price 

variables and returns, expected return premia are estimated separately for each month of 

the calendar year.  The results indicate that there are strong seasonal patterns in the 

premia.  Between January and September, adjusted earnings, net income and operating 

profit versions of profitability are negatively correlated with returns.  The relationships 

are reversed between October and December when these variables are positively 

correlated with returns.  Adjusted earnings plus depreciation (C) and net cash flow from 

operations (C2) versions of profitability, firm size and interest coverage exhibit the same 

seasonal pattern; they are negatively correlated with returns in the first season and 

positively correlated with returns in the second season.  Book value of total debt-to-

equity (DT/BE) is uncorrelated with returns in the first season and negatively correlated 

with returns in the second season.  Finally, size growth is negatively correlated with 
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returns in the first season and marginally negatively correlated with returns in the second 

season. 

A comparison of the unconditional (full-year) and conditional (seasonal) results 

reveals that some of the variables that are unconditionally uncorrelated with returns are 

correlated with returns during at least part of the calendar year.  In particular, operating 

cash flow measures of size and profitability are unconditionally uncorrelated with returns, 

but are negatively correlated with returns in the first season and positively correlated with 

returns in the second season.  Similarly, net sales has no unconditional explanatory 

power, but is negatively correlated with returns in the first season and positively 

correlated with returns in the second season.  In addition, number of employees has no 

unconditional explanatory power, but is positively correlated with returns in the second 

season.  Finally, book value of total debt-to-equity has no unconditional explanatory 

power but is negatively correlated with returns in the second season.  These results 

indicate that the lack of unconditional explanatory of these variables is due to different 

return relationships in the two seasons of the calendar year that tend to confound each 

other when combined.  In general, it appears that a variable’s unconditional return 

premium may obscure the variable’s relationship with returns and therefore that the 

determinants of investors’ opinions should be identified based on their conditional return 

premia. 

A potential explanation for the seasonalities in return premia is that they are a tax-

loss-selling effect (see Grinblatt and Moskowitz (1999) and Bhabra, Dhillon and Ramirez 

(2000) for a discussion of tax-loss-selling).  In order for portfolio losses to offset capital 
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gains, institutional investors must realize losses by the end of October, while individual 

investors must realize losses by the end of December.  This may motivate investors to 

rebalance their portfolios by selling losing stocks in the period starting prior to the end of 

October and extending to the end of December, and replacing them with what they 

perceive to be less risky, higher quality stocks.  Such a switch in demand could account 

for the switch in risk premia from low-quality stocks to high-quality stocks towards the 

turn of the year.  Another potential explanation is the similar window dressing effect of 

Lakonishok, Schleifer, Thaler and Vishny (1991) in which institutional investors replace 

poorly performing stocks with larger and more profitable companies towards the end of 

the year in order to dress up portfolios or improve returns in time for yearend 

performance evaluations. 

Overall, the Fama-MacBeth regressions suggest that, during at least part of the 

calendar year, investors’ opinions depend on (i) adjusted earnings, operating profit, net 

income and cash flow (both adjusted earnings plus depreciation and operating cash flow) 

versions of profitability, (ii) firm size, (iii) growth of firm size, (iv) interest coverage and 

(v) leverage. 

Correlation tests show that many of the identified determinants are highly cross-

sectionally correlated, suggesting that there is considerable information overlap between 

them.  In particular, all of the profitability variables (based on adjusted earnings, cash 

flow, operating profit and net income) are strongly related to each other.  This is not 

surprising, since adjusted earnings, cash flow, operating profit and net income all 

measure a firm’s income, and thus contain similar information.  The firm size variables 
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are also highly mutually correlated.  In addition, the variables that measure past growth in 

firm size are strongly associated with one another.  Finally, interest coverage is strongly 

related to all of the profitability variables.  Thus, many of the determinants are redundant, 

because they repeat information contained in other determinants. 

In order to account for the correlation between the determinants and the seasonal 

variation in the determinants’ estimated premia, a subset of non-redundant determinants 

is selected for each of the January-to-September and October-to-December seasons.  This 

procedure yields the following results.  In the first season, the determinants are the ratio 

of adjusted earnings to the book value of total assets (E/A), the book value of equity (BE) 

and the past growth in the number of employees (GEMP).  In the second season, the 

determinants are E/A, net sales (SALE), and the past growth in total assets (GA).  These 

results suggest that (i) the determinants of opinions vary seasonally and (ii) the 

determinants in the two seasons are similar; in both seasons, variables that measure 

profitability, firm size, and recent growth in firm size are (approximately) independent 

determinants of investors’ risk expectations. 

To verify that the identified determinants contribute independently to 

expectations, a multivariate regression approach is employed.  Specifically, in each 

season, a multivariate model that relates returns to the determinants is estimated.  Hence, 

in the first season, the explanatory variables are E/A, BE and GEMP.  In the second 

season, the explanatory variables are E/A, SALE and GA.  This approach estimates the 

determinants’ incremental contribution relative to each other.  The results show that, in 

each season, (i) there are no serious collinearities between the determinants and (ii) the 
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determinants continue to be important explanatory variables for the cross-section of 

returns after controlling for the common variation between them.  Therefore, the main 

conclusion from the earlier tests that the identified determinants contribute independently 

to investors’ expectations remains unchanged in a multivariate environment. 

The second major goal of this study is to assess the importance of accounting 

disclosures for determining investors’ opinions of risk relative to non-accounting 

information.  This is pursued by measuring the common variation in returns that cannot 

be explained by accounting disclosures.  If accounting disclosures leave relatively little or 

no common variation unexplained, then they contain essentially all of the information 

that investors require to construct expectations.  In contrast, if accounting disclosures 

leave a relatively large amount of the variation in returns unexplained, then a significant 

component of investors’ expectations depends on non-accounting information. 

The strategy is to compare the explanatory power of price-based and fundamental 

variables.  If price-based variables summarize investors’ opinions, then the explanatory 

power of price-based variables will subsume the explanatory power of all of the 

determinants of opinions.  This implication is supported by evidence in the literature that 

indicates that the explanatory power of price-based variables subsumes the explanatory 

power of fundamental variables.  This suggests that the incremental explanatory power of 

price-based variables relative to fundamental variables measures the common variability 

in the cross-section of returns that is left unexplained by accounting disclosures. 

The incremental explanatory power of price-based variables relative to 

fundamental variables is computed as the difference between the estimated return premia 
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of the two classes of variables.  The premia generated by the fundamental variables are 

estimated with the returns of a mimicking portfolio that captures the dispersion in returns 

generated by E/A, BE and GEMP in the first season and E/A, SALE and GA in the 

second season.  The premia generated by the price-based variables are estimated with the 

returns of a mimicking portfolio that captures the dispersion in returns generated by 

BE/ME, ME and momentum in both seasons. 

The results are as follows.  In the first season, accounting disclosures explain 

between 81% and 91% of the common variation in the cross-section of returns.  

Statistical tests do not unambiguously determine whether the amount of the common 

variation that is left unexplained is significant or not.  In the second season, accounting 

disclosures explain between 77% and 88% of the common variation in returns.  As in the 

first season, tests do not provide unambiguous inferences about the amount of variation 

left unexplained. 

In either season, it is possible that the amount of variation in returns that 

accounting disclosures leave unexplained is statistically significant.  This would indicate 

that investors’ risk opinions depend on both accounting and non-accounting information.  

It is also possible that the amount of variation that accounting disclosures leave 

unexplained is not significant.  This would suggest that accounting disclosures explain 

practically all of the variation in average returns and thus contain practically all of the 

information that investors’ opinions are based on.  Overall, the results suggest that 

accounting disclosures explain a large majority of the variation in returns. 
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It is important to note that since price-based expected returns are computed by 

disregarding potential autocorrelation in monthly returns to avoid possible biases 

imparted by bid-ask bounce and thin trading, the return spreads between the fundamental 

and price-based mimicking portfolios are conservatively estimated.   

The third major goal is to examine the practical effectiveness of accounting 

disclosures for measuring portfolio risk, in terms of exposures to common sources of 

return variability.  It is possible that fundamental variables leave an important amount of 

the variation in average returns unexplained.  This would suggest that, among firms with 

similar sensitivities to fundamental variables, there is common variation in returns 

attributable to the non-accounting (unmeasured) determinants of investors’ opinions.  The 

ability of accounting disclosures to measure portfolio risk, given the possible return 

variation associated with non-accounting determinants, is examined within the context of 

a study of stock market efficiency by Haugen and Baker (1996). 

In this approach, two portfolios are formed.  The first portfolio contains the octile 

of stocks that have the highest price-based expected returns within the octile of stocks 

that have the lowest fundamental expected returns.  The stocks in this portfolio have the 

highest sensitivity to non-accountings determinants among the stocks with the lowest 

sensitivity to fundamental determinants.  The second portfolio contains the octile of 

stocks that have the lowest price-based expected returns within the octile of stocks that 

have the highest fundamental expected returns.  The stocks in this portfolio have the 

lowest sensitivity to non-accounting determinants among the stocks with the highest 

sensitivity to fundamental determinants. 
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The extent of the return difference between the two portfolios provides a practical 

perspective of the usefulness of fundamental variables, and hence accounting disclosures 

in general, for assessing portfolio risk.  If the returns of the low-fundamental exposure 

(first) portfolio exceed the returns of the high-fundamental exposure (second) portfolio, 

then, for a given exposure to fundamental variables, there is a relatively large range in 

opinions, and therefore returns, generated by the unmeasured determinants.  Thus, 

fundamental variables would not explain enough variation in returns to be practically 

useful for assessing portfolio risk.  However, if the returns of the low-fundamental 

exposure portfolio do not exceed the returns of the high-fundamental exposure portfolio, 

then, for a given fundamental variables exposure, there is a relatively small range in 

opinions attributable to the unmeasured determinants.  Therefore, fundamental variables 

may account for enough of the cross-sectional variation in returns to effectively measure 

portfolio risk.   

The results indicate that, over the full calendar year, the returns of the low-

fundamental exposure portfolio exceed the returns of the high-fundamental exposure 

portfolio by an average of 61 basis points per month, or 757 basis points per year.  This 

difference, which is conservatively estimated by discarding potentially important 

information about autocorrelation in monthly returns to avoid possible biases induced by 

microstructure effects, is statistically significant according to parametric and non-

parametric tests.  Thus, the average return of a portfolio with low exposure to 

fundamental determinants and high exposure to unmeasured determinants may exceed the 

average return of a portfolio with high exposure to fundamental determinants and low 
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exposure to unmeasured determinants.   This suggests that a portfolio that has low risk 

according to fundamental variables and high risk according to unmeasured determinants 

may be riskier than a portfolio that has high risk according to fundamental variables and 

low risk according to unmeasured determinants.  This indicates that fundamental 

variables, and hence accounting disclosures in general, do not necessarily measure the 

risk of stocks with extreme exposure to non-accounting determinants precisely. 

Haugen and Baker (1996) find that a portfolio that is high quality in terms of 

accounting variables has higher returns than a low-quality portfolio.  Since they consider 

high-quality stocks to have lower risk than low-quality stocks, they consider this result to 

support the hypothesis that equity prices are inefficient.  The results in this study provide 

an alternative explanation that is not necessarily inconsistent with efficient pricing. 

In the first season, a high-quality portfolio has low exposure to the fundamental 

determinants and a low-quality portfolio has high exposure to the fundamental 

determinants, if quality is measured with fundamental determinants.  Therefore, a high-

quality portfolio will have lower returns than a low-quality portfolio, if the portfolios 

have comparable exposure to omitted determinants.  The result discussed above suggests 

that a low-fundamental exposure portfolio may have higher returns than a high-

fundamental exposure portfolio, if it has higher exposure to omitted determinants.  

Therefore, a high-quality portfolio may have higher returns than a low-quality portfolio, 

if it has higher exposure to omitted determinants.  Since fundamental determinants are the 

accounting variables with explanatory power, Haugen and Baker’s high-quality portfolio 

may have higher returns than their low-quality portfolio, because it has higher exposure 
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to omitted determinants.  In other words, Haugen and Baker’s high-quality portfolio may 

have higher total exposure to sources of variability in average returns, and hence higher 

risk, than their low-quality portfolio.   

In the second season, a high-quality portfolio has high exposure to size and 

profitability and low exposure to growth and a low-quality portfolio has low exposure to 

size and profitability and high exposure to growth.  Therefore, a high-quality portfolio 

may have higher or lower returns than a low-quality portfolio, if the portfolios have 

comparable exposure to omitted determinants (in contrast to the first season, exposure to 

size and profitability contribute positively to the return of the high-quality portfolio and 

negatively to the return of the low-quality portfolio).  However, the result that a low-

fundamental exposure portfolio may have higher returns than a high-fundamental 

exposure portfolio, if it has higher exposure to omitted determinants, indicates that a 

high-quality portfolio may have higher returns than a low-quality portfolio, if it has 

higher exposure to omitted determinants.  Hence, Haugen and Baker’s high-quality 

portfolio may have higher returns than their low-quality portfolio because it has higher 

exposure to size and profitability caused by the yearend reversal in the signs of the 

payoffs to size and profitability and because it has higher exposure to omitted 

determinants. 

In summary, the combined effects of differential exposures to omitted 

determinants and the yearend reversal in the signs of the payoffs to firm size and 

profitability may explain Haugen and Baker’s finding that a high-quality portfolio may 
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have higher returns than a low-quality portfolio when quality is measured with 

accounting disclosures.   

Some caveats apply when interpreting the evidence in this study.  One caveat is 

that, since not all possible accounting variables are examined (only a subset that prior 

empirical research links to returns is tested), some accounting determinants of investors’ 

expectations may have been overlooked.  Therefore, the fundamental long-short portfolio 

may underestimate the return premium attributable to the fundamental variables.  This 

would tend to make the difference in explanatory power between price-based and 

fundamental variables appear to be larger than it really is.  However, this possibility 

seems unlikely, since most of the information that can be obtained from accounting 

disclosures (such as firm size, profitability, leverage, interest coverage, etc.) is examined 

in this study. 

Another caveat is that, similar to accounting variables, not all price-based 

variables are investigated.  Hence, it is possible that price-based variables that predict 

returns independently of BE/ME, ME and momentum have been erroneously excluded 

from the price-based model of returns.  In this case, the price-based long-short portfolio 

would underestimate the explanatory power of the price-based variables and would 

therefore tend to make the difference in explanatory power between price-based and 

fundamental variables seem to be smaller that it actually is. 

This suggests a way of extending this study by employing a modified price-based 

model of returns to estimate price-based expected returns more precisely.  The 

momentum variables used in the price-based model of returns measure the previous 23-
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month return ending one month prior to the beginning of the holding-period of the 

dependent return.  The prior month’s return is excluded because it may introduce 

negative serial correlation induced by thin trading and bid-ask bounce.  However, 

Jegadeesh (1990) finds that after controlling for these microstructure effects there is 

significant negative first-order serial correlation in monthly returns.  This suggests that 

the inclusion of a momentum variable that contains the information from the prior 

month’s return but is not subject to bias imparted by microstructure effects would 

increase the predictive power of the price-based return model.  This would suggest that 

the explanatory power of price-based variables, as well as the difference in explanatory 

power between price-based and fundamental variables, would increase.  One way to 

construct a bias-free version of a one-month momentum variable is to compute the prior 

month’s return by excluding the last trading day of the month.  This is the method 

advocated by Jegadeesh (1990).67 

An additional caveat is that it is possible that the fundamental variables are 

associated with returns because they proxy for industry membership.  In particular, it is 

possible that industry membership determines the cross-section of expected returns and 

that the fundamental variables are associated with returns only because the fundamental 

variables are cross-sectionally correlated with industry membership (that is, stocks in the 

same industry have similar values of the fundamental variables, and these values vary 

                                                 
67 In particular, a monthly return that excludes the final trading day may be constructed by 
using the CRSP daily price file. 
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across industries).  In this case, fundamental variables would have no incremental 

explanatory power for the cross-section of returns relative to industry membership. 

This issue could be examined in an extension of this study by determining 

whether industry membership explains the variation in returns associated with the 

fundamental variables by using a variation of the characteristic-benchmarking 

methodology employed by Daniel, Grinblatt, Titman and Wermers (1997).  First, stocks 

are grouped into industry portfolios based on their SIC codes.  Next, stocks are 

independently grouped into ten decile portfolios on the basis of a particular fundamental 

variable.  In each fundamental decile portfolio, the abnormal return for each stock is 

estimated each month as the stock’s return minus the equally-weighted return of the 

stock’s industry portfolio.  The abnormal monthly return of the fundamental decile 

portfolio is the equally-weighted average of the abnormal monthly returns of the stocks in 

the portfolio.  The abnormal portfolio returns provide a test of whether the cross-sectional 

return variability associated with the fundamental variable is explained by industry 

membership.  Abnormal portfolio returns that are indistinguishable from zero would 

indicate that the return variability associated with the fundamental variable is explained 

by industry membership.  In other words, it would indicate that the fundamental variable 

does not have incremental explanatory power relative to industry membership (which 

would suggest that industry membership, rather than the fundamental variables, 

determines expected returns).  In contrast, abnormal portfolio returns that deviate from 

zero would suggest that the fundamental variable has incremental explanatory power 
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relative to industry membership.  This procedure is repeated for each fundamental 

variable.68 

Another way to extend this study is to determine whether the results of the search 

for fundamental determinants are attributable to data-snooping.  Given the number of 

candidate variables that are examined, it is possible that some of them have explanatory 

power for future returns by chance alone.  One way to protect against this problem is with 

out-of-sample testing.  Specifically, by assessing whether the determinants identified with 

U.S. firms have explanatory power in foreign markets.  A similar approach is used by 

Chan, Karceski and Lakonishok (1998) and Fama and French (1999).  If the results are 

due to data-snooping, then the determinants of expectations documented in this study will 

have no ability to predict returns in foreign stock markets. 

An additional way to extend this study is to explore the cross-sectional role that 

industry membership plays in returns relative to fundamental variables.  The finding that 

the explanatory power of price-based variables exceeds the explanatory power of 

fundamental variables suggests that there are determinants of expectations that are not 

among accounting disclosures.  Kale, Hakansson and Platt (1991) document that industry 

                                                 
68 It may seem reasonable to test the hypothesis that the variation in returns associated with 
fundamental variables is explained by industry membership by employing the cross-sectional 
regression procedure of Fama and French (1992).  In this procedure, returns are 
simultaneously regressed on the fundamental variables and indicator variables for industry 
membership.  However, there is a problem with this approach caused by the potential 
relationship between the fundamental variables and industry membership.  If industry 
membership is correlated with the fundamental variables, as will be the case if fundamental 
variables proxy for industry membership, then the estimates of the premia of the fundamental 
variables and industry membership may be biased.  Thus, inferences about the incremental 
explanatory power of fundamental variables may be unreliable. 
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membership is correlated with the cross-section of returns.  To establish whether industry 

membership is one of the omitted determinants, its incremental explanatory power 

relative to the fundamental determinants identified in this study may be measured. 

Another extension is suggested by a study of information risk by Easley, 

Hvidkjaer and O’Hara (2002).  The authors hypothesize that investors apply higher 

discounts to stocks with greater private information, and therefore that the amount of a 

stock’s private information is positively correlated with its expected return.  The authors 

test this hypothesis by examining the cross-sectional relationship between a proxy for the 

prevalence of private information and stock returns.  The proxy for the prevalence of 

private information is the probability of informed trading (PIN), which is estimated for 

each stock in each year of the sample period from transactions data.  The cross-sectional 

association between PIN and returns is estimated with the regression methodology 

described in Fama and French (1992).  Specifically, for each month of the sample period, 

monthly returns are simultaneously regressed on PIN, market beta, the market value of 

equity and book-to-market equity.  The return premia for the explanatory variables are 

estimated with time-series average slopes using the Fama-MacBeth (1973) procedure. 

 The results indicate that, in a model that contains PIN, market beta, the market 

value of equity and book-to-market equity, the estimated premium for PIN is 

significantly positive.  The authors conclude that PIN is positively correlated with returns 

after controlling for the return effects of market beta, the market value of equity and 

book-to-market equity.  However, the results also indicate that PIN and the market value 

of equity are highly correlated (the correlation coefficient between these variables is -
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0.58).  Thus, the estimated premium for PIN and the market value of equity may be 

affected by collinearity.  Additionally, the results indicate that the estimated premium for 

the market value of equity is significant positive.  This is in contrast to the significantly 

negative estimated premium for the market value of equity documented in this study and 

most prior research (e.g. Banz (1981), Fama and French (1992), Berk (1996)).  Since one 

of the effects of collinearity is the reversal of the signs of the estimated slopes of the 

collinear explanatory variables, this is consistent with the possibility that the estimated 

premia for PIN and market value are affected by collinearity.  It is therefore difficult to 

interpret the estimated premium for PIN and thus to draw a conclusion about the 

relationship between PIN and returns. 

 In an extension of this study, it would be interesting to examine whether PIN has 

incremental explanatory power relative to the market value of equity and book-to-market 

equity as well as the prior 2- to 24-month return.  In other words, it would be of interest 

to examine whether PIN has incremental explanatory power relative to the price-based 

variables used in this study.  A finding that PIN has additional explanatory power would 

suggest that the price-based variables do not explain all of the common variation in 

returns and thus that variables are omitted from the price-based model of returns.  Note 

that it would not, however, suggest that PIN is an omitted price-based variable.  This is 

because PIN does not depend on stock price and hence, if PIN is correlated with returns, 

it is a determinant of expected returns rather than a proxy for expected returns. 

 It would also be interesting to test whether PIN has incremental explanatory 

power relative to the fundamental variables identified in this study.  A finding that PIN 
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has additional explanatory power relative to the fundamental variables would suggest 

that, similar to firm size, profitability and growth, information risk is a fundamental 

determinant of expected returns, and hence of investors’ determinants of systematic risk.
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Figure 1 – Average monthly returns of the fundamental and price-based decile portfolios 
 

In each month between July 1984 and June 1999, the cross-section of stocks is sorted 
into deciles based on fundamental expected returns.  In each month, stocks are also sorted into 
deciles based on price-based expected returns.  The methodology used to construct the 
fundamental and price-based expected returns is described in Table 6.  For each month, the 
equally weighted average return is computed for each fundamental and price-based decile.  The 
resulting time-series of monthly decile returns are separately averaged for (i) January to 
September months and (ii) October to December months over the July 1984 to June 1999 
sample period. 
 The figure plots the average returns of the fundamental and price-based deciles for both 
the January-to-September and October-to-December seasons. 
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Figure 2 – Fundamental/price-based portfolio formation methodology 
 

Each month, over the July 1984 to June 1999 period, the cross-section of stocks is 
sorted into octiles based on fundamental expected returns.  The stocks in the two extreme 
fundamental return octiles are further sorted into eight portfolios based on price-based expected 
returns.  The eight portfolios constructed from the octile of stocks that have the lowest 
fundamental expected returns are labeled L-1 to L-8 and the eight portfolios constructed from 
the octile of stocks that have the highest fundamental expected returns are labeled H-1 to H-8.   
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Figure 3 – Average monthly returns of the fundamental/price-based portfolios 
 

Each month, over the July 1984 to June 1999 period, the cross-section of stocks is 
sorted into eight groups on the basis of fundamental expected returns.  Next, the stocks in the 
two extreme fundamental expected return groups are further sorted into equally weighted 
portfolios based on price-based expected returns.  The methodology employed to estimate 
fundamental and price-based expected returns is described in Table 6.  This procedure yields 
eight low-fundamental expected return portfolios and eight high-fundamental expected return 
portfolios.  Each month, the average return of the stocks is computed within each portfolio.  
The resulting time-series of portfolio returns are averaged across the 1984 to 1999 period for 
each portfolio. 

The figure displays the average returns of the 16 portfolios.  The eight low-fundamental 
expected return portfolios are labeled L-1 to L-8.  L-1 is the low-fundamental expected return 
portfolio with the lowest price-based expected return and L-8 is the low fundamental expected 
return portfolio with the highest price-based expected return.  The eight high-fundamental 
expected return portfolios are analogously labeled H-1 to H-8. 
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Table 1 – Descriptive statistics for the firm-year distributions of the candidates of determinants 
 

Each year, between t = 1980 and t = 1997, the candidate variables are measured using 
annual balance sheet and income statement data items for each firm’s fiscal year ending in 
calendar year t.  Summary statistics are computed over firm-years using NYSE, AMEX and 
NASDAQ stocks.  P5 and P95 are the 5th and 95th percentiles, respectively.  PNEG is the 
percentage of negative observations.  The median, mean and standard deviation of the 
candidate variables’ firm-year distributions are also shown.  N is the number of firm-year 
observations.  

A is the book value of total assets, BE is the book value of stockholders equity, plus 
balance sheet deferred taxes and investment tax credit (if available), minus the book value of 
preferred stock.  Depending on availability, the redemption, liquidation or par value (in that 
order) is used to estimate the book value of preferred stock.  EMP is the number of employees.  
SALE is net sales.  E is income before extraordinary items and discontinued operations, plus 
deferred taxes, minus preferred dividends.  C is E plus depreciation. C2 is net cash flow from 
operating activities.  It is estimated with operating income before depreciation, minus interest 
expense, total taxes and change in non-cash working capital.  This item is only available since 
1987.  OI is operating income after depreciation.  NI is net income.  SEQ is the book value of 
all stockholders’ (common and preferred) equity.  XINT is interest expense.  Except for EMP, 
which is measured in thousands, the characteristics are measured in millions. 
 
 
Char P5 Median P95 Skew PNeg Mean Std N

    
A 2.98 84.04 5567.06 23.9 0.00 1712.17 11639.70 95870
BE 0.43 35.30 1603.00 15.2 0.04 383.53 1742.37 95872
EMP 0.01 0.68 25.30 15.5 0.00 5.88 24.83 88086
SALE 0.78 74.23 3414.52 17.7 0.00 813.79 3880.95 95204
         
C -8.32 4.32 322.70 18.7 0.23 77.29 450.44 91334
C2 -10.31 2.38 298.64 14.3 0.31 75.31 514.83 72781
E -16.56 2.17 191.33 12.6 0.30 39.68 257.10 95315
    
C2/A -0.38 0.05 0.23 -142.4 0.31 -0.01 1.69 72758
C2/BE -0.75 0.12 0.56 -262.7 0.29 -1.06 268.91 69365
C2/EMP -88.92 4.44 88.82 -71.9 0.30 9.20 494.39 69107
C2/SALE -1.04 0.05 0.34 -106.5 0.30 -1.27 47.49 71704
    
C/A -0.39 0.07 0.21 -128.9 0.23 -0.01 2.00 91312
C/BE -0.75 0.16 0.44 213.8 0.21 -0.03 18.51 87560
C/EMP -83.07 6.44 74.65 48.2 0.23 9.01 626.57 83293
C/SALE -1.05 0.07 0.31 -95.7 0.22 -1.42 57.78 90003
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Table 1 (continued) 
 
 
Char P5 Median P95 Skew Pneg Mean Std N

E/A -0.45 0.03 0.15 -128.8 0.30 -0.06 1.99 95293
E/BE -0.91 0.09 0.28 184.9 0.28 -0.20 18.04 91504
E/EMP -100.11 3.32 46.07 46.7 0.30 -4.33 612.33 86917
E/SALE -1.19 0.04 0.20 -97.4 0.29 -1.50 58.68 93792
   
OI/A -0.37 0.06 0.23 -144.4 0.24 0.00 1.68 95143
OI/SALE -1.11 0.07 0.31 -114.8 0.23 -1.33 50.02 93801
NI/SEQ -0.95 0.09 0.35 201.5 0.27 -0.02 17.57 95580
   
A/BE 1.12 2.01 14.61 301.6 0.00 6.90 650.91 92032
DT/BE 0.00 0.43 3.80 301.3 0.00 3.40 561.59 91237
OI/XINT -30.27 2.60 65.31 26.8 0.24 13.68 447.36 79876
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Table 2 – Average slopes and t-statistics from univariate month-by-month regressions of stock 
returns on the candidates for determinants 
 
 In each year, from t = 1980 to t = 1997, the candidates for determinants are measured 
using annual accounting numbers for each firm’s fiscal year ending in calendar year t.  The 
candidate variables are expressed in terms of their cross-sectional ranking, and then scaled to 
lie between 0 and 1.  The values of the candidate variables for year t are then matched with 
returns for the months from July of year t + 1 to June of year t + 2, and univariate regressions 
of returns on candidate variables are estimated each month.  The average slope is the time-
series average of the 216 monthly regression slopes for July 1981 to June 1999, and the t-
statistic is the average slope divided by its time-series standard error.  N is the number of 
monthly regressions that are estimated for the variables.  Note that since C2 is only available 
since 1987, 120 monthly regressions are estimated for variables that use this version of cash 
flow. 

GSALE is defined in the following way.  In each of the past three years, firms are 
ranked by the percent change in growth of sales.  The ranks are then scaled to lie between 0 
and 1.  Using weights of 3/6 for most recent year’s rank, 2/6 for prior year’s rank and 1/6 for 
the rank of the year before that, the average rank is computed for the most recent 3 years.  The 
scaling and weighting allows the estimated risk premia of the growth variables to be directly 
compared with those of the other candidate variables.  GEMP and GSALE are defined 
similarly using the number of employees and net sales.    Since the growth variables use 4 
years of data, 180 monthly regressions are estimated for these variables.  BE/ME is BE for the 
fiscal year ending in calendar year t divided by the market value of equity at end of December 
of year t.  ME is the market value of equity at the end of June of year t + 1.  The definitions of 
the other variables are described in Table 1. 

Note that the results for A/BE and A/ME in the last two rows of the table are from 
multivariate regressions that contain both variables.  These results replicate the Fama and 
French (1992) leverage regressions. 

 
 
CHAR  N MEAN T
 
A 216 -1.235 -2.452
BE 216 -3.342 -4.374
EMP 216 -0.332 -0.588
SALE 216 -0.694 -1.343
 
C 216 -1.984 -3.192
C2 120 -0.820 -0.996
E 216 -2.477 -3.195
 
C2/A 120 -0.850 -1.186
C2/BE 120 -0.446 -0.802
C2/EMP 120 -1.235 -1.665
C2/SALE 120 -1.114 -1.521
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Table 2 (continued) 
 
 
CHAR N MEAN T
 
C/A 216 -2.190 -3.879
C/BE 216 -0.705 -1.823
C/EMP 216 -2.385 -4.220
C/SALE 216 -2.457 -4.498
 
E/A 216 -2.515 -4.137
E/BE 216 -0.880 -2.157
E/EMP 216 -2.338 -4.198
E/SALE 216 -2.444 -4.313
 
OI/A 216 -1.431 -3.137
OI/SALE 216 -1.734 -3.679
NI/SEQ 216 -0.883 -2.237
 
A/BE 216 0.215 0.923
DT/BE 216 -0.135 -0.540
OI/XINT 216 -1.939 -3.551
 
GA 180 -6.171 -6.442
GEMP 180 -4.366 -5.184
GSALE 180 -3.879 -3.552
 
ME 216 -4.168 -5.720
BE/ME 216 2.133 6.453
 
A/BE (multivariate) 216 -1.493 -6.946
A/ME (multivariate) 216 2.701 6.916
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Table 3 – Average slopes and t-statistics from univariate month-by-month regressions of stock 
returns on the candidates for determinants conditioned on season 
 
 The regression methodology is described in Table 2.  In Panel A, the average slope is 
the time-series average of the January through September monthly regression slopes between 
July 1981 and June 1999.  The t-statistic is the average slope divided by the time-series 
standard error of the January to September months.  In Panel B, average slopes and t-statistics 
are computed for Octobers, Novembers and Decembers for the same sample period.  N is the 
number of monthly regressions that are estimated.  The definitions of the explanatory variables 
are given in Tables 1 and 2. 
 
 
CHAR N MEAN T N MEAN T
 
 Panel A: January to September Panel B: October to December 
 
A 162 -2.235 -3.647 54 1.765 2.585
BE 162 -4.768 -5.086 54 0.936 0.933
EMP 162 -1.171 -1.629 54 2.184 3.912
SALE 162 -1.673 -2.609 54 2.243 3.670
   
C 162 -3.394 -4.531 54 2.246 2.677
C2 90 -2.102 -2.055 30 3.027 3.368
E 162 -4.116 -4.250 54 2.440 3.158
   
C2/A 90 -2.063 -2.379 30 2.792 2.961
C2/BE 90 -1.327 -2.010 30 2.195 2.540
C2/EMP 90 -2.389 -2.745 30 2.225 1.808
C2/SALE 90 -2.192 -2.494 30 2.123 1.936
   
C/A 162 -3.551 -5.170 54 1.892 2.806
C/BE 162 -1.621 -3.526 54 2.043 3.659
C/EMP 162 -3.542 -5.159 54 1.086 1.422
C/SALE 162 -3.575 -5.366 54 0.897 1.250
   
E/A 162 -4.036 -5.436 54 2.047 3.055
E/BE 162 -2.015 -4.214 54 2.528 4.472
E/EMP 162 -3.667 -5.446 54 1.646 2.316
E/SALE 162 -3.809 -5.535 54 1.652 2.405
   
OI/A 162 -2.591 -4.785 54 2.051 3.254
OI/SALE 162 -2.916 -5.306 54 1.815 2.485
NI/SEQ 162 -1.987 -4.319 54 2.428 4.256
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Table 3 (continued) 
 
 
CHAR N MEAN T N MEAN T

 Panel A: January to September Panel B: October to December 

A/BE 162 0.282 1.042 54 0.011 0.025
DT/BE 162 0.144 0.482 54 -0.970 -2.289
OI/XINT 162 -3.389 -5.145 54 2.412 3.776
   
GA 135 -7.672 -6.405 45 -1.669 -1.516
GEMP 135 -5.424 -5.116 45 -1.193 -1.214
GSALE 135 -4.974 -3.508 45 -0.595 -0.707
   
BE/ME 162 2.465 6.334 54 1.140 1.877
ME 162 -5.775 -6.541 54 0.652 0.677
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Table 4 – Average cross-sectional pairwise correlation coefficients between the determinants 
of expectations 
 
 In each year, between t = 1980 and t = 1997, pairwise cross-sectional Pearson 
correlation coefficients are computed between each pair of variables that have significant 
explanatory power in Table 2.  The average coefficients reported in the table are the time-series 
averages of the 18 annual coefficients.  Each variable is expressed in terms of its cross-
sectional ranking before correlations are estimated.  Variable definitions are given in Tables 1 
and 2. 
 
 
Char A BE C C2 C2/A C2/ 

BE
C2/ 

EMP
C2/ 

SALE 
C/A C/BE

A 1.00     
BE 0.91 1.00    
C 0.77 0.81 1.00   
C2 0.63 0.62 0.67 1.00   
C2/A 0.29 0.31 0.44 0.77 1.00   
C2/BE 0.29 0.26 0.37 0.69 0.80 1.00   
C2/EMP 0.38 0.38 0.46 0.79 0.85 0.72 1.00   
C2/SALE 0.34 0.35 0.43 0.77 0.88 0.73 0.94 1.00  
C/A 0.25 0.36 0.64 0.43 0.54 0.37 0.43 0.44 1.00 
C/BE 0.28 0.26 0.57 0.37 0.40 0.52 0.33 0.33 0.72 1.00
 
 
Char A BE C C2 C2/A C2/ 

BE
C2/ 

EMP
C2/ 

SALE 
C/A C/BE

C/EMP 0.41 0.47 0.69 0.42 0.41 0.30 0.56 0.49 0.71 0.55
C/SALE 0.35 0.41 0.64 0.41 0.44 0.31 0.51 0.54 0.74 0.56
E 0.65 0.71 0.91 0.57 0.39 0.31 0.41 0.38 0.67 0.57
E/A 0.22 0.34 0.64 0.38 0.45 0.29 0.36 0.37 0.93 0.67
E/BE 0.31 0.33 0.63 0.36 0.41 0.37 0.33 0.33 0.83 0.87
E/EMP 0.41 0.47 0.67 0.39 0.38 0.27 0.48 0.42 0.73 0.56
E/SALE 0.35 0.42 0.62 0.37 0.40 0.27 0.43 0.45 0.75 0.56
GA 0.18 0.22 0.27 0.07 0.06 0.02 0.05 0.05 0.32 0.25
GEMP 0.04 0.08 0.13 -0.01 0.02 -0.01 -0.03 0.00 0.22 0.18
GSALE 0.02 0.06 0.14 0.00 0.05 0.02 0.02 0.02 0.26 0.22
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Table 4 (continued) 
 
 
Char A BE C C2 C2/A C2/ 

BE
C2/ 

EMP
C2/ 

SALE 
C/A C/BE

NI/SEQ 0.31 0.34 0.61 0.36 0.40 0.34 0.34 0.33 0.79 0.77
OI/A 0.26 0.34 0.61 0.43 0.50 0.36 0.39 0.39 0.84 0.64
OI/SALE 0.45 0.44 0.61 0.44 0.43 0.33 0.49 0.51 0.63 0.52
OI/XINT 0.30 0.39 0.57 0.38 0.44 0.28 0.35 0.35 0.79 0.52
SALE 0.91 0.86 0.78 0.64 0.34 0.32 0.35 0.29 0.35 0.36
 
 
Char C/ 

EMP 
C/ 

SALE 
E E/A E/BE E/ 

EMP
E/ 

SALE
GA GEMP GSALE

C/EMP 1.00     
C/SALE 0.88 1.00    
E 0.68 0.65 1.00   
E/A 0.70 0.72 0.69 1.00   
E/BE 0.66 0.67 0.73 0.89 1.00   
E/EMP 0.92 0.83 0.77 0.77 0.77 1.00   
E/SALE 0.82 0.91 0.73 0.81 0.80 0.92 1.00   
GA 0.28 0.29 0.31 0.38 0.38 0.35 0.36 1.00  
GEMP 0.12 0.16 0.17 0.25 0.25 0.17 0.21 0.69 1.00 
GSALE 0.17 0.18 0.18 0.28 0.29 0.22 0.23 0.70 0.72 1.00
 
 
Char C/ 

EMP 
C/ 

SALE 
E E/A E/BE E/ 

EMP
E/ 

SALE
GA GEMP GSALE

NI/SEQ 0.64 0.64 0.70 0.84 0.93 0.74 0.76 0.36 0.23 0.27
OI/A 0.60 0.59 0.61 0.89 0.80 0.65 0.66 0.35 0.24 0.30
OI/SALE 0.75 0.80 0.65 0.66 0.69 0.80 0.85 0.34 0.20 0.23
OI/XINT 0.57 0.59 0.64 0.85 0.73 0.68 0.72 0.37 0.25 0.28
SALE 0.36 0.24 0.66 0.32 0.37 0.38 0.28 0.16 0.03 0.05
 
 
Char NI/ 

SEQ 
OI/A OI/ 

SALE
OI/ 

XINT
SALE

NI/SEQ 1.00  
OI/A 0.79 1.00 
OI/SALE 0.68 0.71 1.00
OI/XINT 0.72 0.86 0.69 1.00
SALE 0.37 0.40 0.34 0.38 1.00
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Table 5 – Average slopes and t-statistics from multivariate month-by-month regressions of 
stock returns on the determinants of expectations conditioned on season 
 

The underlying regression methodology is the same as the univariate methodology 
described in Table 2.  In Panel A, returns are simultaneously regressed on BE, E/A and GEMP 
in each month between January and September in the July 1984 to June 1999 sample period.  
For each explanatory variable, the average slopes are the time-series averages of the 135 
monthly regression slopes from this period, and the t-statistics are the average slopes divided 
by their time-series standard errors.  In Panel B, returns are simultaneously regressed on SALE, 
E/A and GA in each month between October and December in the July 1984 and June 1999 
sample period.  Average slopes and t-statistics are computed from the slopes of these 45 
monthly regressions.  The shorter sample period in Panel A (135 months versus 162 months for 
most variables in Panel A of Table 3) is attributable to the inclusion of GEMP in the model, 
which uses 4 years of data for each annual observation.  Similarly, the shorter sample period in 
Panel B (45 months versus 54 months for most variables in Panel B of Table 3) is attributable 
to the inclusion of GA in the model.  The definitions of BE, E/A, GEMP, SALE and GA are 
given in Tables 1 and 2.  The second column indicates the firm characteristic that the 
fundamental variables measure. 
 
 

Panel A – January-to-September Season 

Fundamental 
Variable 

Firm 
Characteristic 

Measured

N MEAN T

BE Size 135 -4.753 -4.203
E/A Profitability 135 -2.798 -4.106
GEMP Growth 135 -3.878 -5.008

 
Panel B – October-to-December Season 

Fundamental 
Variable 

Firm 
Characteristic 

Measured

N MEAN T

SALE Size 45 2.142 3.129
E/A Profitability 45 1.854 2.348
GA Growth 45 -3.188 -3.560
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Table 6 – Average monthly returns and characteristics of the price-based and fundamental 
portfolios based on decile breakpoints 
 

Each month, over the July 1984 to June 1997 sample period, NYSE, AMEX and 
NASDAQ stocks are sorted into equally weighted decile portfolios on the basis of fundamental 
expected returns.  Fundamental expected returns are computed each month by summing the 
products of the stocks’ exposures to the fundamental variables, measured at the end of the 
previous month, and the fundamental variables’ projected payoffs for the current month.  
Between January and September, stocks’ exposures to the fundamental variables are their 
values of BE, E/A and GEMP.  Between October and December, stocks’ exposures to the 
fundamental variables are their values of SALE, E/A and GA.  Projected payoffs are computed 
for each month by averaging the prior realized payoffs falling in the same calendar month.  For 
January to September, the realized payoffs are the estimated slopes from a regression model 
that relates monthly returns to BE, E/A and GEMP.  For October to December, the realized 
payoffs are the estimated slopes from a regression model that relates monthly returns to SALE, 
E/A and GA.  Each month, the equally weighted average monthly return and average 
fundamental characteristics of the stocks are computed within each portfolio.  The resulting 
monthly time-series of portfolio returns and fundamental and price-based characteristics are 
averaged across the 1984 to 1999 period for each portfolio.  The fundamental long-short 
portfolio is constructed with a long position in the decile with the highest fundamental 
expected returns and a short position in the lowest fundamental expected returns.  Each month, 
stocks are also independently sorted into equally weighted deciles based on their price-based 
expected returns, which are computed using BE/ME, ME, MOM2-12 and MOM13-24 to 
measure stocks exposures.  A price-based long-short portfolio is constructed analogously to the 
long-short fundamental portfolio. 

Panels A and B contain the average returns and fundamental characteristics of the 
fundamental decile portfolios for the January-to-September and October-to-December seasons, 
respectively.  The last row displays the summary statistics of the time-series of monthly returns 
of the fundamental long-short portfolio.  The t and sign rank statistics test the null hypothesis 
of no return difference between the two extreme fundamental decile portfolios.  Panels C and D 
contain the average returns and price-based characteristics of the price-based decile portfolios.  
Panels E and F contain the summary statistics of the difference in monthly returns between the 
price-based and fundamental long-short portfolios.  The t and sign rank statistics test the null 
hypothesis of no difference in the monthly returns between the price-based and fundamental 
portfolios. 

BE/ME is BE for the fiscal year ending in calendar year t divided by the market value 
of equity at end of December of year t.  ME is the market value of equity at the end of June of 
year t + 1.  MOM2-12 is a stock’s return over the 12-month period starting in the 12th month 
and ending in the 2nd month prior to the beginning of the period over which the dependent 
return is measured.  MOM13-24 is the return over the 11-month period starting in the 24th 
month and ending in the 13th month prior to the beginning of the holding period of the 
dependent return.  The definitions of BE, E/A, GEMP, SALE and GA are given in Tables 1 
and 2. 
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Table 6 (continued) 
 
 

Panel A – Fundamental Portfolios, January-to-September Season 

Fundamental 
Portfolio 

Return BE E/A GEMP

1 (Lowest 
Expected Returns) 

1.384 1322.5 0.103 0.696

2 1.394 1379.7 0.072 0.597
3 1.436 1058.4 0.060 0.558
4 1.514 727.5 0.051 0.526
5 1.650 340.1 0.043 0.517
6 1.770 161.6 0.032 0.502
7 1.907 52.3 0.013 0.482
8 2.182 20.6 -0.028 0.457
9 2.523 -0.1 -0.132 0.424
10 (Highest 
Expected Returns) 

3.911 -22.9 -0.493 0.296

 
Portfolio Return Std N T Sign Rank (p-

value)
Long 10/Short 
1 

2.526 6.613 135 4.438 1826 (< 
0.001)
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Table 6 (continued) 
 
 

Panel B – Fundamental Portfolios, October-to-December Season 

Fundamental 
Portfolio 

Return SALE E/A GA

1 (Lowest 
Expected Returns) 

-2.611 18.2 -0.274 0.655

2 -1.495 52.8 -0.212 0.551
3 -0.600 103.5 -0.187 0.526
4 -0.316 215.7 -0.037 0.530
5 -0.043 402.0 0.015 0.527
6 0.212 695.2 0.029 0.520
7 0.559 950.8 0.037 0.498
8 0.888 1481.0 0.050 0.469
9 0.989 2137.9 0.067 0.441
10 (Highest 
Expected Returns) 

1.112 3857.0 0.095 0.374

 
Portfolio Return Std N T Sign Rank (p-

value)
Long 10/Short 
1 

3.723 3.785 45 6.598 425 (< 0.001)
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Table 6 (continued) 
 
 

Panel C – Price-Based Portfolios, January-to-September Season 

Price-Based 
Portfolio 

Return BE/ME ME MOM2-12 MOM13-24

1 (Lowest 
Expected 
Returns) 

1.421 0.352 4622.3 27.776 68.918

2 1.290 0.532 2082.7 19.730 55.900
3 1.346 0.627 1052.7 16.420 40.531
4 1.406 0.671 501.9 15.206 34.287
5 1.434 0.704 221.0 13.804 30.850
6 1.606 0.752 104.9 12.649 21.440
7 1.728 0.838 55.2 13.831 14.523
8 1.891 0.968 30.9 11.260 1.400
9 2.519 1.225 16.9 16.797 -15.689
10 (Highest 
Expected 
Returns) 

4.527 1.878 7.0 13.155 -40.020

 
Portfolio Return Std N T Sign Rank (p-

value)
Long 10/Short 
1 

  3.106 7.306 135 4.940  2137 (< 
0.001)
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Table 6 (continued) 
 
 

Panel D – Price-Based Portfolios, October-to-December Season 
 
Price-Based 
Portfolio 

Return BE/ME ME MOM2-12 MOM13-24

1 (Lowest 
Expected 
Returns) 

-3.067 0.649 23.4 -45.836 -23.467

2 -2.101 0.891 76.4 -27.457 14.287
3 -1.103 0.819 203.9 -11.464 19.789
4 -0.489 0.814 382.1 2.494 21.242
5 0.149 0.823 563.4 11.946 21.720
6 0.482 0.884 863.5 26.812 23.212
7 0.844 0.883 1154.6 37.763 25.627
8 1.057 0.842 1405.5 44.170 32.691
9 1.314 0.859 1825.0 58.329 41.511
10 (Highest 
Expected 
Returns) 

1.162 0.948 2240.5 76.028 57.230

   
Portfolio Return Std N T Sign Rank (p-

value) 
Long 10/Short 
1 

4.229 5.637 45 5.033 383 (< 0.001) 
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Table 6 (continued) 
 
 

Panel E – Average difference between price-based and fundamental premia, January-to-
September Season 

 
 Mean Std N T Sign Rank (p-

value)
Price-based 
premia 

3.106 7.306 135 4.940  2137 (< 
0.001)

Fundamental 
premia 

2.526 6.613 135 4.438 1826 (< 
0.001)

Price-based 
premia – 
fundamental 
premia 

0.580 2.252 135 2.991 1272 (0.005)

 
 

Panel F – Average difference between price-based and fundamental premia, October-to-
December Season 

 
 Mean Std N T Sign Rank (p-

value)
Price-based 
premia 

4.229 5.637 45 5.033 383 (< 0.001)

Fundamental 
premia 

3.723 3.785 45 6.598 425 (< 0.001)

Price-based 
premia – 
fundamental 
premia 

0.506 3.893 45 0.872 99.5 (0.266)
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Table 7 – Average monthly returns of the price-based and fundamental portfolios based on 
decile, quintile and median breakpoints 
 

Each month, over the July 1984 to June 1999 period, the cross-section of stocks is 
sorted into deciles on the basis of fundamental expected returns.  A fundamental long-short 
portfolio is constructed with a long position in the decile with the highest fundamental 
expected returns and a short position in the decile with the lowest expected returns.  Each 
month, the equally weighted average monthly return is computed for each decile and the long-
short portfolio.  The resulting time-series of monthly portfolio returns are separately averaged 
for (i) January to September months and (ii) October to December months across the July 1984 
to June 1999 period for each portfolio.  Each month, stocks are also sorted into deciles on the 
basis of price-based expected returns.  A price-based long-short portfolio is constructed 
analogously to the fundamental long-short portfolio.  The methodology used to construct the 
fundamental and price-based expected returns is described in Table 6.  Stocks are also sorted 
into quintiles and median groups using the same methodology that is employed to sort stocks 
into deciles. 

Panel A contains the average returns of the fundamental and price-based deciles and 
long-short portfolios constructed from the extreme deciles for both the January-to-September 
and October-to-December seasons.  The last two rows contain the summary statistics of the 
difference in monthly returns between the price-based and fundamental long-short portfolios.  
The t and sign-rank statistics test the null hypothesis of no difference in the monthly returns 
between the price-based and fundamental long-short portfolios.  Panel B contains the average 
returns of the fundamental and price-based quintiles and the long-short portfolios constructed 
form the extreme quintiles.  Panel C contains the average returns of the fundamental and price-
based median groups and the long-short portfolios constructed from the median groups. 
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Table 7 (continued) 
 
 
Panel A – Average returns of fundamental and price-based portfolios based on deciles 
 
 Season 
 January-to-September October-to-December 
Portfolio Fundamental Price-Based Fundamental Price-Based
1 (Lowest ER) 1.384 1.421 -2.611 -3.067
2 1.394 1.290 -1.495 -2.101
3 1.436 1.346 -0.600 -1.103
4 1.514 1.406 -0.316 -0.489
5 1.650 1.434 -0.043 0.149
6 1.770 1.606 0.212 0.482
7 1.907 1.728 0.559 0.844
8 2.182 1.891 0.888 1.057
9 2.523 2.519 0.989 1.314
10 (Highest ER) 3.911 4.527 1.112 1.162
     
Long 10/Short 1 2.527 3.106 3.723 4.229
 
Season Fundamental 

Long/Short 
Price-Based 
Long/Short

Price-Based 
minus 

Fundamental

T Sign Rank 
(p-value) 

Fundamental 
÷ Price-

Based
January-
September 

2.527 3.106 0.579 2.991 1272 
(0.005) 

0.814

October-
December 

3.723 4.229 0.506 0.870 99.5 (0.266) 0.880
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Table 7 (continued) 
 
 
Panel B – Average returns of fundamental and price-based portfolios based on quintiles 
 
 Season 
 January-to-September October-to-December 
Portfolio Fundamental Price-Based Fundamental Price-Based
1 (Lowest ER) 1.390 1.355 -2.055 -2.581
2 1.475 1.376 -0.458 -0.797
3 1.710 1.520 0.085 0.316
4 2.045 1.810 0.723 0.950
5 (Highest ER) 3.201 3.520 1.051 1.238
  
Long 5/Short 1 1.811 2.164 3.106 3.819
 
Season Fundamental 

Long/Short 
Price-Based 
Long/Short

Price-Based 
minus 

Fundamental

T Sign Rank 
(p-value) 

Fundamental 
÷ Price-

Based
January-
September 

1.811 2.164 0.354 2.451 1041 
(0.021) 

0.837

October-
December 

3.106 3.819 0.713 1.819 189.5 
(0.031) 

0.813

 
 
Panel C – Average returns of fundamental and price-based portfolios based on medians 

 
 Season 
 January-to-September October-to-December 
Portfolio Fundamental Price-Based Fundamental Price-Based
1 (Lowest ER) 1.476 1.380 -1.011 -1.316
2 (Highest ER) 2.446 2.450 0.753 0.971
  
Long 2/Short 1 0.970 1.070 1.764 2.287
 
Season Fundamental 

Long/Short 
Price-Based 
Long/Short

Price-Based 
minus 

Fundamental

T Sign Rank 
(p-value) 

Fundamental 
÷ Price-

Based
January-
September 

0.970 1.070 0.101 1.216 461 (0.313) 0.907

October-
November 

1.764 2.287 0.523 2.243 210.5 
(0.016) 

0.771
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Table 8 – Average monthly returns of the fundamental portfolios based on the January-to-
September determinants and October-to-December determinants in both seasons 
 

Each month, over the July 1984 to June 1999 period, stocks are sorted into deciles on 
the basis on fundamental expected returns that are computed with BE, E/A and GEMP (the 
January-to-September determinants) in the January-to-September season and SALE, E/A and 
GA (the October-to-December determinants) in the October-to-December season (details of the 
methodology used to compute the fundamental expected returns are in Table 6).  A 
fundamental long-short portfolio is constructed with a long position in the decile with the 
highest fundamental expected returns and a short position in the decile with the lowest 
expected returns.  Each month, the equally-weighted average return is computed for each 
decile and the long-short portfolio.  The resulting time-series of monthly portfolio returns are 
separately averaged for the (i) January to September months and (ii) October to December 
months across the July 1984 to June 1999 period for each portfolio.  Each month, stocks are 
also independently sorted into deciles based on fundamental expected returns that are 
computed with SALE, E/A and GA (the October-to-December determinants) in the January-to-
September season and BE, E/A and GEMP (January-to-September determinants) in the 
October-to-December season and a fundamental long-short portfolio is constructed from the 
extreme deciles.  Finally, each month, stocks are independently sorted into deciles on the basis 
of price-based expected returns, which are computed with BE/ME, ME, MOM2-12 and 
MOM13-24 in both seasons.  A price-based long-short portfolio is constructed from the 
extreme price-based deciles.  The entire procedure is repeated twice by sorting stocks into (i) 
quintiles and (ii) median groups. 

Panel A contains the average returns of the fundamental deciles and long-short 
portfolios constructed from the extreme deciles for both the January-to-September and 
October-to-December seasons.  The second and third columns show the average returns for the 
January-to-September season of the fundamental deciles and long-short portfolios based on 
BE, E/A and GEMP (the January-to-September determinants) and SALE, E/A and GA (the 
October-to-December determinants), respectively.  The fourth and fifth columns show the 
average returns for the October-to-December season of the fundamental deciles and long-short 
portfolios based on SALE, E/A and GA and BE, E/A and GEMP, respectively.  Panel B 
contains the average returns of the fundamental quintiles and long-short portfolios constructed 
from the extreme quintiles.  Panel C contains the average returns of the fundamental median 
groups and long-short portfolios constructed from the median groups.  Panel D contains the 
average returns and the difference between the average returns of the fundamental and price-
based long-short portfolios for both the January-to-September and October-to-December 
seasons.  The second and third columns show the average returns for the January-to-September 
season of the fundamental long-short portfolios based on BE, E/A and GEMP and SALE, E/A 
and GA, respectively.  The fourth column shows the average returns for the January-to-
September season of the price-based long-short portfolio.  The fifth and sixth columns shows 
the difference between the average returns for the January-to-September season of the price-
based long-short portfolio and fundamental long-short portfolio based on BE, E/A and GEMP 
and the price-based long-short portfolio and fundamental long-short portfolio based on SALE, 
E/A and GA, respectively.  The seventh and eighth columns show the average returns for the  
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Table 8 (continued) 
 
October-to-December season of the fundamental long-short portfolios based on SALE, E/A 
and GA and BE, E/A and GEMP, respectively.  The ninth column shows the average returns 
for the October-to-December season of the price-based long-short portfolio.  The tenth and 
eleventh columns shows the difference between the average returns for the October-to-
December season of the price-based long-short portfolio and fundamental long-short portfolio 
based on SALE, E/A and GA and the price-based long-short portfolio and fundamental long-
short portfolio based on BE, E/A and GEMP, respectively.  In the fifth, sixth, tenth and 
eleventh columns, t statistics are shown in parenthesis.  The t statistics test the hypothesis of no 
difference between the monthly returns of the price-based and fundamental long-short 
portfolios. 

The definitions of BE, E/A, GEMP, SALE and GA are given in Tables 1 and 2.  The 
definitions of BE/ME, ME, MOM2-12 and MOM13-24 are given in Table 6. 
 
 
Panel A – Average returns of fundamental and price-based portfolios based on deciles 
 
 Season 
 January-to-September October-to-December 
Portfolio/Model January-to-

September 
Fundamental 

Model

October-to-
December 

Fundamental 
Model

October-to-
December 

Fundamental 
Model 

January-to-
September 

Fundamental 
Model

1 (Lowest ER) 1.384 1.346 -2.611 -2.358
2 1.394 1.401 -1.495 -1.311
3 1.436 1.537 -0.600 -0.653
4 1.514 1.620 -0.316 -0.224
5 1.650 1.757 -0.043 0.046
6 1.770 1.807 0.212 0.208
7 1.907 1.905 0.559 0.578
8 2.182 2.103 0.888 0.808
9 2.523 2.456 0.989 0.947
10 (Highest ER) 3.911 3.615 1.112 0.950
  
Long 10/Short 1 2.527 2.269 3.723 3.308
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Table 8 (continued) 
 
 
Panel B – Average returns of fundamental and price-based portfolios based on quintiles 

 Season 
 January-to-September October-to-December 
Portfolio/Model January-to-

September 
Fundamental 

Model

October-to-
December 

Fundamental 
Model

October-to-
December 

Fundamental 
Model 

January-to-
September 

Fundamental 
Model

1 (Lowest ER) 1.390 1.374 -2.055 -1.833
2 1.475 1.579 -0.458 -0.439
3 1.710 1.782 0.085 0.127
4 2.045 2.003 0.723 0.693
5 (Highest ER) 3.201 3.036 1.051 0.949
  
Long 5/Short 1 1.811 1.662 3.106 2.782
 
 
Panel C – Average returns of fundamental and price-based portfolios based on median groups 

 Season 
 January-to-September October-to-December 
Portfolio/Model January-to-

September 
Fundamental 

Model

October-to-
December 

Fundamental 
Model

October-to-
December 

Fundamental 
Model 

January-to-
September 

Fundamental 
Model

1 (Lowest ER) 1.476 1.532 -1.011 -0.900
2 (Highest ER) 2.446 2.377 0.753 0.698
  
Long 1/Short 2 0.970 0.845 1.764 1.598
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Table 8 (continued) 
 
 
Panel D - Difference in average returns between the price-based and fundamental long-short 
portfolios 

 Season 
 January-to-September (Season 1) October-to-December (Season 2) 
Quantile Season 

1 FD 
Model 

L/S 

Season 
2 FD 

Model 
L/S 

P-B 
Model 

L/S 

P-B 
minus 

Season 
1 FD 

(t)

P-B 
minus 

Season 
2 FD 

(t)

Season 
2 FD 

Model 
L/S 

Season 
1 FD 

Model 
L/S

P-B 
Model 

L/S 

P-B 
minus 

Season 
2 FD 

(t)

P-B 
minus 

Season 
1 FD 

(t)
Decile 2.527 2.269 3.106 0.579 

(2.991)
0.837 

(3.267)
3.723 3.308 4.229 0.506 

(0.870)
0.921 

(1.476)
Quintile 1.811 1.662 2.164 0.354 

(2.451)
0.502 

(2.744)
3.106 2.783 3.819 0.713 

(1.819)
1.036 

(2.548)
Median 0.970 0.845 1.070 0.101 

(1.216)
0.225 

(1.783)
1.764 1.598 2.287 0.523 

(2.243)
0.688 

(3.108)
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Table 9 – Average monthly returns and characteristics of the fundamental/price-based 
portfolios 
 

Each month, over the July 1984 to June 1999 period, the cross-section of stocks is 
sorted into eight groups on the basis of fundamental expected returns.  The stocks in the two 
extreme fundamental return groups are further sorted into eight portfolios based on price-based 
expected returns.  The methodology employed to estimate fundamental and price-based 
expected returns is described in Table 6.  Each month, the average return and average 
characteristics of the stocks are computed within each portfolio.  The resulting time-series of 
portfolio returns and fundamental and price-based characteristics are averaged across the 1984 
to 1999 period for each portfolio. 

Panel A contains the average returns and characteristics of the eight price-based 
portfolios formed from the octile of stocks with the lowest fundamental expected returns.  
Panel B contains the average attributes of the eight price-based portfolios constructed form the 
octile of stocks with the highest fundamental expected returns.  Panel C displays the average 
attributes of (i) the portfolio that contains the stocks with the highest price-based expected 
returns within the octile of stocks with the lowest fundamental expected returns (portfolio 8 
from Panel A) and (ii) the portfolio that contains the stocks with lowest price-based expected 
returns within the octile of stocks with the highest fundamental expected returns (portfolio 1 
from Panel B).  This information is repeated from Panels A and B.  The last row shows the 
summary statistics of the difference in monthly returns between the portfolios described in (i) 
and (ii) above.  The t and sign rank statistics test the null hypothesis of no monthly return 
difference between the two portfolios.  The definitions of the firm-specific characteristics are 
given in Table 6. 
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Table 9 (continued) 
 
 

Panel A – Lowest Fundamental Expected Return Portfolios 

  Fundamental 
Characteristics 

Price-Based Characteristics 

Price-
Based 
Portfolio 

Return BE EA GEMP BE/ME ME MOM2-
12 

MOM13-
24

N

    
1 
(Lowest 
Expected 
Returns) 

0.261 1037.2 -0.016 0.649 0.261 5832.7 20.808 48.623 79

2 -0.029 1035.2 0.016 0.640 0.359 3661.8 11.258 36.905 79
3 0.162 1061.2 0.028 0.641 0.420 2985.7 10.221 33.683 80
4 0.185 1169.4 0.036 0.639 0.483 2680.4 9.971 35.776 79
5 0.594 1158.7 0.032 0.638 0.562 2212.6 9.155 23.980 80
6 0.698 1131.0 0.008 0.636 0.688 1822.4 12.078 14.909 79
7 0.854 986.5 0.002 0.641 0.842 1290.0 10.458 8.550 79
8 
(Highest 
Expected 
Returns) 

1.260 636.7 -0.057 0.676 1.106 674.3 11.230 5.099 79
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Table 9 (continued) 
 
 

Panel B – Highest Fundamental Expected Return Portfolios 
 
  Fundamental 

Characteristics 
Price-Based Characteristics 

Price-
Based 
Portfolio 

Return BE EA GEMP BE/ME ME MOM2-
12 

MOM13-
24

N

    
1 
(Lowest 
Expected 
Returns) 

0.655 162.1 -0.187 0.396 0.307 1049.0 33.792 69.864 75

2 1.316 254.5 -0.194 0.384 0.426 906.6 30.932 27.301 75
3 1.943 306.5 -0.181 0.371 0.608 826.3 26.300 16.141 75
4 1.939 381.7 -0.185 0.360 0.832 800.8 27.203 9.395 75
5 2.705 425.8 -0.231 0.353 1.018 777.3 21.351 0.531 75
6 2.935 471.9 -0.219 0.346 1.255 741.6 33.878 -5.063 75
7 3.056 522.1 -0.287 0.341 1.476 760.7 12.357 -10.987 74
8 
(Highest 
Expected 
Returns) 

6.628 516.0 -0.347 0.329 2.276 669.7 17.141 -25.430 73
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Table 9 (continued) 
 
 

Panel C – Return Difference Between Highest And Lowest Fundamental Expected Return 
Portfolios 

  Fundamental 
Characteristics 

Price-Based Characteristics 

Portfolio Return BE EA GEMP BE/ME ME MOM2-
12 

MOM13-
24

N

Lowest 
Fundamental,  
Highest Price-
Based 
Expected 
Return 

1.260 636.7 -0.057 0.676 1.106 674.3 11.230 5.099 79

Highest 
Fundamental, 
Lowest Price-
Based Expected 
Return 

0.655 162.1 -0.187 0.396 0.307 1049.0 33.792 69.864 75

 Mean Std N T Sign Rank 
(p-value)

Lowest 
Fundamental 
minus Highest 
Fundamental 
Expected Return 

0.605 3.983 180 2.037 1511 (0.032)
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Appendix 
 
 
Table A.1. Descriptive statistics for the annual cross-sectional distributions of   
  the candidates of determinants 
 
Table A.2 Average slopes and t-statistics from univariate month-by-month   
  regressions of stock returns on the candidates for determinants   
  conditioned on calendar month 
 
Table A.3 Average slopes and t-statistics from multivariate month-by-month   
  regressions of stock returns on price-based variables conditioned   
  on season 
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Table A.1 – Descriptive statistics for the annual cross-sectional distributions of the candidates 
of determinants 
 

Each year, between t = 1980 and t = 1997, the candidate variables are measured using 
annual balance sheet and income statement data items for each firm’s fiscal year ending in 
calendar year t.  Hence, the annual cross-sections are the same as those used in the cross-
sectional Fama-MacBeth monthly regressions.  Summary statistics are computed separately 
for each year using NYSE, AMEX and NASDAQ stocks.  P5, P25, P75 and P95 are the 5th, 
25th, 75th and 95th percentiles.  SKEW is the skewness coefficient. PNEG is the percentage of 
negative observations.  The median, mean and standard deviation of the candidate variables’ 
cross-sectional distributions are also shown.  N is the number of annual observations (firms 
per year).  
 
 
Char =A 

Year P5 Median P95 Skew PNeg Mean Std N
1980 3.34 78.61 3854.69 15.59 0.00 953.01 4400.00 3705
1981 2.54 63.57 3925.58 16.16 0.00 947.43 4581.03 4069
1982 2.45 66.03 4210.47 15.63 0.00 1028.87 4910.28 4038
1983 2.73 59.90 4303.86 15.13 0.00 1027.34 4924.68 4390
1984 2.64 62.93 4658.01 11.45 0.00 1103.32 4820.44 4404
1985 2.28 63.34 5095.09 10.79 0.00 1209.42 5284.27 4443
1986 2.27 62.98 5687.74 11.03 0.00 1324.03 6067.64 4665
1987 2.34 62.32 5770.62 12.64 0.00 1394.41 6710.06 4833
1988 2.39 70.62 6645.03 12.81 0.00 1632.51 8074.85 4790
1989 2.43 77.57 7056.00 16.60 0.00 1864.67 10189.41 4737
1990 2.54 81.62 7617.15 17.08 0.00 1983.53 11230.64 4770
1991 3.18 86.38 7143.00 16.46 0.00 2027.05 11572.60 4938
1992 4.01 89.07 7006.71 17.21 0.00 2036.66 11968.35 5225
1993 4.89 114.88 5993.00 17.97 0.00 1986.96 12699.41 6295
1994 5.43 121.08 6130.17 21.00 0.00 2097.87 14219.77 6596
1995 3.18 102.48 5647.90 19.05 0.00 2090.70 15124.62 7445
1996 3.43 103.83 5530.78 22.10 0.00 2185.43 17061.45 8004
1997 3.23 112.27 5974.85 19.20 0.00 2422.14 18762.31 7998
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Table A.1 (continued) 
        
Char=BE 

Year P5 Median P95 Skew PNeg Mean Std N
1980 1.22 33.73 1246.18 27.95 0.02 287.39 1507.86 3705
1981 0.76 28.18 1264.36 29.82 0.03 286.35 1612.59 4069
1982 0.86 29.91 1357.61 31.83 0.02 308.67 1800.75 4038
1983 0.78 29.71 1302.10 29.99 0.03 308.94 1764.83 4390
1984 0.91 28.53 1384.05 12.71 0.02 321.42 1360.10 4404
1985 0.64 28.83 1414.90 13.68 0.03 335.00 1470.97 4443
1986 0.56 27.03 1451.84 14.04 0.03 340.43 1527.07 4665
1987 0.47 27.32 1514.08 14.41 0.04 354.77 1655.57 4833
1988 0.17 30.35 1672.09 13.68 0.04 376.76 1706.27 4790
1989 0.29 31.55 1858.43 12.59 0.04 399.68 1735.94 4737
1990 0.18 33.27 1886.06 12.84 0.05 415.57 1811.50 4770
1991 0.12 37.58 1878.00 12.34 0.05 426.88 1814.57 4938
1992 0.70 41.85 1905.80 11.61 0.04 435.88 1804.74 5225
1993 1.31 41.63 1759.18 11.53 0.03 412.41 1730.63 6295
1994 1.50 43.08 1756.82 12.55 0.03 429.05 1869.88 6596
1995 -0.27 39.96 1706.74 11.54 0.06 419.90 1789.46 7446
1996 -0.47 42.45 1758.15 11.50 0.06 440.62 1913.12 8005
1997 -1.13 44.61 1983.10 11.25 0.07 472.90 2017.42 7998

         
         
Char=EMP 

Year P5 Median P95 Skew PNeg Mean Std N
1980 0.03 1.40 32.66 15.25 0.00 7.70 29.44 3567
1981 0.01 1.05 30.00 15.96 0.00 6.95 28.19 3899
1982 0.01 0.99 30.20 15.52 0.00 6.70 26.86 3844
1983 0.01 0.83 28.25 13.43 0.00 6.11 23.20 4178
1984 0.01 0.80 28.94 13.45 0.00 6.42 25.15 4195
1985 0.01 0.76 28.03 14.31 0.00 6.37 25.81 4240
1986 0.01 0.67 25.50 15.99 0.00 6.10 25.98 4416
1987 0.01 0.61 25.50 15.14 0.00 5.96 25.16 4615
1988 0.01 0.66 26.63 14.23 0.00 6.09 25.48 4544
1989 0.01 0.67 27.00 13.92 0.00 6.28 26.17 4481
1990 0.01 0.65 27.79 13.69 0.00 6.27 25.95 4499
1991 0.01 0.65 26.75 13.58 0.00 6.17 25.53 4648
1992 0.01 0.66 24.57 14.25 0.00 5.90 24.76 4956
1993 0.02 0.61 23.00 15.05 0.00 5.56 23.91 5478
1994 0.02 0.64 21.93 16.21 0.00 5.44 23.85 5700
1995 0.01 0.50 20.81 17.29 0.00 5.10 23.27 6380
1996 0.01 0.49 20.60 17.45 0.00 4.95 22.53 6946
1997 0.01 0.53 22.23 17.39 0.00 5.26 23.59 6996
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Table A.1 (continued) 
 
Char=SALE 

Year P5 Median P95 Skew PNeg Mean Std N
1980 1.94 100.17 3018.47 17.07 0.00 701.05 3156.88 3692
1981 0.84 76.16 3088.62 17.32 0.00 694.60 3270.76 4054
1982 0.71 74.30 3097.20 15.92 0.00 695.19 3157.90 4019
1983 0.64 64.72 2940.14 15.91 0.00 660.58 3077.60 4372
1984 0.75 67.91 3213.43 15.49 0.00 712.15 3203.58 4380
1985 0.56 67.53 3161.94 15.62 0.00 726.22 3324.91 4416
1986 0.47 62.74 3172.27 16.10 0.00 699.37 3151.47 4627
1987 0.48 63.50 3242.30 15.46 0.00 733.57 3303.58 4797
1988 0.61 74.28 3503.24 16.45 0.00 820.49 3747.89 4709
1989 0.54 81.02 3892.00 15.65 0.00 894.83 3996.66 4673
1990 0.76 83.34 4155.59 14.78 0.00 959.53 4321.23 4700
1991 0.90 87.49 4050.80 14.48 0.00 950.84 4222.30 4859
1992 1.13 89.58 3809.90 15.55 0.00 933.31 4236.64 5146
1993 1.55 75.78 3450.59 16.82 0.00 831.91 4012.26 6278
1994 1.64 79.44 3546.85 18.10 0.00 865.04 4286.92 6587
1995 0.82 67.99 3504.63 19.05 0.00 860.87 4377.24 7428
1996 0.64 69.60 3589.47 18.69 0.00 878.15 4414.93 7983
1997 0.71 76.14 4019.15 18.07 0.00 956.56 4718.09 7972

         
 
Char=C 

Year P5 Median P95 Skew PNeg Mean Std N
1980 -0.71 5.56 260.29 23.87 0.10 66.46 419.96 3070
1981 -1.18 4.13 258.40 25.74 0.14 64.94 437.53 3355
1982 -2.50 3.91 268.12 30.05 0.18 64.68 471.37 3467
1983 -2.99 3.98 269.90 24.62 0.19 66.06 467.87 3770
1984 -3.08 4.39 317.60 16.21 0.21 73.43 401.82 3795
1985 -5.70 3.50 291.52 16.31 0.23 68.55 409.84 3817
1986 -7.50 3.15 275.40 15.49 0.26 66.50 407.22 3975
1987 -4.90 3.21 324.07 15.15 0.26 72.29 417.42 4115
1988 -5.27 3.88 345.20 15.29 0.24 79.33 433.50 4061
1989 -5.85 4.13 380.20 13.28 0.25 83.36 424.66 4009
1990 -8.16 3.96 365.69 13.33 0.25 81.16 421.14 4084
1991 -10.51 3.91 296.74 13.36 0.26 69.40 356.75 4221
1992 -10.23 4.83 327.07 12.73 0.24 76.63 391.50 4499
1993 -12.63 5.05 326.76 14.49 0.25 74.32 416.25 5059
1994 -10.63 6.25 348.00 17.13 0.23 91.25 524.83 5384
1995 -12.22 4.70 359.96 19.84 0.27 89.82 544.85 6145
1996 -15.68 4.63 366.00 17.02 0.29 92.71 557.50 6708
1997 -20.18 4.69 396.00 17.10 0.31 100.21 616.57 6708
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Table A.1 (continued) 
         
Char=C2 

Year P5 Median P95 Skew PNeg Mean Std N
1980 . . . . . . . 0
1981 -6.58 1.39 82.46 20.48 0.29 15.40 85.49 2779
1982 -7.69 1.12 62.72 20.27 0.29 13.34 81.99 2508
1983 -16.72 0.47 45.44 14.60 0.40 7.43 56.07 2556
1984 -7.99 0.94 47.59 7.11 0.31 8.57 40.15 2416
1985 -11.54 0.69 40.96 28.41 0.35 7.81 70.27 2321
1986 -18.37 0.39 32.47 30.33 0.41 4.87 76.47 2264
1987 -11.42 0.75 77.46 19.78 0.37 14.10 82.23 2713
1988 -7.37 1.86 137.05 14.46 0.31 30.20 148.13 4025
1989 -7.26 2.31 136.43 -20.50 0.30 24.73 185.92 4079
1990 -5.70 3.02 140.80 0.83 0.27 28.18 145.65 4103
1991 -5.59 3.30 146.52 17.93 0.25 28.41 147.67 4275
1992 -8.23 3.31 144.31 15.98 0.28 28.72 143.42 4555
1993 -9.73 3.37 146.73 25.54 0.30 29.76 217.79 5107
1994 -11.80 3.55 167.22 -20.83 0.30 30.84 285.64 5360
1995 -11.16 2.44 168.51 11.02 0.33 32.38 157.92 6204
1996 -13.55 2.32 174.42 -33.21 0.35 31.21 284.55 6791

-16.23 2.29 187.00 3.00 0.36 34.79 233.05 68381997 
         
         
Char=E 

Year P5 Median P95 Skew PNeg Mean Std N
1980 -1.79 3.36 166.50 20.74 0.14 41.07 261.09 3128
1981 -2.54 2.46 153.85 23.74 0.19 39.08 259.16 3414
1982 -6.79 1.94 156.90 30.61 0.25 34.95 272.33 3524
1983 -6.71 2.15 154.74 21.39 0.25 35.83 248.39 3830
1984 -7.13 2.41 194.82 18.65 0.26 40.96 235.27 3855
1985 -14.29 1.62 165.14 18.17 0.31 33.66 233.51 3883
1986 -18.13 1.36 166.76 12.87 0.34 31.58 223.66 4048
1987 -10.86 1.42 194.70 8.86 0.34 36.98 237.60 4202
1988 -10.94 1.66 211.11 11.08 0.33 40.97 237.13 4143
1989 -13.55 1.65 230.24 10.20 0.34 42.07 211.01 4097
1990 -20.82 1.38 190.89 9.53 0.35 36.27 239.73 4175
1991 -28.83 1.14 148.94 -0.23 0.37 23.65 237.94 4319
1992 -26.42 1.76 160.81 -6.76 0.34 28.18 285.69 4604
1993 -26.35 2.08 171.31 -2.86 0.33 30.72 251.97 5166
1994 -18.05 3.01 202.17 14.10 0.31 46.64 274.39 5438
1995 -21.02 1.85 217.14 15.83 0.35 45.30 287.77 6204
1996 -24.71 1.71 205.67 13.77 0.37 48.79 311.73 6760
1997 -31.67 1.75 223.15 13.52 0.38 51.00 347.43 6751
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Table A.1 (continued) 
       
Char=C2/A 

Year P5 Median P95 Skew PNeg Mean Std N
1980 . . . . . . . 0
1981 -0.33 0.05 0.22 -37.19 0.29 0.01 0.58 2779
1982 -0.26 0.05 0.22 -0.75 0.29 0.03 0.19 2507
1983 -0.57 0.03 0.19 -2.34 0.40 -0.04 0.29 2555
1984 -0.34 0.05 0.24 -5.51 0.31 0.01 0.29 2415
1985 -0.43 0.04 0.24 -6.92 0.35 0.00 0.29 2320
1986 -0.60 0.03 0.24 -7.44 0.41 -0.05 0.41 2264
1987 -0.50 0.04 0.24 -13.96 0.37 -0.03 0.40 2713
1988 -0.34 0.05 0.23 -4.68 0.31 0.01 0.28 4025
1989 -0.30 0.06 0.23 -9.64 0.30 0.01 0.29 4079
1990 -0.29 0.06 0.24 -47.82 0.27 0.03 0.54 4103
1991 -0.23 0.06 0.23 -5.51 0.25 0.04 0.21 4274
1992 -0.29 0.06 0.22 -10.13 0.28 0.02 0.24 4555
1993 -0.33 0.06 0.22 -4.19 0.30 0.02 0.23 5107
1994 -0.37 0.06 0.22 -15.32 0.30 0.01 0.31 5360
1995 -0.44 0.05 0.22 -74.54 0.33 -0.06 2.78 6200
1996 -0.48 0.05 0.23 -69.43 0.35 -0.07 2.71 6784
1997 -0.57 0.04 0.23 -29.10 0.36 -0.06 0.97 6831

         
         
Char=C2/BE 

Year P5 Median P95 Skew PNeg Mean Std N
1980 . . . . . . . 0
1981 -0.61 0.10 0.54 38.71 0.29 0.25 7.43 2779
1982 -0.66 0.09 0.57 -44.11 0.29 -0.07 4.24 2508
1983 -0.96 0.06 0.48 -16.11 0.39 -0.06 4.25 2556
1984 -0.73 0.09 0.63 -22.00 0.31 -0.06 2.98 2416
1985 -1.00 0.07 0.68 -7.67 0.34 -0.03 2.13 2320
1986 -1.24 0.05 0.75 11.60 0.40 -0.02 3.52 2264
1987 -1.03 0.08 0.72 -51.57 0.36 -1.08 53.22 2713
1988 -0.82 0.11 0.70 -47.04 0.30 -0.17 12.93 4025
1989 -0.87 0.13 0.74 5.42 0.29 0.13 2.30 4079
1990 -0.79 0.14 0.73 -19.03 0.27 0.03 3.91 4103
1991 -0.59 0.14 0.69 24.99 0.25 0.07 8.95 4275
1992 -0.63 0.12 0.65 47.93 0.28 0.17 8.30 4555
1993 -0.68 0.12 0.60 -20.22 0.30 0.00 3.97 5107
1994 -0.81 0.12 0.60 19.52 0.30 0.04 2.64 5360
1995 -0.84 0.10 0.69 -78.72 0.32 -11.05 898.50 6204
1996 -0.83 0.10 0.70 -53.54 0.33 -0.10 9.45 6791
1997 -1.07 0.10 0.75 -57.17 0.34 -0.20 10.72 6836
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Table A.1 (continued) 
         
Char=C2/EMP 

Year P5 Median P95 Skew PNeg Mean Std N
1980 . . . . . . . 0
1981 -27.03 2.12 46.62 -5.71 0.28 4.94 106.07 2662
1982 -28.23 2.30 64.62 7.16 0.28 8.51 87.40 2386
1983 -85.60 1.39 52.17 -10.75 0.40 -4.94 121.85 2428
1984 -49.89 2.61 55.35 -31.26 0.30 -1.00 199.56 2291
1985 -70.25 2.39 50.56 4.61 0.34 -0.31 95.75 2224
1986 -118.80 1.54 40.86 -10.02 0.41 -16.10 160.65 2163
1987 -91.88 2.40 54.92 17.81 0.36 -1.24 184.07 2587
1988 -64.82 3.80 80.77 -11.71 0.31 8.06 247.79 3833
1989 -68.46 4.79 79.32 -9.23 0.29 8.70 213.17 3871
1990 -61.92 5.74 89.31 14.26 0.27 14.93 177.42 3880
1991 -67.32 6.05 82.72 8.28 0.24 14.17 184.51 4042
1992 -84.06 6.10 83.60 15.62 0.28 10.57 172.03 4349
1993 -98.84 5.71 99.57 15.12 0.29 14.09 187.52 4883
1994 -101.47 5.57 104.17 -30.24 0.30 10.25 416.61 5118
1995 -113.61 5.29 103.27 60.72 0.32 16.52 533.04 5788
1996 -127.80 5.37 121.01 -44.03 0.34 2.72 1343.67 6357
1997 -148.98 5.01 107.65 48.31 0.36 13.54 490.06 6427

         
         
Char=C2/SALE 

Year P5 Median P95 Skew PNeg Mean Std N
1980 . . . . . . . 0
1981 -0.46 0.03 0.37 -24.49 0.29 -0.21 5.20 2774
1982 -0.42 0.04 0.49 -21.20 0.29 -0.08 2.71 2498
1983 -1.25 0.02 0.39 -35.56 0.40 -0.69 17.45 2544
1984 -0.67 0.04 0.42 -35.77 0.31 -0.34 9.39 2403
1985 -0.87 0.03 0.41 -18.92 0.35 -0.43 5.33 2305
1986 -1.61 0.02 0.34 -36.98 0.41 -1.53 29.90 2231
1987 -1.50 0.03 0.37 -16.70 0.36 -0.77 12.13 2674
1988 -0.69 0.04 0.35 -32.52 0.30 -0.79 15.34 3964
1989 -0.65 0.05 0.37 -46.99 0.29 -1.40 40.52 4006
1990 -0.64 0.06 0.35 19.42 0.26 -0.54 15.53 4034
1991 -0.81 0.06 0.32 -43.97 0.24 -3.57 124.21 4218
1992 -1.15 0.06 0.32 -37.31 0.27 -1.14 23.36 4498
1993 -1.21 0.05 0.33 8.73 0.29 -0.97 26.19 5039
1994 -0.98 0.05 0.35 -36.81 0.29 -1.14 33.78 5277
1995 -1.30 0.05 0.33 -30.34 0.32 -1.34 23.73 6071
1996 -1.95 0.05 0.35 -76.10 0.33 -2.54 93.86 6628
1997 -2.13 0.04 0.34 -42.70 0.35 -2.23 40.35 6682
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1994 -0.90 0.16 0.50 59.75 0.22 0.10 6.74 5384
1995 -0.97 0.16 0.67 67.78 0.24 1.05 66.49 6145
1996 -1.04 0.15 0.64 -39.24 0.26 -0.19 13.25 6708
1997 -1.34 0.15 0.77 -46.12 0.27 -0.32 14.12 6706

Table A.1 (continued) 
         
Char=C/A 

Year P5 Median P95 Skew PNeg Mean Std N
1980 -0.07 0.10 0.22 3.14 0.10 0.09 0.18 3070
1981 -0.13 0.10 0.22 -50.87 0.14 0.06 0.82 3355
1982 -0.20 0.09 0.21 -55.10 0.18 0.03 1.76 3466
1983 -0.21 0.09 0.21 -6.77 0.19 0.05 0.25 3769
1984 -0.31 0.09 0.21 -7.07 0.21 0.05 0.30 3794
1985 -0.40 0.08 0.21 -14.29 0.23 0.02 0.39 3816
1986 -0.45 0.08 0.21 -15.39 0.26 0.00 0.43 3975
1987 -0.39 0.07 0.21 -3.93 0.26 0.01 0.29 4115
1988 -0.43 0.08 0.22 -5.12 0.24 0.01 0.33 4061
1989 -0.38 0.07 0.22 -10.67 0.25 0.01 0.36 4009
1990 -0.40 0.07 0.21 -61.65 0.25 -0.05 3.46 4084
1991 -0.35 0.07 0.20 -21.80 0.26 0.01 0.42 4221
1992 -0.36 0.07 0.20 -1.93 0.24 0.02 0.34 4499
1993 -0.42 0.07 0.21 30.59 0.25 0.01 0.45 5058
1994 -0.46 0.08 0.21 -18.30 0.23 0.01 0.39 5384
1995 -0.59 0.07 0.21 -47.47 0.27 -0.07 1.73 6141
1996 -0.63 0.07 0.21 -60.95 0.29 -0.11 2.85 6701
1997 -0.79 0.06 0.21 -71.88 0.31 -0.18 4.88 6703

         
         
Char=C/BE 

Year P5 Median P95 Skew PNeg Mean Std N
1980 -0.17 0.21 0.49 -47.22 0.09 0.12 3.87 3070
1981 -0.30 0.20 0.45 29.50 0.13 0.33 6.57 3355
1982 -0.41 0.18 0.46 -49.79 0.17 0.01 6.37 3467
1983 -0.42 0.18 0.46 -6.56 0.18 0.10 2.34 3770
1984 -0.64 0.19 0.48 3.95 0.20 0.03 5.50 3795
1985 -0.77 0.17 0.55 -11.54 0.21 0.02 8.51 3816
1986 -0.82 0.17 0.56 -14.34 0.24 0.04 3.13 3975
1987 -0.83 0.16 0.51 -39.28 0.24 -0.25 14.25 4115
1988 -0.95 0.17 0.61 -60.47 0.22 -0.54 30.63 4061
1989 -0.95 0.17 0.63 8.27 0.23 0.08 4.20 4009
1990 -0.95 0.16 0.60 -25.18 0.23 -0.04 4.38 4084
1991 -0.76 0.15 0.58 -28.52 0.24 -0.05 6.96 4221
1992 -0.72 0.15 0.53 52.66 0.23 0.26 13.92 4499
1993 -0.80 0.15 0.51 -21.75 0.24 0.00 7.88 5058
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1994 -1.36 0.07 0.30 -57.44 0.22 -1.81 65.92 5298
1995 -1.70 0.06 0.31 -29.66 0.26 -1.84 32.21 6016
1996 -2.48 0.06 0.32 -59.64 0.28 -3.85 135.20 6558
1997 -2.68 0.06 0.31 -45.35 0.29 -3.02 63.52 6557

Table A.1 (continued) 
       
Char=C/EMP 

Year P5 Median P95 Skew PNeg Mean Std N
1980 -4.59 4.60 49.51 -3.44 0.09 13.21 111.04 2955
1981 -14.00 4.76 50.00 45.06 0.13 14.24 183.11 3211
1982 -27.58 4.92 56.44 57.06 0.17 44.63 2102.97 3292
1983 -29.27 5.24 57.43 42.56 0.18 13.05 184.44 3570
1984 -39.33 5.90 60.42 53.96 0.20 15.91 388.58 3592
1985 -55.29 5.54 56.49 36.77 0.22 12.62 425.44 3623
1986 -64.90 5.38 56.27 -6.99 0.25 0.28 113.77 3734
1987 -61.13 5.65 60.48 15.48 0.25 8.01 152.58 3879
1988 -71.92 6.25 64.94 -1.89 0.23 5.73 199.26 3842
1989 -73.71 6.41 72.74 8.18 0.24 8.89 172.33 3789
1990 -78.63 6.37 73.62 14.48 0.24 8.32 167.28 3857
1991 -77.40 6.33 69.33 -9.39 0.24 3.22 259.87 3983
1992 -87.73 7.15 72.36 42.82 0.23 7.37 354.21 4285
1993 -113.10 7.51 82.53 -16.18 0.24 3.76 209.71 4816
1994 -114.50 8.69 84.34 5.09 0.22 3.74 219.35 5128
1995 -125.29 8.70 89.77 15.54 0.26 1.64 279.35 5723
1996 -147.19 8.23 105.24 -54.86 0.28 -2.49 1339.56 6290
1997 -182.91 8.10 103.65 22.33 0.30 -1.57 575.47 6311

         
        
Char=C/SALE  

Year P5 Median P95 Skew PNeg Mean Std N
1980 -0.10 0.07 0.34 -50.41 0.10 -0.01 2.93 3064
1981 -0.27 0.07 0.36 -30.08 0.14 -0.12 3.21 3343
1982 -0.57 0.07 0.33 -43.16 0.17 -0.25 5.66 3452
1983 -0.78 0.07 0.34 -59.26 0.19 -1.82 75.87 3755
1984 -0.85 0.08 0.32 -41.37 0.20 -0.68 15.31 3779
1985 -0.94 0.07 0.31 -39.12 0.22 -0.53 11.48 3756
1986 -1.21 0.07 0.30 -21.26 0.25 -0.50 6.44 3906
1987 -1.24 0.07 0.32 -23.26 0.25 -0.70 9.22 4042
1988 -1.01 0.07 0.32 -32.15 0.23 -0.98 18.76 3979
1989 -0.84 0.06 0.32 -51.92 0.23 -1.31 41.58 3917
1990 -0.84 0.06 0.31 -25.05 0.24 -0.99 14.58 4008
1991 -1.09 0.06 0.29 -37.34 0.24 -4.55 138.49 4156
1992 -1.39 0.06 0.29 -36.99 0.23 -1.54 30.63 4436
1993 -1.45 0.07 0.30 -16.52 0.24 -1.14 15.21 4981
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1994 -1.05 0.09 0.33 59.21 0.29 -0.01 6.71 5438
1995 -1.10 0.08 0.53 62.62 0.31 0.87 64.55 6204
1996 -1.17 0.08 0.51 -38.92 0.33 -0.29 13.70 6760
1997 -1.48 0.08 0.69 -44.70 0.33 -0.39 13.50 6749

Table A.1 (continued) 
         
Char=E/A 

Year P5 Median P95 Skew PNeg Mean Std N
1980 -0.10 0.06 0.17 3.10 0.14 0.05 0.18 3128
1981 -0.17 0.06 0.17 -51.16 0.19 0.02 0.82 3414
1982 -0.26 0.05 0.16 -55.50 0.25 -0.02 1.74 3523
1983 -0.27 0.05 0.16 -30.05 0.25 0.01 0.37 3829
1984 -0.37 0.05 0.17 -7.34 0.26 0.00 0.31 3854
1985 -0.49 0.04 0.16 -13.40 0.31 -0.04 0.40 3882
1986 -0.51 0.03 0.15 -14.74 0.34 -0.05 0.44 4048
1987 -0.44 0.03 0.15 -11.22 0.34 -0.04 0.34 4202
1988 -0.49 0.03 0.16 -5.22 0.33 -0.04 0.33 4143
1989 -0.44 0.03 0.16 -10.66 0.34 -0.04 0.36 4097
1990 -0.47 0.03 0.16 -62.28 0.35 -0.10 3.42 4175
1991 -0.40 0.02 0.15 -21.47 0.37 -0.04 0.42 4319
1992 -0.42 0.03 0.15 -2.04 0.34 -0.03 0.34 4604
1993 -0.48 0.03 0.15 30.07 0.34 -0.03 0.45 5165
1994 -0.51 0.04 0.16 -17.92 0.31 -0.04 0.40 5438
1995 -0.65 0.03 0.16 -46.93 0.35 -0.12 1.74 6200
1996 -0.68 0.03 0.16 -61.81 0.37 -0.16 2.92 6753
1997 -0.88 0.03 0.16 -70.20 0.38 -0.24 4.96 6746

         
         
Char=E/BE 

Year P5 Median P95 Skew PNeg Mean Std N
1980 -0.25 0.14 0.34 -45.98 0.13 0.00 4.61 3128
1981 -0.42 0.13 0.33 31.68 0.18 0.30 8.09 3414
1982 -0.61 0.10 0.32 -51.65 0.23 -0.11 7.66 3524
1983 -0.53 0.11 0.32 -10.69 0.23 -0.01 2.86 3830
1984 -0.80 0.11 0.33 26.89 0.25 -0.06 7.68 3855
1985 -1.00 0.09 0.37 -11.22 0.29 -0.13 9.16 3882
1986 -1.02 0.09 0.39 -11.99 0.32 -0.07 3.58 4048
1987 -1.00 0.08 0.36 -47.75 0.31 -0.47 19.18 4202
1988 -1.19 0.09 0.40 -56.52 0.30 -0.58 22.93 4143
1989 -1.14 0.08 0.42 16.26 0.31 -0.07 4.66 4097
1990 -1.06 0.08 0.41 -14.67 0.32 -0.15 5.98 4175
1991 -0.90 0.06 0.39 -24.44 0.34 -0.16 7.99 4319
1992 -0.87 0.07 0.33 49.53 0.31 0.03 13.88 4604
1993 -0.98 0.07 0.33 -22.17 0.32 -0.11 8.10 5165
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1994 -1.53 0.03 0.19 -58.49 0.30 -1.96 68.73 5351
1995 -1.92 0.03 0.19 -29.73 0.34 -2.00 33.99 6074
1996 -2.74 0.03 0.21 -60.09 0.36 -4.03 138.60 6607
1997 -2.97 0.03 0.21 -45.47 0.37 -3.21 65.57 6599

Table A.1 (continued) 
         
Char=E/EMP 

Year P5 Median P95 Skew PNeg Mean Std N
1980 -8.15 2.93 33.34 -6.57 0.14 7.82 101.51 2999
1981 -22.54 2.98 31.96 46.59 0.19 8.36 180.15 3261
1982 -40.42 2.67 34.26 57.50 0.24 34.68 2078.10 3341
1983 -45.08 2.89 35.77 36.29 0.24 2.76 187.85 3620
1984 -52.11 3.36 37.12 53.86 0.26 4.98 385.00 3639
1985 -80.20 2.82 33.15 36.87 0.31 -5.68 343.84 3677
1986 -91.94 2.54 34.66 -10.80 0.33 -10.88 119.27 3794
1987 -75.40 2.63 35.49 15.40 0.33 -2.18 149.49 3952
1988 -91.79 2.97 39.66 -7.88 0.32 -6.75 181.68 3915
1989 -89.21 3.00 41.30 -45.87 0.33 -9.50 345.71 3862
1990 -96.50 2.58 42.75 -5.11 0.34 -7.53 131.48 3931
1991 -100.27 2.41 40.76 -27.96 0.36 -13.52 223.97 4068
1992 -103.03 3.14 44.64 26.10 0.33 -7.93 249.16 4376
1993 -129.04 3.35 54.75 -12.52 0.33 -7.97 219.17 4911
1994 -139.10 4.07 53.33 3.91 0.30 -10.87 215.53 5177
1995 -151.33 3.83 55.91 14.62 0.34 -13.61 266.81 5779
1996 -165.26 3.67 73.33 -55.86 0.36 -18.62 1338.49 6336
1997 -207.03 3.46 69.01 18.83 0.38 -18.40 621.06 6348

 
         
Char=E/SALE 

Year P5 Median P95 Skew PNeg Mean Std N
1980 -0.15 0.05 0.23 -50.78 0.14 -0.06 2.99 3121
1981 -0.38 0.04 0.24 -28.90 0.19 -0.19 3.52 3402
1982 -0.85 0.04 0.21 -42.36 0.25 -0.35 5.75 3508
1983 -1.09 0.04 0.21 -59.82 0.25 -2.01 80.78 3815
1984 -1.11 0.04 0.20 -41.19 0.26 -0.80 16.29 3838
1985 -1.28 0.04 0.20 -39.10 0.31 -0.64 11.71 3821
1986 -1.59 0.03 0.20 -20.63 0.33 -0.62 6.73 3976
1987 -1.47 0.03 0.19 -21.64 0.33 -0.88 10.35 4128
1988 -1.20 0.03 0.19 -32.06 0.32 -1.08 18.85 4061
1989 -1.02 0.03 0.19 -51.84 0.33 -1.45 42.27 4004
1990 -1.02 0.02 0.19 -23.96 0.34 -1.10 15.06 4097
1991 -1.31 0.02 0.17 -37.72 0.36 -4.71 141.77 4253
1992 -1.55 0.03 0.18 -38.10 0.33 -1.65 31.89 4541
1993 -1.63 0.03 0.19 -17.67 0.33 -1.26 15.68 5086
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1994 -1.07 0.08 0.35 -50.30 0.20 -1.33 33.59 6492
1995 -1.38 0.08 0.33 -33.85 0.24 -1.45 28.58 7286
1996 -1.87 0.07 0.33 -74.45 0.26 -2.84 107.93 7815
1997 -2.27 0.07 0.32 -45.80 0.28 -2.30 44.19 7808

Table A.1 (continued) 
         
Char=OI/A 

Year P5 Median P95 Skew PNeg Mean Std N
1980 -0.08 0.10 0.26 2.00 0.11 0.10 0.18 3691
1981 -0.13 0.09 0.25 -59.83 0.16 0.06 1.13 4050
1982 -0.20 0.07 0.23 -60.06 0.21 0.02 1.63 4014
1983 -0.22 0.08 0.23 -22.36 0.22 0.05 0.30 4369
1984 -0.31 0.08 0.24 -4.25 0.23 0.04 0.26 4379
1985 -0.38 0.07 0.23 -7.90 0.26 0.02 0.31 4412
1986 -0.39 0.06 0.23 -15.66 0.28 0.00 0.39 4625
1987 -0.37 0.06 0.23 -3.82 0.28 0.01 0.26 4795
1988 -0.39 0.06 0.23 -5.35 0.26 0.01 0.31 4706
1989 -0.35 0.06 0.23 -8.52 0.26 0.01 0.30 4669
1990 -0.38 0.06 0.22 -66.22 0.26 -0.04 3.22 4700
1991 -0.31 0.06 0.22 -26.40 0.26 0.02 0.36 4858
1992 -0.32 0.06 0.22 -2.86 0.24 0.02 0.31 5146
1993 -0.35 0.05 0.22 35.25 0.23 0.02 0.40 6275
1994 -0.38 0.06 0.22 -22.06 0.22 0.01 0.34 6585
1995 -0.48 0.05 0.22 -21.77 0.26 -0.03 0.75 7421
1996 -0.50 0.05 0.22 -70.04 0.27 -0.06 2.01 7974
1997 -0.63 0.05 0.22 -82.26 0.29 -0.11 4.04 7964

 
         
Char=OI/SALE 

Year P5 Median P95 Skew PNeg Mean Std N
1980 -0.14 0.09 0.32 -53.52 0.11 -0.01 2.85 3683
1981 -0.35 0.08 0.30 -29.20 0.16 -0.19 3.52 4038
1982 -0.70 0.07 0.29 -17.86 0.21 -0.21 2.59 3998
1983 -0.95 0.07 0.29 -63.39 0.22 -1.90 79.33 4353
1984 -0.98 0.08 0.29 -48.19 0.22 -0.63 14.84 4362
1985 -1.00 0.07 0.28 -35.72 0.25 -0.52 10.05 4349
1986 -1.21 0.06 0.30 -22.55 0.27 -0.58 7.25 4549
1987 -1.15 0.07 0.29 -30.64 0.27 -0.80 12.15 4718
1988 -0.97 0.07 0.29 -35.79 0.25 -0.88 17.96 4620
1989 -0.83 0.07 0.28 -54.47 0.25 -1.20 34.77 4574
1990 -0.87 0.06 0.28 -6.50 0.24 -0.71 12.23 4613
1991 -1.00 0.06 0.28 -46.92 0.25 -3.52 122.37 4786
1992 -1.20 0.06 0.30 -40.26 0.23 -1.40 28.86 5076
1993 -1.11 0.08 0.34 -20.21 0.22 -1.17 16.39 6194
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1994 1.06 2.03 14.59 22.16 0.03 3.92 18.18 6596
1995 -0.32 1.97 13.43 86.19 0.06 30.33 2284.82 7445
1996 -0.41 1.88 12.64 64.53 0.06 3.80 44.79 8004
1997 -0.87 1.89 12.59 -71.24 0.07 2.18 100.26 7995

Table A.1 (continued) 
         
Char=NI/SEQ 

Year P5 Median P95 Skew PNeg Mean Std N
1980 -0.24 0.13 0.32 42.82 0.12 106.45 4548.04 3651
1981 -0.37 0.12 0.33 63.32 0.17 43.75 2763.55 4010
1982 -0.51 0.10 0.30 63.02 0.22 25.80 1587.98 3974
1983 -0.54 0.10 0.31 64.63 0.23 82.86 4802.50 4313
1984 -0.76 0.11 0.31 41.75 0.24 128.45 5092.19 4322
1985 -1.00 0.09 0.32 -63.82 0.28 -16.47 1379.35 4344
1986 -1.01 0.09 0.34 -67.41 0.30 -3.26 214.02 4547
1987 -1.01 0.09 0.36 50.08 0.30 173.59 7539.89 4710
1988 -1.23 0.10 0.41 43.93 0.28 167.65 6770.72 4654
1989 -1.16 0.09 0.38 65.81 0.31 29.23 1677.42 4606
1990 -1.15 0.08 0.38 -16.52 0.31 -21.56 9044.97 4628
1991 -0.93 0.07 0.36 50.24 0.31 48.27 2159.04 4792
1992 -0.87 0.08 0.34 51.07 0.30 78.91 3602.44 5067
1993 -0.94 0.08 0.31 74.78 0.29 20.73 1377.05 6115
1994 -0.96 0.09 0.31 75.27 0.26 53.56 3507.16 6414
1995 -1.07 0.09 0.42 77.84 0.29 24.87 1622.66 7245
1996 -1.17 0.08 0.41 84.35 0.31 21.08 1589.10 7784
1997 -1.44 0.08 0.46 85.69 0.32 2.49 218.48 7759

 
         
Char=A/BE 

Year P5 Median P95 Skew PNeg Mean Std N
1980 1.16 2.08 15.57 26.97 0.02 3.77 18.68 3705
1981 1.09 1.99 14.71 -38.32 0.03 1.45 57.49 4069
1982 1.08 1.96 14.68 25.98 0.02 3.30 14.53 4038
1983 1.07 1.86 14.59 22.21 0.03 3.38 16.13 4390
1984 1.09 1.91 15.49 -34.10 0.02 3.22 22.36 4404
1985 1.04 1.93 15.58 48.88 0.03 4.85 63.75 4442
1986 1.03 1.96 14.99 -5.59 0.03 3.24 10.63 4665
1987 1.03 1.97 14.38 57.74 0.04 4.28 62.15 4833
1988 1.01 1.99 15.65 -64.20 0.04 2.05 176.03 4790
1989 1.02 2.04 15.34 -18.51 0.04 3.61 29.03 4737
1990 1.01 2.01 15.71 -0.03 0.05 3.64 46.81 4770
1991 1.01 1.97 15.07 38.04 0.05 4.24 61.00 4938
1992 1.04 1.92 13.82 57.69 0.04 5.01 89.89 5225
1993 1.05 2.00 14.81 -1.67 0.03 3.88 15.94 6294
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1994 -47.26 3.32 106.33 0.77 0.23 19.46 642.48 5079
1995 -42.60 2.75 101.14 -19.14 0.27 13.84 531.31 5764
1996 -57.83 2.79 106.86 34.24 0.28 20.76 724.89 6226
1997 -72.96 2.73 99.45 64.04 0.29 33.22 1532.54 6160

Table A.1 (continued) 
 
Char=DT/BE 

Year P5 Median P95 Skew PNeg Mean Std N
1980 0.00 0.52 3.39 34.56 0.02 1.28 14.09 3685
1981 0.00 0.47 3.36 -42.63 0.03 -0.41 48.18 4050
1982 0.00 0.46 3.48 36.15 0.02 0.99 10.29 4015
1983 0.00 0.38 3.16 26.90 0.03 0.99 11.14 4361
1984 0.00 0.41 3.36 -54.70 0.02 0.72 17.29 4364
1985 0.00 0.43 3.65 56.61 0.03 1.37 20.25 4408
1986 0.00 0.44 3.89 -0.73 0.03 0.94 5.19 4628
1987 0.00 0.44 4.14 28.01 0.03 1.29 22.25 4800
1988 0.00 0.45 4.27 -66.80 0.04 -0.84 156.38 4710
1989 0.00 0.47 4.87 -29.00 0.04 0.99 20.55 4671
1990 0.00 0.45 4.44 12.71 0.05 1.20 29.20 4700
1991 0.00 0.39 3.88 44.62 0.04 1.32 35.51 4853
1992 0.00 0.35 3.62 61.50 0.04 2.11 69.75 5132
1993 0.00 0.32 3.27 -20.81 0.03 0.73 8.49 6256
1994 0.00 0.36 3.43 27.42 0.03 0.84 8.60 6566
1995 -0.08 0.33 3.39 86.04 0.05 23.93 1969.21 7409
1996 -0.08 0.30 3.50 45.82 0.05 0.95 19.42 7971
1997 -0.38 0.30 3.79 -78.46 0.06 0.16 66.68 7962

         
         
Char=OI/XINT 

Year P5 Median P95 Skew PNeg Mean Std N
1980 -2.96 3.34 44.60 6.52 0.11 13.06 93.70 3320
1981 -5.05 2.78 39.86 21.59 0.15 12.40 122.63 3595
1982 -8.41 2.22 37.15 21.69 0.21 8.59 110.78 3548
1983 -16.84 2.70 52.46 -2.44 0.22 9.84 200.23 3868
1984 -19.98 2.84 52.42 33.58 0.22 10.75 162.35 3841
1985 -23.16 2.42 43.72 41.89 0.26 17.37 436.50 3882
1986 -30.24 2.37 46.87 2.22 0.28 5.39 165.62 4068
1987 -27.73 2.40 50.13 37.50 0.27 11.97 305.70 4202
1988 -28.73 2.41 53.65 5.85 0.25 7.72 202.52 4114
1989 -24.50 2.10 45.92 63.82 0.25 423.08 25991.50 4078
1990 -22.32 2.07 46.05 63.78 0.25 149.34 8984.99 4082
1991 -23.42 2.12 53.13 35.04 0.25 17.21 417.63 4202
1992 -36.96 2.72 83.06 66.56 0.23 254.87 15261.40 4450
1993 -55.66 3.07 104.04 13.75 0.23 14.10 588.42 4883
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November 18 0.001 0.001
December 18 2.637 2.470
 

Table A.2 – Average slopes and t-statistics from univariate month-by-month regressions of 
stock returns on the candidates for determinants conditioned on calendar month 
 
 The regression methodology is described in Table 2.  The average slope is the time-
series average of the monthly regression slopes between July 1981 and June 1999 computed 
separately for each calendar month.  The t-statistic is the average slope divided by time-series 
standard error.  N is the number of monthly regressions that are estimated for the variables.  
The definitions of the explanatory variables are given in Tables 1 and 2. 
 
 
Char=A    
MONTH N MEAN T
 
January 18 -8.309 -2.325
February 18 -3.130 -2.242
March 18 -2.914 -3.045
April 18 -2.783 -1.553
May 18 -2.676 -1.851
June 18 -0.108 -0.103
July 18 0.219 0.121
August 18 0.977 0.746
September 18 -1.388 -1.147
October 18 1.501 1.389
November 18 1.031 0.751
December 18 2.763 2.509
 
    
Char=BE    
MONTH N MEAN T
 
January 18 -17.869 -3.276
February 18 -4.372 -2.628
March 18 -3.323 -3.383
April 18 -3.933 -2.008
May 18 -3.051 -1.891
June 18 -3.020 -1.929
July 18 -6.193 -1.626
August 18 0.157 0.079
September 18 -1.306 -1.178
October 18 0.170 0.100



Table A.2 - Continued  
 
 
Char=EMP    
MONTH N MEAN T
 
January 18 -5.459 -1.031
February 18 -1.961 -1.608
March 18 -2.107 -2.461
April 18 -1.529 -1.043
May 18 -2.045 -1.578
June 18 0.896 1.003
July 18 1.695 0.803
August 18 1.386 1.488
September 18 -1.413 -1.182
October 18 1.671 1.614
November 18 2.306 2.419
December 18 2.574 2.700
 
 
Char=SALE    
MONTH N MEAN T
 
January 18 -7.431 -1.864
February 18 -2.347 -1.864
March 18 -2.389 -2.653
April 18 -2.757 -1.463
May 18 -1.994 -1.529
June 18 0.578 0.521
July 18 1.322 0.664
August 18 1.215 1.032
September 18 -1.258 -1.013
October 18 1.811 1.674
November 18 1.797 1.615
December 18 3.120 3.096
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Table A.2 - Continued  
 
 
Char=C    
MONTH N MEAN T
 
January 18 -11.271 -3.622
February 18 -3.677 -2.751
March 18 -2.634 -2.268
April 18 -4.718 -1.613
May 18 -2.755 -1.673
June 18 -1.783 -1.088
July 18 -3.772 -1.121
August 18 1.028 0.585
September 18 -0.961 -0.889
October 18 2.544 2.354
November 18 0.942 0.470
December 18 3.252 2.924
    
    
Char=C2    
MONTH N MEAN T
 
January 10 -9.336 -1.804
February 10 -3.030 -1.675
March 10 -1.582 -1.139
April 10 -4.206 -0.941
May 10 -3.224 -1.555
June 10 -1.552 -0.714
July 10 5.253 1.376
August 10 1.093 0.708
September 10 -2.333 -1.970
October 10 2.663 2.043
November 10 0.749 0.473
December 10 5.668 3.787
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Table A.2 - Continued  
 
 
Char=E    
MONTH N MEAN T
 
January 18 -17.618 -3.070
February 18 -3.669 -2.998
March 18 -2.601 -2.605
April 18 -4.438 -1.624
May 18 -2.691 -1.700
June 18 -1.542 -1.001
July 18 -4.852 -1.289
August 18 0.781 0.424
September 18 -0.410 -0.421
October 18 3.003 3.007
November 18 1.030 0.563
December 18 3.288 3.185
 
    
Char=C2/A    
MONTH N MEAN T
 
January 10 -15.124 -3.717
February 10 -1.093 -0.645
March 10 -1.301 -1.187
April 10 -2.024 -0.773
May 10 -1.956 -1.176
June 10 -2.333 -1.510
July 10 3.220 2.111
August 10 2.786 1.300
September 10 -0.748 -0.487
October 10 2.789 3.061
November 10 0.324 0.164
December 10 5.262 3.330
    
    

243 



Table A.2 - Continued  
 
 
Char=C2/BE    
MONTH N MEAN T
 
January 10 -9.735 -3.839
February 10 -0.710 -0.632
March 10 -0.471 -0.492
April 10 -2.357 -0.698
May 10 -1.145 -0.937
June 10 -0.228 -0.197
July 10 2.559 2.139
August 10 0.341 0.211
September 10 -0.195 -0.158
October 10 1.526 1.528
November 10 0.429 0.217
December 10 4.629 4.116
    
 
Char=C2/EMP    
MONTH N MEAN T
 
January 10 -14.953 -3.488
February 10 -2.432 -1.529
March 10 -1.367 -0.977
April 10 -3.013 -0.957
May 10 -2.456 -1.306
June 10 -1.301 -0.797
July 10 2.066 1.530
August 10 2.014 1.611
September 10 -0.056 -0.038
October 10 1.835 1.538
November 10 -0.622 -0.256
December 10 5.462 2.393
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Table A.2 - Continued  
 
   
Char=C2/SALE    
MONTH N MEAN T
 
January 10 -15.471 -3.859
February 10 -1.612 -0.959
March 10 -1.177 -0.948
April 10 -2.522 -0.780
May 10 -2.222 -1.169
June 10 -1.084 -0.676
July 10 2.010 2.892
August 10 2.542 1.234
September 10 -0.194 -0.133
October 10 1.734 1.631
November 10 -0.370 -0.170
December 10 5.004 2.458
    
 
Char=C/A    
MONTH N MEAN T
 
January 18 -13.666 -4.123
February 18 -3.993 -3.186
March 18 -2.534 -2.794
April 18 -3.786 -1.704
May 18 -1.752 -1.468
June 18 -2.272 -1.802
July 18 -3.882 -1.308
August 18 0.356 0.314
September 18 -0.429 -0.448
October 18 1.978 2.422
November 18 0.912 0.573
December 18 2.787 2.857
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Table A.2 - Continued  
 
 
Char=C/BE    
MONTH N MEAN T
 
January 18 -9.254 -4.754
February 18 -2.198 -2.649
March 18 -1.589 -1.840
April 18 -2.543 -1.187
May 18 -0.887 -0.970
June 18 -0.231 -0.305
July 18 1.134 1.335
August 18 1.205 1.399
September 18 -0.230 -0.282
October 18 2.119 2.715
November 18 0.949 0.829
December 18 3.062 3.292
    
    
Char=C/EMP    
MONTH N MEAN T
 
January 18 -12.836 -3.724
February 18 -4.929 -3.714
March 18 -2.864 -3.000
April 18 -4.047 -1.828
May 18 -1.638 -1.336
June 18 -2.259 -1.923
July 18 -3.730 -1.315
August 18 0.976 0.756
September 18 -0.549 -0.595
October 18 1.530 1.326
November 18 -0.048 -0.027
December 18 1.776 1.976
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Table A.2 - Continued  
 
 
Char=C/SALE    
MONTH N MEAN T
 
January 18 -13.023 -3.995
February 18 -4.877 -3.780
March 18 -2.836 -3.129
April 18 -4.118 -1.759
May 18 -1.641 -1.373
June 18 -2.087 -1.818
July 18 -3.417 -1.279
August 18 0.610 0.521
September 18 -0.786 -0.918
October 18 1.154 1.104
November 18 -0.248 -0.145
December 18 1.785 2.186
    
    
Char=E/A    
MONTH N MEAN T
 
January 18 -14.477 -3.930
February 18 -4.353 -3.215
March 18 -3.104 -3.377
April 18 -4.311 -1.854
May 18 -2.104 -1.712
June 18 -2.235 -1.783
July 18 -4.990 -1.490
August 18 -0.218 -0.172
September 18 -0.530 -0.553
October 18 2.068 2.493
November 18 1.029 0.662
December 18 3.046 3.074
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Table A.2 - Continued  
 
 
Char=E/BE    
MONTH N MEAN T
 
January 18 -10.131 -4.906
February 18 -2.491 -3.007
March 18 -2.286 -2.758
April 18 -3.053 -1.390
May 18 -1.244 -1.242
June 18 -0.406 -0.579
July 18 0.788 0.927
August 18 0.813 0.919
September 18 -0.131 -0.150
October 18 2.328 2.731
November 18 1.580 1.439
December 18 3.677 3.825
    
 
Char=E/EMP    
MONTH N MEAN T
 
January 18 -13.111 -4.261
February 18 -4.633 -3.963
March 18 -2.990 -3.437
April 18 -4.463 -1.930
May 18 -1.942 -1.613
June 18 -1.961 -1.682
July 18 -4.122 -1.375
August 18 0.678 0.520
September 18 -0.456 -0.519
October 18 2.058 1.936
November 18 0.516 0.319
December 18 2.365 2.546
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Table A.2 - Continued  
 
 
Char=E/SALE    
MONTH N MEAN T
 
January 18 -13.846 -4.121
February 18 -4.618 -3.824
March 18 -3.194 -3.802
April 18 -4.507 -1.886
May 18 -1.936 -1.592
June 18 -1.723 -1.564
July 18 -3.992 -1.381
August 18 0.242 0.202
September 18 -0.707 -0.838
October 18 1.744 1.827
November 18 0.665 0.412
December 18 2.547 2.868
    
 
Char=OI/A    
MONTH N MEAN T
 
January 18 -9.259 -3.671
February 18 -3.664 -2.861
March 18 -2.765 -3.467
April 18 -3.561 -1.839
May 18 -1.754 -1.573
June 18 -1.606 -1.612
July 18 -0.014 -0.007
August 18 -0.116 -0.114
September 18 -0.583 -0.660
October 18 2.099 2.727
November 18 0.791 0.532
December 18 3.263 3.816
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Table A.2 - Continued  
 
 
Char=OI/SALE    
MONTH N MEAN T
 
January 18 -11.238 -4.674
February 18 -3.937 -3.348
March 18 -3.123 -3.971
April 18 -3.973 -1.805
May 18 -2.255 -1.688
June 18 -1.186 -1.241
July 18 -0.725 -0.438
August 18 0.603 0.533
September 18 -0.414 -0.529
October 18 1.934 1.775
November 18 0.617 0.360
December 18 2.894 3.449
    
 
Char=NI/SEQ    
MONTH N MEAN T
 
January 18 -9.972 -4.725
February 18 -2.188 -2.889
March 18 -2.604 -3.858
April 18 -3.072 -1.566
May 18 -0.981 -1.040
June 18 -0.292 -0.425
July 18 0.836 1.004
August 18 0.594 0.613
September 18 -0.205 -0.265
October 18 2.456 2.944
November 18 1.110 0.926
December 18 3.720 4.406
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Table A.2 - Continued  
 
 
Char=A/BE    
MONTH N MEAN T
 
January 18 -0.048 -0.058
February 18 1.136 1.522
March 18 0.293 0.479
April 18 1.278 0.827
May 18 -1.274 -1.822
June 18 0.893 1.287
July 18 0.741 1.249
August 18 -0.163 -0.296
September 18 -0.314 -0.566
October 18 0.157 0.209
November 18 -0.154 -0.235
December 18 0.031 0.032
 
 
Char=DT/BE    
MONTH N MEAN T
 
January 18 0.205 0.270
February 18 0.712 1.062
March 18 0.379 0.812
April 18 1.868 0.891
May 18 -1.174 -2.001
June 18 0.458 0.729
July 18 0.500 1.108
August 18 -0.707 -1.274
September 18 -0.947 -1.793
October 18 -0.579 -0.938
November 18 -1.125 -1.537
December 18 -1.206 -1.393
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Table A.2 - Continued  
 
 
Char=OI/XINT    
MONTH N MEAN T
 
January 18 -13.248 -4.129
February 18 -3.738 -2.880
March 18 -3.142 -3.591
April 18 -3.758 -1.391
May 18 -1.658 -1.495
June 18 -1.755 -1.431
July 18 -2.821 -1.354
August 18 -0.102 -0.074
September 18 -0.279 -0.343
October 18 2.383 2.924
November 18 1.241 0.841
December 18 3.612 4.014
 
 
char=GA  
MONTH N MEAN T
 
January 15 -16.141 -2.979
February 15 -7.041 -2.344
March 15 -6.389 -5.776
April 15 -5.512 -3.592
May 15 -4.111 -2.373
June 15 -7.206 -2.275
July 15 -13.489 -1.925
August 15 -5.823 -2.070
September 15 -3.335 -3.236
October 15 -1.102 -0.897
November 15 -3.048 -1.216
December 15 -0.857 -0.462
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Table A.2 - Continued  
 
 
char=GEMP    
MONTH N MEAN T
 
January 15 -12.249 -2.464
February 15 -3.705 -2.092
March 15 -4.814 -4.349
April 15 -3.237 -2.504
May 15 -2.320 -1.407
June 15 -7.336 -1.881
July 15 -9.750 -1.658
August 15 -4.060 -1.830
September 15 -1.344 -1.261
October 15 -1.376 -0.925
November 15 -1.351 -0.996
December 15 -0.852 -0.380
    
    
char=GSALE    
MONTH N MEAN T
 
January 15 -14.520 -1.605
February 15 -5.956 -1.713
March 15 -4.153 -3.485
April 15 0.896 0.258
May 15 -1.740 -0.984
June 15 -6.516 -1.901
July 15 -6.697 -1.178
August 15 -4.528 -1.770
September 15 -1.552 -1.607
October 15 -2.262 -1.475
November 15 -0.392 -0.381
December 15 0.868 0.509
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Table A.2 - Continued  
 
 
Char=BE/ME    
MONTH N MEAN T
 
January 18 1.437 1.189
February 18 3.173 2.582
March 18 3.212 3.638
April 18 3.471 1.941
May 18 1.092 1.127
June 18 2.002 2.282
July 18 4.092 3.703
August 18 1.396 1.089
September 18 2.306 2.496
October 18 1.418 1.083
November 18 0.980 0.949
December 18 1.021 1.255
 
 
Char=ME    
MONTH N MEAN T
 
January 18 -17.751 -4.163
February 18 -5.940 -3.541
March 18 -4.891 -4.515
April 18 -5.668 -2.139
May 18 -3.795 -2.338
June 18 -3.585 -2.501
July 18 -7.512 -1.883
August 18 -0.913 -0.453
September 18 -1.921 -1.787
October 18 -0.155 -0.102
November 18 -0.447 -0.216
December 18 2.558 1.952
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Table A.3 – Average slopes and t-statistics from multivariate month-by-month regressions of 
stock returns on price-based variables conditioned on season 
 

The regression methodology is the same as the univariate methodology described in 
Table 2, except that each month, returns are simultaneously regressed on BE/ME, ME, 
MOM2-12 and MOM13-24.  In Panel A, the summary statistics are based on all months in the 
July 1982 to June 1999 sample period.  The shorter sample period (192 months versus 216 
months for most variables in Table 2) is attributable to the inclusion of MOM2-12 and 
MOM13-24, which use up to 2 years of data for each annual observation.  In Panel B, the 
statistics are based on the January through September months between July 1982 and June 
1999.  Hence, the average slope is the time-series average of the January through September 
monthly regression slopes between July 1982 and June 1999 and the t-statistic is the average 
slope divided by the time-series standard error of the January to September months.  In Panel 
C, the statistics are computed for Octobers, Novembers and Decembers for the same sample 
period.  N is the number of monthly regressions that are estimated. 

BE/ME is BE for the fiscal year ending in calendar year t divided by the market value 
of equity at end of December of year t.  ME is the market value of equity at the end of June of 
year t + 1.  MOM2-12 is a stock’s return over the 12-month period starting in the 12th month 
and ending in the 2nd month prior to the beginning of the period over which the dependent 
return is measured.  MOM13-24 is the return over the 11-month period starting in the 24th 
month and ending in the 13th month prior to the beginning of the holding period of the 
dependent return. 

 
 

Panel A: All Months 

Price-Based Variable N Mean T
BE/ME 192 1.291 4.043
ME 192 -1.593 -3.697
MOM2-12 192 0.240 0.662
MOM13-24 192 -0.642 -2.212
 
 

Panel B: January to September 

Price-Based Variable N Mean T
BE/ME 144 1.219 3.179
ME 144 -2.606 -5.382
MOM2-12 144 -0.442 -1.035
MOM13-24 144 -1.353 -3.841
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Table A.3 (continued) 
 
 

Panel C: October to December 

Price-Based Variable N Mean T
BE/ME 48 1.507 2.690
ME 48 1.446 1.842
MOM2-12 48 2.288 3.817
MOM13-24 48 1.490 4.530
 
 

256 



257 

security characteristics and the cross-section of expected stock returns, Journal of 
Financial Economics, 49, 345-373 
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