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Abstract 

 

Industry-level equity research is a relatively small but rapidly growing area of interest to 

finance academics. Costs of equity estimation as well as investigations into various 

anomalies such as the momentum, contrarian, value and size effects have mostly 

focused on individual stock returns rather than industry returns. Using a sample of U.S. 

industry returns, this thesis investigates two broad areas: industry cost of equity 

estimation and aspects of industry return predictability. This thesis presents three 

empirical chapters that cover industry cost of equity estimation, an examination of the 

long-term return reversal of industry returns, and finally research into the existence of 

value effects at the industry level.   

 

Previous research on industries shows that the Fama-French three-factor model and the 

Cahart four-factor model do not produce significantly better cost of equity (CE) 

estimates than those produced by the Capital Asset Pricing Model (CAPM). The first 

empirical study investigates the bias of the standard CAPM approach for each industry 

separately, and examines the effectiveness of a number of alternative beta estimators in 

producing CE estimates. The alternative beta estimators are a Blume-adjusted beta and a 

range of constant betas. CE estimates are judged on the basis of how well they predict 

the industry’s expected return (as proxied by average annual return over the next five or 

eight years). Performance evaluations are based on mean absolute forecast error (MAE).  

 

The study finds that an industry’s degree of defensiveness provides useful information 

about the adequacy of CE estimates (the defensiveness of an industry is measured by 

the magnitude of its average monthly returns in down market months). The study finds 

that the standard CAPM approach produces defensive industry CE estimates that are too 
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low and high-risk industry CE estimates that are too high. The study also reveals that, 

for some industries, constant betas generate significantly better cost of equity estimates 

than does the standard CAPM procedure. For many other industries, constant betas 

produce reductions in MAE that, although not statistically significant, are still large 

enough to be of interest to practitioners. An implication of these results is that 

recommendations about CE methods need to be industry-specific. 

 

The second study examines whether there is evidence of long-term return reversal in the 

returns of U.S. industries. This form of predictability is investigated through the use of 

pure and late-stage contrarian strategies. This thesis documents strong evidence of long-

term return reversal in industry returns from strategies with long formation period 

lengths of 108, 120 and 132 months, but not from strategies with the 36-month to 60-

month formation periods commonly used in stock-level studies. This result suggests that 

industry-level return reversal is not simply a reflection of the stock-level reversal. 

Regarding the relative merits of the pure and late-stage contrarian strategies, the late-

stage contrarian approach consistently produces stronger evidence of reversal. It seems 

that the late-stage contrarian strategy uses recent short-term performance to better 

identify those industries that are ready to begin reversing the long-term performances.  

 

The third and final study of this thesis comprehensively investigates whether there is an 

inter-industry value effect. While prior research argues that the value effect is largely an 

intra-industry phenomenon, the results of the second study raises doubt about that 

conclusion since contrarian strategies and book-to-market strategies are approaches 

commonly used to test for value effects. Three alternative measures are used to 

determine value: the book-to-market equity ratio (BM), the percentage change in book-

to-market equity (change) and long-term past return (contrarian). In addition, the study 
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extends the late-stage approach to all three value measures because these late-stage 

value strategies are designed to more reliably detect the presence of a value effect. 

Contrary to prior research, this thesis documents strong evidence of an inter-industry 

value effect with all three measures. Specifically, the late-stage BM, change, and 

contrarian strategies produce significant abnormal returns of 0.46%, 0.71%, and 0.42% 

per month, respectively. Furthermore, the late-stage value strategies outperformed the 

corresponding pure value strategies. 

 

The results of the thesis highlight the importance of industry-level research. This thesis 

contributes to the literature in a number of ways: by providing insight into ways to 

improve industry cost of equity estimation, by identifying a long-term return reversal 

effect and a related value effect in industry returns.   
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1. Introduction  

 

1.1 Overview and Rationale  

The empirical features of industry returns have not been as extensively studied as have 

individual stock returns. Yet industry-level studies are an ideal testing ground for 

methods and results obtained at the stock level. Moreover, industry-level research may 

provide information about the operations of equity markets that cannot be easily 

observed in stock-level studies.  

 

This thesis employs industry returns to investigate two broad areas: cost of equity 

estimation and aspects of return predictability. As a component of the cost of capital, 

the cost of equity plays a crucial role in financial decision-making, and has an important 

role in project evaluation and capital budgeting. Estimates of the cost of equity are also 

used by regulators in the U.S. and in many other countries to set allowable prices that 

can be charged for the use of billions of dollars of infrastructure for the supply of gas, 

water, electricity and other utilities. Unfortunately, it is very difficult to estimate the 

cost of equity of any firm or industry with any degree of accuracy: “estimates of the cost 

of equity are distressingly imprecise” (Fama and French, 1997, p. 178).  

 

Motivated by the earlier work of Gregory and Michou (2009) which recommends 

searching for better betas to use in the Capital Asset Pricing Model (CAPM), the first 

study in this thesis examines the effectiveness of the Blume-adjusted beta and a variety 

of fixed beta values (beta = 0.80, 0.90, 1, 1.10, 1.20 and 1.30) for producing industry 

cost of equity (CE) estimates. This approach to cost of equity estimation is motivated by 

the intuition that a constant beta less than unity may be suitable for some low-risk 

‘defensive’ industries and that a constant beta greater than unity may be suitable for 
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some high-risk industries. The aim of this research is to determine whether any of these 

alternative techniques provide significantly better CE estimates than the CE estimates 

generated by the standard CAPM beta (denoted the OLS beta). Unlike prior research, 

the thesis evaluates alternative CE estimators on an industry-by-industry basis. The 

findings reveal that standard CAPM practice produces significantly biased CE estimates 

for some industries. Moreover, the findings show that constant betas produce 

significantly better CE estimates than the standard CAPM CE estimates for a number of 

industries. 

 

The research in this first study is also motivated by the realization that any 

improvements to CE estimation will produce significant benefits because the cost of 

equity is a component of a firm’s cost of capital, and the cost of capital plays a crucial 

role in a modern economy. The cost of capital is an important input in the capital 

budgeting decisions of most firms. If a firm’s CE estimate is too high then otherwise 

worthwhile projects may be rejected. On the other hand, if a firm’s CE estimate is too 

low then unsuitable projects may be accepted. Consequently, it is very important that 

managers and regulators have the best methods available to estimate the cost of equity. 

Note that although the investigation will be at the  industry-level rather than at the 

company-level, the strong expectation is that the techniques that provide better 

estimates of industry cost of equity will  also be good methods for estimating company 

cost of equity.   

 

While there is a rapidly growing amount of research into return predictability and a 

variety of stock market anomalies have been identified, most of this research is 

undertaken at the level of individual stocks rather than at the level of industries. 

Consequently, the dynamics of industry returns are not well understood. Therefore, this 
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thesis investigates two aspects of industry return predictability. For the first 

predictability study, the thesis tests for the existence of long-term return reversal in U.S. 

industry returns because there does not appear to be any industry-level studies into long-

term return reversal reported in the literature. The findings reveal strong evidence of 

long-term return reversal.  

 

The second predictability study comprehensively investigates whether there is an 

industry-level value effect. This study is partially motivated by the need to directly 

check one of the findings of Chou, Ho and Ko (2012). They claim that the value effect 

is largely an intra-industry phenomenon. Since it seems somewhat counterintuitive for 

there to be long-term return reversal in industry returns but not an industry-level value 

effect, this thesis tests for a value effect in industry returns. The findings reveal strong 

evidence of an inter-industry value effect for each of the three different ways value is 

measured.  

 

In short, the general lack of extensive research to date into the predictability of industry 

returns motivates the second and third research studies in this thesis. Long-term return 

reversal and value effects are important aspects of return predictability in stock-level 

returns. If such effects exist at the industry level then analysts and investors need to be 

aware of their implications. An otherwise reasonable recommendation to invest in a 

particular company, for example, may need to be reconsidered if the outlook for the 

future returns of its industry is bleak due to an industry-level return reversal effect. 

There is also a need to comprehensively test for the existence of such effects at the 

industry level in order to better understand the characteristics of financial markets. Such 

investigations have the potential to significantly increase our understanding of the 

dynamics of industry returns. 
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1.2 Key Research Questions 

The summary of the literature indicates that the empirical features of industry returns 

are not as well studied as are those of individual stock returns. This thesis employs 

industry returns in three empirical studies. The first investigates whether alternative 

estimators can improve industry cost of equity estimation, while the second and third 

studies investigate evidence for long-term return reversal and for value effects in 

industry returns. The three research questions that guide the three empirical studies in 

this thesis are outlined as follows: 

 

Research Question 1:  

How well do industry cost of equity estimators predict the average annual return 

over the next five and eight years? 

 

Prior research (see, for example, Fama and French (1997)) shows that it is very difficult 

to estimate the cost of equity (CE) of any firm or industry with any degree of accuracy. 

Fama and French (1997) compare the CAPM with their three-factor model for 

estimating industry cost of equity. However, their results do not provide sufficient 

justification for recommending that practitioners should switch from the CAPM to their 

three-factor model when estimating cost of equity. Consequently, practitioners continue 

to rely on the CAPM for estimating cost of equity.  

 

Recent research by Gregory and Michou (2009) confirms that industry cost of equity is 

estimated with a large error. They do not find that CE estimates from the three-factor 

model are significantly better than those that result from the standard CAPM approach. 

Instead, they recommend future research should look for better forecasts of beta within 

the CAPM framework. The latter comment by Gregory and Michou (2009) motivates 
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the evaluation in this thesis of the alternative cost of equity estimators that result from a 

number of alternative betas. The competing estimators are evaluated on their ability to 

predict average returns over at least the next five years because the time frame of 

interest for capital budgeting is at least five years in most cases.  

 

Research Question 2:  

Is there long-term return reversal at the industry level? Do late-stage contrarian 

strategies outperform the corresponding single-sort pure contrarian strategy? 

 

In a landmark article, DeBondt and Thaler (1985) document strong evidence of the 

reversal of long-term returns at the individual stock level by employing single-sort (or 

‘pure’) contrarian strategies. In contrast, there do not appear to be any published studies 

investigating the possible existence of long-term return reversal at the industry-level. 

Since long-term return reversal would be an important form of predictability if it exists 

at the industry level, this research question is considered in the second empirical study 

in this thesis. In a recent study of long-term return reversal at the level of international 

market indices, Malin and Bornholt (2013) propose an enhanced contrarian strategy 

called the late-stage strategy. Therefore, the second component of the second research 

question examines whether late-stage strategies are more profitable than the 

corresponding pure contrarian strategies when applied to industry returns.  

 

Research Question 3: 

Is there a value effect at the industry level? Do late-stage value strategies 

outperform the corresponding single-sort pure value strategies? 

 

Employing a parametric approach, Chou et al. (2012) make a number of important 

industry-related findings about stock market anomalies. Of particular relevance is their 

claim that the value effect is largely an intra-industry phenomenon. The third empirical 
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study investigates this claim using the more-reliable non-parametric trading strategy 

approach applied directly to industry returns. The aim is to examine whether or not 

there is an inter-industry value effect. A part of this study is the extension of the late-

stage approach to value strategies in general in order to see if late-stage strategies 

outperform pure value strategies.  

 

1.3 Research Methodology   

The current study uses and develops a number of quantitative approaches to address the 

research questions considered in this thesis. The first empirical chapter in this thesis 

employs alternative beta estimators within the CAPM to examine the performances of 

the resulting cost of equity estimates. The second empirical chapter uses contrarian 

trading strategies applied to industry returns to test for the existence of any long-term 

return reversal of industry returns. The third and final empirical chapter investigates 

whether there is an industry-level value effect in the U.S. equity market, using value 

strategies with three alternative measures to determine value.    

 

To test the effectiveness of industry cost of equity estimates, the first empirical chapter 

(Chapter 3) compares the out-of-sample performances of the industry CE’s that result 

from estimating the cost of equity using the CAPM with a number of alternative beta 

estimators. The first alternative beta is called the Blume-adjusted beta. The other 

alternative betas are a range of fixed value betas (beta = 0.80, 0.90, 1, 1.10, 1.20 and 

1.30). Mean absolute forecast error (MAE) is calculated for each industry and beta 

combination and, similar to Gray et al. (2009), paired t-tests are used to determine 

whether an alternative beta estimation method produces better CE estimates than those 

produced by the standard OLS beta. 
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The second and third empirical chapters (Chapters 4 and 5, respectively) employ a non-

parametric approach that involves single-sort and double-sort procedures to form 

contrarian and value trading strategies. The single-sort trading strategy approach is well 

-established in the literature (see, for example, DeBondt and Thaler, 1987). For the 

double-sort strategies, the late-stage contrarian approach is from Malin and Bornholt 

(2013). This thesis develops late-stage value strategies using the same rationale that 

Malin and Bornholt (2013) used to develop their late-stage contrarian approach. To 

determine whether the profits of these strategies should be considered a reward for 

bearing risk, the profits are risk-adjusted using the Fama-French three-factor model. 

Statistical testing follows the procedures in Malin and Bornholt (2013).  

For the contrarian strategies constructed in Chapter 4, the study uses a broad range of 

formation period lengths. This study also maintains a 12-month gap between the end of 

the formation periods and the beginning of the holding periods, consistent with previous 

studies such as those of Fama and French (1996), Figelman (2007), Grinblatt and 

Moskowitz (2004) and Malin and Bornholt (2013).  

    

The third empirical study in Chapter 5 tests for an inter-industry value effect using three 

alternative measures to determine value effect. The first measure is industry book-to-

market equity ratio (BM) calculated as the value-weighted average book-to-market 

equity of companies in the industry. The second measure is the percentage change in 

book-to-market equity ratio (denoted hereafter as ‘change’). The third measure of value 

is an industry’s return over the past 120 months (contrarian). The rationale for these 

measures is provided in Chapter 5. 
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1.4 Research Contribution 

This study contributes to the existing body of knowledge in two areas regarding the 

dynamics of industry returns, the first area is estimation of the cost of equity and the 

second area covers both the long-term contrarian and value effects. In regard to the first 

area, this research makes three important research contributions. Firstly, this PhD thesis 

employs the notion of defensiveness to divide U.S. industries into three groups, 

defensive, medium-risk and high-risk industries, and investigates the relevance of this 

classification for cost of equity calculation. Secondly, the study suggests new methods 

for estimating industry cost of equity that generate economically and sometimes 

significantly better estimates than the current CAPM approach produces, especially for 

defensive and high-risk industries. Thirdly, the current study introduces a new 

methodology for assessing the predictive ability of cost of equity estimates that is more 

realistic and that is more aligned with how cost of equity estimates are used by 

practitioners.  

 

With regard to the second area covered in this thesis, two empirical studies were 

undertaken. In Chapter 4, a study is made into long-term reversal in industry returns. 

Such research has not been reported in the literature and contributes to the existing body 

of knowledge in three ways. Firstly, this thesis investigates the long-term return reversal 

at the level of industry using a sample of U.S. industries, while previous studies 

examine the topic at the level of individual stocks or at the level of international market 

indices. Chapter 4 provides strong evidence of industry-level long-term return reversal. 

Contrarian strategies based on long formation periods (108, 120 and 132 months) 

generates significant profits rather than the formation periods typically used in stock-

level studies (36, 48 and 60 months).  
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Secondly, another contribution offered by Chapter 4 is that the current study compares 

and contrasts the single-sorted pure contrarian strategy with the late-stage contrarian 

strategy based on double-sorted portfolios suggested by Malin and Bornholt (2013) in a 

study of market indices. The results in Chapter 4 show that the late-stage strategy has 

consistently larger profits than the traditional pure contrarian strategy. The late-stage 

strategy provides significant evidence of reversal in industry returns whereas the 

evidence provided by the pure contrarian strategy can be explained by the Fama-French 

three-factor model. Thirdly, subsample analysis confirms the existence of reversal in 

both sub-periods. This means that the long-term return reversal is not an artifact of the 

early years covered by the sample but is instead a feature of the U.S. equity market 

across the whole sample.  

 

Chapter 5 reports on an empirical study into the existence of a value effect across 

industries, and uses three different methods to determine value. The research in Chapter 

5 is the first to suggest using the percentage change in the book-to-market (BM) ratio as 

a variable for identifying value, and it is also the first research to examine the late-stage 

BM and the late-stage change strategies. Chapter 5 provides strong evidence of 

existence of an inter-industry value effect in the U.S. equity market consistent across the 

three value measures. Secondly, the late-stage BM, late-stage contrarian and late-stage 

change strategies each provide significant abnormal returns. In particular, the late-stage 

methodology is shown to be more effective in uncovering the existence of this value 

effect. Each of the three late-stage value strategies generates stronger evidence than do 

the corresponding pure value strategies. Although each of the pure value strategies earns 

significant unadjusted profits, these profits can be explained by the Fama-French three-

factor model.   
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1.5 Structure of the Thesis and Research Contribution 

The remainder of this chapter summarizes the structure of the thesis. Chapter 2 

commences with a review of the relevant academic literature, beginning with the 

Capital Asset Pricing Model (CAPM) to be used in the first empirical study for 

estimating industry cost of equity. This review discusses alternative techniques that 

have been proposed in the literature to improve the performance of the CAPM. This is 

followed by reviews of three alternative asset pricing models and recent empirical 

evidence. Finally, the review in Chapter 2 considers scholarly contributions relevant to 

the return reversal and the value effect research questions considered in this thesis.    

 

Chapter 3 is the first empirical contribution of the thesis. It investigates industry cost of 

equity estimation and includes a performance comparison of several alternative 

techniques for estimating the industry cost of equity. The findings include evidence that 

the standard CAPM approach produces significantly biased CE estimates for some 

industries. In particular, standard practice produces CE estimates that are too low for 

many defensive industries and estimates that are too high for many high-risk industries. 

Moreover, alternative CE estimators yield significantly better CE estimates for many of 

these industries than do those produced by the standard CAPM approach. The results in 

Chapter 3 show that considerable progress has been made in providing improved cost of 

capital estimates for specific industries. Overall, the findings reveal that one-size-fits-all 

approaches such as the standard CAPM approach or assuming a beta of unity for all 

industries are not recommended. 

 

Chapter 4 investigates whether or not there is long-term return reversal of industry 

returns, and secondly whether the late-stage contrarian strategy is more profitable than 

the corresponding single-sorted pure contrarian strategy when applied to industry 
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returns. The findings reveal that there is a strong evidence of long-term return reversal 

produced by contrarian strategies with 108-month, 120-month and 132-month formation 

periods but not with the 36-month to 60-month formation periods. These results indicate 

that the dynamics of industry returns are quite different in this respect to the dynamics 

of stock returns. The findings also reveal that the late-stage contrarian strategy 

substantially outperforms the traditional pure contrarian strategy when applied to 

industry returns. 

 

Chapter 5 examines whether or not there is an industry-level value effect using three 

alternative measures to measure value (BM, contrarian and change), and whether the 

late-stage BM, late-stage contrarian and late-stage change strategies are more profitable 

than the corresponding pure value strategies. Chapter 5 reveals strong evidence of an 

industry-level value effect for each of the three alternative value measures. In addition, 

the findings show that the performance of the late-stage BM, contrarian and change 

strategies outperform the corresponding pure BM, pure contrarian and pure change 

strategies. Among the three late-stage value strategies, the late-stage change strategy 

provides the strongest evidence over most holding periods. Also of interest is the 

finding that the Fama-French three-factor model cannot explain the profitability of these 

industry-level value strategies applied to U.S. industries, even though the three-factor 

model includes the stock-level U.S. value factor (HML). The implication from Chapters 

4 and 5 is that researchers should not assume that the empirical characteristics of 

industry returns are similar to those of the underlying stocks. 

 

Chapter 6 provides a summary of the main conclusions of the thesis and discusses the 

limitations associated with the research. Avenues for future research are discussed. 
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2. Literature Review 

 

2.1 Introduction  

The purpose of this chapter is to provide a review of the literature that relates to the 

research questions considered in this thesis. Rather than being comprehensive, the 

review in this chapter focuses on those scholarly works that motivate and inform the 

research questions in this thesis. This chapter comprises ten sections as follows.  

 

Section 2.2 presents the Capital Asset Pricing Model, which is the main model used for 

estimating the cost of equity in this thesis. Section 2.3 examines the early empirical tests 

and anomalies, in particular the size and the book-to-market equity anomalies. Section 

2.4 is a review of literature related to the estimation of CAPM and the alternative 

techniques used to improve its performance. These alternative techniques applied within 

the CAPM framework include outlier-adjusted betas, shrinkage beta estimators and 

reward betas.  

 

Section 2.5 discusses four alternative asset pricing models: the Inter-temporal Capital 

Asset Pricing Model (ICAPM), the Arbitrage Pricing Theory (APT) model, the Fama-

French three-factor model and the Cahart four-factor model. Section 2.6 provides recent 

empirical evidence on asset pricing models. Section 2.7 examines the return reversal 

effects, while section 2.8 discusses the value effect. Section 2.9 examines studies of 

joint effects, and finally, section 2.10 contains the chapter summary. Where appropriate, 

the main section headings in this chapter will end with (RQ1), (RQ2) and (RQ3) to 

denote that the literature reviewed in that section is mainly for a particular research 

question from the three described in Section 1.2. 
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2.2 The Capital Asset Pricing Model (CAPM) (RQ1) 

The CAPM model is a one-period model developed by Sharpe (1964) and Lintner 

(1965) that relates the expected return on an asset or security to its systematic risk. The 

CAPM model for security i can be written:  
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RRE ][ is the market risk premium. 

 

A number of additional assumptions are needed to extend the model to the multi-period 

setting that is needed in practice. The beta coefficient in the CAPM is usually calculated 

as the slope coefficient estimate in a regression using ordinary least squares (OLS). This 

beta estimate will be denoted as the OLS beta in this thesis. The analysis typically 

involves regressing the security’s excess returns on the chosen market proxy’s excess 

returns. Martin and Simin (1999) found that the OLS method is widely used among 

practitioners and the academic sector to estimate the CAPM beta. Sharpe (1964) and 

Lintner (1965) showed that there is a positive relationship between a security’s beta and 

its expected return.   

 

Since the introduction of CAPM there has been a debate whether CAPM is a consistent 

model to estimate the cost of equity or not.  A number of researchers such as Homaifar 
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and Graddy (1991)  argue that the CAPM does not succeed as a standard model for 

asset pricing and does not provide precise results because it depends on OLS beta which 

is always biased downwards. On the other hand, the CAPM is an essential model 

associated with the expected return on a portfolio and individual securities using 

systematic risk (OLS beta) which has led other researchers such as Homaifar and 

Graddy (1991)   to modify and develop the CAPM.  

 

In general, Ronchetti and Genton (2008) point out that beta assessment represents a 

crucial step in evaluating the cost of equity capital for a company and evaluating the 

cost of equity employed in business valuations. In addition, Ronchetti and Genton 

(2008) find that portfolio managers use beta assessment to achieve high profits and to 

minimize the risk. Ibbotson, Kaplan and Peterson (1997) show that beta evaluations are 

also used to create portfolios that diversify risk. Furthermore, the increasing need for 

beta forecasts comes from the increasing use of beta. Two methods have been used by 

practitioners for obtaining the beta estimates: the first is to estimate beta from historical 

data, and the second method is to estimate beta by using investment advisory services 

(Harrington, 1983). However, the next section presents early empirical evidence 

showing that CAPM has some problems and discusses potential solutions to improve 

the CAPM performance.   

 

2.3 Early CAPM tests and anomalies (RQ1)   

 Blume (1970) suggested a new technique for testing the CAPM based on portfolios of 

stocks. He first sorted individual securities into portfolios based on the values of the 

securities’ estimated betas, and it was these portfolios that were then used in tests of the 

CAPM. This sorting procedure became standard in many later empirical tests of the 

CAPM, including in the landmark paper of Fama and French (1992). Using Blume’s 

technique in a cross-sectional regression of average return on market beta reduces the 
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estimated CAPM’s errors in variable problem, thus improving the precision of the 

estimated beta.  

 

Black (1972) re-examined the assumptions behind the CAPM and produced a variation 

on the CAPM that did not assume the existence of a risk-free asset. Black (1972) also 

showed that using a market proxy instead of the actual market portfolio leads to 

increased model specification errors. His empirical evidence suggested that the 

relationship between average returns and the OLS beta (the empirical market line) is 

flat. This relationship was justified by the no risk-free asset assumption, and is 

consistent with Blume and Friend’s (1973) results.  Blume and Friend (1973) justified a 

flat relationship as the consequence of a violation of another assumption related to 

borrowing and lending.    

 

Fama and MacBeth (1973) investigated the relationship between risk and average 

returns for stocks listed on the NYSE. A key contribution of their study was that they 

suggested a new statistical technique to solve the problem caused by the correlation of 

residuals in cross-section regressions. Instead of evaluating a single cross-section 

regression of average monthly return on betas, they estimated month-by-month cross-

section regressions of monthly returns on beta. Their technique is still widely used to 

this day. However, its weakness is that it assumes that the coefficient evaluated every 

period is taken from a stationary distribution. Chan, Hamao and Lakonishok (1991) find 

that fluctuations in the level of the independent variables over time can lead to this 

assumption being invalidated. Although the Fama and MacBeth (1973) study appeared 

to present persuasive evidence for the CAPM, this is mainly due to their study predating 

CAPM anomalies such as the size effect that only became known after the 1970’s.  
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Brigham and Crum (1977) proposed that the CAPM produces downwardly-biased beta 

estimates. This problem especially appears when the firms suffer from fundamental 

changes in their financial structure that raises their systematic risk positions but at the 

same time the expected returns of the firms do not increase to compensate for this rise in 

risk.  Thus, the cost of equity estimates will be too low.  As a result, estimating the cost 

of equity by using beta to measure the risk may provide misleading results.  They 

demonstrate this point by providing examples during the period from 1964 to 1975, 

where public utilities such as telephone and electronic firms declined in betas.  Overall, 

they recommended that caution should be taken in using the OLS beta in the CAPM to 

produce cost of equity estimates in utility firms.  

 
2.3.1 The size anomaly   

One of the great challenges to the CAPM was presented by (Banz, 1981). Banz (1981) 

described a size effect in stock prices whereby small companies seemed to provide 

significantly higher monthly returns than did large firms even after adjusting for risk. 

For the period 1926-1975, the CAPM could not explain the significant differences in the 

returns between small and large firms. This result suggested that the CAPM is 

misspecifed (Banz, 1981). Reinganum (1981) confirmed Banz’s (1981) results using 

daily data over the period 1963-1977, as did Brown, Keim, Kleidon and Marsh (1983). 

Later studies including Fama and French (1992, 1993) and Reinganum (1999)  also 

observed a size effect that could not be explained by the CAPM. 

 

Recently, van Dijk (2011) argued that the size effect has not disappeared. He suggested 

that it is premature to conclude that the size effect has gone away. Chou et al. (2012) 

reported that the size effect is only significant for firms whose size is less than their 

industry’s average size. 
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2.3.2 The book-to-market equity anomaly   

Another significant challenge to the CAPM is known as the book-to-market equity 

effect. There is a strand of literature beginning with Stattman (1980) that reports a 

positive relationship between book-to-market ratios and subsequent abnormal returns. 

Firms with high book-to-market ratios produce average returns that are higher than can 

be justified by the CAPM, and firms with low book-to-market ratios produce average 

returns that are lower than can be justified by the CAPM. This effect is known as the 

book-to-market effect or value anomaly.  

 

A landmark paper on both the value and the size effect is Fama and French (1992). 

Fama and French (1992) undertook a comprehensive study of the impact of these two 

effects on the CAPM and came to the conclusion that the CAPM is misspecified. More 

recently, Zhang (2008) showed that the book-to-market effect has strengthened in recent 

years, while Fama and French (2008) report that the book-to-market effect is present in 

many international markets. 

 

2.4 CAPM estimation (RQ1) 

Despite CAPM’s many failings, including its failure to capture anomalies such as the 

size and book-to-market effects, most financial managers continue to use the CAPM to 

estimate the cost of equity.  Therefore, this section will explain several alternative 

techniques that have been proposed in the literature to estimate the CAPM beta. 

Discussions of alternative models to the CAPM are postponed to a later section.  

 

Homaifar and Graddy (1991) investigated estimating the CAPM beta using the lower 

partial moment (LPM) approach developed by Bawa and Lindenberg (1977). Their 

results indicated that the LPM approach is inferior to the OLS method. In particular, 
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their study suggests that LPM beta estimates are upwardly biased, and, for this reason, 

the LPM approach is not pursued further in this dissertation.  

 

2.4.1 Outlier-adjusted betas 

Chatterjee and Jacques (1994) argued that OLS beta is severely affected by outliers.  

This problem especially occurs when some points are close together and, at the same 

time, are far away from OLS regression line.  They pointed out that outliers cause 

biased or distorted research results. This result is consistent with the findings of  Martin 

and Simin (1999) and Chan and Lakonishok (2009). However, Chatterjee and Jacques 

(1994) used an outlier-resistant technique in the risk evaluation to mitigate the effect of 

outliers and obtained more precise results.  Their important result is that the beta 

estimated by Rousseeuw’s reweighted least median square (RWLMS) method presented 

by Rousseeuw (1984) produces 10% to 15% lower mean square errors than the OLS 

beta.  Additionally, they compared small firms and large firms that are affected by 

outliers and found that small firms are more influenced by outliers than large firms.   

 

Martin and Simin (1999) also point out that since OLS beta values are considerably 

affected by outliers, it is important to find another technique that is not so affected by 

extreme observations.  They showed that the effect of outliers on the OLS beta can be 

large even when the proportion of outliers in the sample is very small, and that small 

firms are more affected by outliers than are large firms.   They proposed a new robust 

beta method based on weekly and monthly returns.  However, only four companies 

were chosen to investigate the relative merits of their beta versus the OLS beta.  

 

Martin and Simin (2003) presented a new beta estimation technique that is resistant to 

outliers. This technique was developed to mitigate the bias in the OLS beta so as to 
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produce more precise estimates for expected returns. Martin and Simin (2003) found 

that their new outlier-resistant estimate of beta outperforms the OLS beta for forecasting  

future risk and returns. Their results are consistent with results in Martin and Simin 

(1999), even though their earlier study (1999) used samples based on monthly and 

weekly returns.  In addition, Martin and Simin (2003) stressed that small firm betas are 

more easily influenced by outliers than are large firms, and this result is also consistent 

with Martin and Simin (1999).   

 

Theodossiou and Theodossiou (2008) argued that some outlier-adjusted beta techniques 

can be criticized because they eliminate some observations from the sample and this 

leads to a decrease in the size of the sample, hence decreasing the statistical power of 

tests. Furthermore, removing extreme observations can lead to decreasing the 

explanatory power for the regression model.  

 

Gray et al. (2005) investigated two methods that can be used to eliminate the effect of 

extreme observations.  The first method employs a relatively standard approach for 

identifying and then eliminating outlying observations. The second method involves 

identifying periods such as the ‘internet-stock bubble’ that are so unusual that their 

effect on beta estimates should be eliminated. Gray et al. (2005) showed that the second 

method is difficult to implement because it is difficult to determine the unusual period 

precisely, meaning that the start and end dates are chosen subjectively.   

 

Theodossiou, Theodossiou, Yaari and Cyprus (2009) used Huber’s Robust M (HRM) 

technique presented by Huber (1964) as an alternative to the OLS beta for estimating 

the cost of capital and risk premium for the single firm.  They compared this method 

with the OLS beta approach in the presence of outliers.  Theodossiou et al. (2009) found 
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that there is a negative relationship between the OLS bias produced by outliers and firm 

size.  In other words, small firms are influenced by outliers more than are large firms, 

and this result is consistent with most previous studies.  In addition, they showed that 

OLS beta can have negative and positive bias but that positive bias is more frequent 

than negative bias.  Additionally, their results showed that increasing the sample size 

significantly leads to a decrease in negative bias more than in positive bias.  They 

concluded that evaluating the cost of equity by using the HRM technique is better than 

using the OLS beta, especially for small firms.   

 

The conclusion taken from this literature suggests that the outlier-adjusted beta is an 

appropriate method to estimate cost of equity for small firms. However, this thesis 

estimates industry cost of equity using value-weighted returns, and so the cost of equity 

estimation in the first empirical study does not include outlier-adjusted beta methods.  

 

2.4.2 Shrinkage beta estimators 

Blume (1971) observed that OLS betas tended to mean-revert over time. That is, values 

of the OLS beta estimated over one five year period tended to be negatively correlated 

with OLS betas over the next five year period. Blume (1971) suggested that adjusting 

the current OLS beta towards the mean, over time leads to better predictions of stock 

returns for the following period.  Blume (1971) and Gray et al. (2005) gave two 

explanations for this mean reversion in OLS betas.  The first is that company managers 

want to keep the risk level of the company close to the average of the market. Thus a 

company that has a high systematic risk will have lower risk in future projects leading 

to the company equity beta moving toward unity.  Conversely, companies that have a 

low systematic risk will be able to increase their borrowing and debt, hence company 

equity beta will increase towards the mean over time. The second explanation is that a 
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very low beta or a very high beta is evaluated by contaminated measurement error 

therefore the evaluated beta tends to move toward unity if the measurement error is 

random.  

 

Blume (1975) re-examined OLS beta estimates and their reversion tendency toward 

unity (the beta of the market). Blume (1975) provided evidence of this reversion 

tendency by using a sample of NYSE stocks.  His study showed that the bias generated 

by the OLS beta is inherent in both portfolios and securities.  Blume (1975) presented 

evidence that the regression tendency is significant at the level of five percent, and he 

argued that firms which either have a high or low risk (extreme risk) tend to move to a 

median risk in the future because firms prefer new projects having less risk than 

existing projects.   

 

As a result of Blume’s research into the reversion tendencies of the OLS beta, a number 

of researchers and commercial beta providers such as Bloomberg use a Blume-type beta 

(also known as the ‘adjusted beta’ or as the ‘Blume-adjusted’ beta) that can be written 

as follows: 

33.067.0  OLSBlume   

Where  OLS
 

is the OLS beta estimate. Note that the Blume-adjusted beta can be 

considered a shrinkage estimator because it is always closer to one than the 

corresponding OLS beta. 

 

Other researchers have developed shrinkage estimators of the CAPM beta by applying a 

Bayesian approach to beta estimation. Vasicek (1973) developed a Bayesian beta 

estimator that shrinks the OLS beta towards a prior estimate of one and where the 



22 

 

degree of shrinkage is sample dependent. Fama and French (1997) employed a more-

complex Bayes shrinkage method to estimate beta. However, their analysis found only 

slight benefits from this technique and thus this method has not become widely adopted 

by either researchers or practitioners.  

  

Eubank Jr and Zumwalt (1979) investigated the relationship between the securities and 

portfolio betas based on alternative beta estimation techniques, length of forecasting 

period of beta and classifying beta risk.  The results showed that minimizing beta 

forecast errors depends on portfolio size, adjustment procedure and evaluation period.  

They found that increasing the size of portfolios from one to ten securities leads to 

decreased mean square error (MSE) for both adjusted and unadjusted beta coefficients 

but the largest decrease occurs from one to five securities.  In addition, increasing the 

length of the forecasting period from one to three years leads to decreased unadjusted 

MSE.  Furthermore, ranking securities or portfolios based on their risk leads to utilizing 

adjustment techniques such as Blume-adjusted beta and Vasicek-adjusted beta. They 

found that single security betas produce better short-term forecasts than do portfolio 

betas. However, the Blume-adjusted beta is better than Vasicek-adjusted beta for shorter 

evaluation periods because the Blume model has smaller MSE.  For long evaluation 

periods, there are minimal differences between the two approaches. 

 

Harrington (1983) found that the longer the time period, and the larger the portfolio 

used to estimate beta, the more precise the result are for estimating beta.  Mean square 

error (MSE) was used to measure the differences in precision of the beta predictions.  

Harrington (1983) calculated actual betas by using OLS based on monthly returns for 

each stock of the Standard and Poor 500.  Two samples were used. The first included 

public utility stocks and the second included industrial stocks.  Each sample comprised 
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five, ten and fifteen portfolios.  He found that the longer the forecast horizon the lower 

the MSE.  In addition, the utility sample produced a smaller MSE than did the industry 

sample, especially when using a naïve model (assuming beta would equal one). Thus, 

utility betas provided predictions that were more precise.   

 

The conclusion to be taken from this literature is that using Blume-adjusted beta and 

unity beta may produce better betas and provide better cost of equity estimates. Both of 

these betas are used in the first empirical study in this thesis.     

 

2.4.3 Reward betas 

Bornholt (2007) presents an alternative method for estimating cost of equity called the 

reward beta approach. He compared his approach with the CAPM using 25 Fama-

French size and book-to-market equity portfolios of U.S. stocks. His sample was 

divided in two sections. The in-sample period extended from July 1963 to December 

1990.  The out-of-sample period extended from January 1991 to December 2003.  

Bornholt (2007) proposed a matching portfolio approach for estimating stock betas. 

First stocks are sorted into portfolios so that stocks in the same portfolio are considered 

by the user to have similar risk. If a firm’s size and book-to-market equity are 

considered proxies for risk then sorting stocks into portfolios based on each stock’s 

relative size and book-to-market equity would be the preferred procedure. A stock’s 

reward beta estimate at a particular point in time is simply the reward beta estimate of 

the matching portfolio to which it currently belongs.  His results showed that the reward 

beta approach was a significant improvement over both the CAPM and the Fama-

French three-factor model.  
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2.5 Alternative Asset Pricing Models (RQ1) 

This section examines three alternative asset pricing models.  The first model is the 

Intertemporal Capital Asset Pricing Model (ICAPM) which was developed by Merton 

(1973). The second model is Arbitrage Pricing Theory (APT) developed by Ross 

(1976).  The third model is the three-factor model of Fama and French (1993). 

  

2.5.1 ICAPM 

Merton (1973) proposed the Intertemporal Capital Asset Pricing Model ( ICAPM ) as an 

alternative model to the CAPM.  The ICAPM is based on the portfolio choice behavior 

by consumer-investors who are concerned not only with maximizing the expected utility 

in the whole period of consumption but also who can trade constantly in the period.  

The model is based on several assumptions such as no tax and no transaction costs, no 

trading at non-equilibrium prices, investors can change their assets at any time, and can 

short sell all assets.  However, Cochrane (2001) pointed out that the ICAPM does not 

identify which  macro variables affect  the expected returns.  Therefore, this model is 

not used in practice because it is difficult to identify which variables are important. 

Candidate variables include interest rates, gross domestic product (GDP), inflation, firm 

size and firm book-to-market equity.  In addition, Merton acknowledged that the 

ICAPM missed essential factors related to wage income and the continuously changing 

relative prices for many consumption goods.    

 

2.5.2 APT Model 

Ross (1976) presented a better explanation of expected stock return called Arbitrage 

Pricing Theory (APT). This model is an alternative to the CAPM and it does not require 

specification of the market portfolio. It is based on restrictive assumptions such as that 

the market is perfect, that investors are risk-averse and have homogenous beliefs. While 

these assumptions are also assumptions of the CAPM, the APT model assumes a linear 
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relationship between security returns and factors. The logic of the APT model is based 

on investors being able to form portfolios for arbitrage by combining assets. This model 

is more robust than the CAPM because a market portfolio is not necessary.  There are 

no strong assumptions on investor utility and no assumptions on return distributions.  

Equilibrium returns can depend on many factors and can be easily extended into 

multiple periods.  

 

Lee and Cummins (1998) compared three alternative models to estimate the cost of 

equity of insurance firms.  These models were the CAPM, the APT, and the unified the 

CAPM/APT model of Wei (1988).  To solve the problem of no synchronous trading, 

they used the method presented by Scholes and Williams (1977) Scholes – Williams’s 

beta adjustment for NASDAQ stocks.  The MSE and U
2
 criteria presented by Theil, 

Beerens, Tilanus and De Leeuw (1966) were used to assess the forecast quality.  Lee 

and Cummins (1998) found that estimating the cost of equity of insurance firms by 

using the APT and the unified CAPM/APT model produced better outcomes than did 

the CAPM.   

 

Ross (1976) introduced the APT as an alternative to the CAPM. However, the problem 

with this model is that it does not provide details of which economic factors affect 

expected returns and also it does not determine the weights of these factors. As a result, 

this model is not widely used by practitioners to estimate cost of equity. 

 

2.5.3 The Fama-French three-factor model and Subsequent Studies 

Fama and French (1992) found that book-to-market equity and the size of the firm can 

explain the cross-sectional differences of average stock returns.  In addition, they 

reported a flat relationship between average returns and the CAPM beta, result which is 

consistent with Chui and Wei (1998) and Daniel and Titman (1997).  Overall, they 
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found that there is no relationship between beta and average returns for the years 1963 

to 1990.  

 

However, this result is inconsistent with some previous studies such as Chan and Chen 

(1988), Fama and MacBeth (1973), and Black, Jensen and Scholes (1972).  There are a 

number of possible reasons to explain this inconsistency. These earlier studies used a 

different market proxy (the equal-weighted NYSE portfolio) and estimated portfolio 

betas for portfolios sorted on the OLS betas of individual firms alone.  On the other 

hand, Fama and French (1992) use the value-weighted NYSE portfolio as the market 

proxy, and their OLS betas are from portfolios sorted on firm sizes and OLS betas.  The 

other main difference is that the Fama and French (1992) study covers a much later 

sample period. 

 

Fama and French’s (1993) three-factor model was another major breakthrough. It adds a 

size factor and a book-to-market factor to the market factor. The three-factor model 

assumes that the size and book-to-market factors are proxies for risk, and is designed to 

capture the anomalies which caused problems for the CAPM. Using a sample including 

all NYSE, AMEX and NASDAQ stocks, Fama and French (1993) found a positive 

relationship between expected return and book-to-market equity and that expected 

returns are negatively related to firm size. They proposed that size and book-to-market 

to be considered as proxies for distress risk since distressed companies are affected by 

certain business cycle factors more than companies that have fewer problems.  

 

Fama and French (1993) showed that there are five common factors which affect and 

explain stock and bond returns.  Three factors are related to stock returns (the market, 

size and book-to-market equity factors) and two factors are related to bond returns 
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(default and maturity factors).  They found that average stock returns can be explained 

by the size and book-to-market factors, consistent with their earlier 1992 findings, 

although Fama and French (1993) used a different approach based on the time-series 

regression.  

 

Bornholt (2007) argued that there are problems with this model. Firstly, it still lacks a 

strong academic basis because it is not driven by asset pricing theory. Secondly, it has 

not been widely adopted in practice because it requires the user to estimate the three 

factor premiums and three factor sensitivities. Thirdly, Bornholt’s (2007) study showed 

that the three-factor model underperforms the reward beta approach in out-of-sample 

tests. Daniel and Titman (1997) stated that the problem with the three-factor model is 

that it did not take into consideration all characteristics of securities to explain expected 

return. Furthermore, the three-factor model cannot explain other various anomalies 

associated with stock returns (Liu, 2006).     

  

Lakonishok, Shleifer and Vishny’s (LSV) study (1994) investigated the relationship 

between value strategies and expected returns in NYSE and AMEX  stocks in order to 

reduce the survivorship bias that was reported by previous studies, such as Banz and 

Breen (1986). Furthermore, they used results for the biggest 50% of companies to 

further reduce this bias. However, they still found a positive relationship between book-

to-market and expected returns and this result is consistent with the results of Fama and 

French (1993). LSV do not support the Fama and French (1993) view that book-to-

market is a proxy for risk. Instead, LSV suggested that the book-to-market effect is 

caused by mispricing. Investors are too optimistic about companies which have had 

high returns in the past, and are too pessimistic about companies which have performed 

badly in the past. In particular, low book-to-market stocks tend to be the popular and 
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glamorous stocks that have had their prices pushed too high by naive investors. LSV 

provided compelling evidence to support their claims.  

 

Fama and French (1995) examined whether the behaviour of earnings is reflected by 

firm size and its book-to-market equity (BM) ratio.  They found that the earnings on 

book equity are negatively related to BM and are positively related to small stocks, after 

controlling for BM for more than four years after ranking the data.  This result is 

consistent with Penman (1991). In addition, Fama and French (1995) found that 

allocating stocks into portfolios based on size and BM provides unbiased forecasts of 

earnings.   

 

Kim (1995) re-examined the relationship between the beta, firm size and expected 

returns by using a new technique that employed individual securities instead of forming 

portfolios in asset pricing tests.  He used this technique for correcting an errors-in-

variables (EIV) problem in estimating the beta coefficient of the market factor.  This 

problem appeared in Fama and MacBeth’s (1973) results, and is related to data-

snooping bias based on the EIV problem.   

 

Kim (1995) found that there is no relationship between the expected return and beta 

when not correcting for the EIV problem, especially when adding size to the equation as 

an independent variable. This result is consistent with previous studies such as Fama 

and French (1992) and Kothari, Shanken and Sloan (1995).  After correcting the EIV 

problem, the beta coefficient is significantly related to average returns whether or not 

firm size is included in the equation.  Furthermore, firm size effect is still significantly 

related to average returns but compared to previous studies such as Fama and French 

(1992), it appears to have less impact. In other words, the role of the size effect after 



29 

 

correcting for the EIV problem becomes smaller.  This result weakens Fama and 

French’s (1992) findings because they did not correct for the EIV problem and they 

used portfolios rather than individual securities.  

 

Fama and French (1996) re-investigated the relationship between the average returns 

and firm characteristics such as size, book-to-market equity ratio, earning to price (E/P), 

cash flow to price (C/P), short term past return, long term past return and past sales 

growth.  They insisted that the three-factor model captures most of these effects, except 

for the continuation of short term returns (also known as the momentum anomaly) 

documented by Jegadeesh and Titman (1993). They also argued that the three-factor 

model produces more accurate results than the LSV results although LSV mitigate the 

bias that is present in the Kothari et al. (1995) and Banz and Breen (1986) results.  Fama 

and French (1996) showed that there is a negative relationship between past sales 

growth and average returns.  However, Fama and French (1996) found that average 

return is positively related to book-to-market equity, (E/P) and (C/P), result that is 

consistent with LSV (although Fama and French (1996) only use NYSE stocks).   

 

Carhart (1997) developed a four-factor model by adding momentum factor to the three-

factor model. This model provided the most accurate result with R
2 

= 93% in explaining 

expected returns and it can capture more anomalies than the three-factor model. The 

strength point of Carhart’s study is that survivor bias was controlled and he included all 

various equity funds in NYSE, AMEX and NASDAQ stocks over the period from 

January 1962 to December 1993. He compared the four-factor model with the CAPM 

and the three-factor model. Carhart (1997) found that the four-factor model can explain 

expected returns better than either the CAPM or the three-factor model. However, the 
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main problem with this model is that the model needs more inputs: four parameters and 

four premiums have to be supplied by the user. 

2.6 Recent empirical evidence (RQ1) 

The importance of Fama and French’s (1997) study to this dissertation is that they 

compared techniques for estimating industry cost of equity. They compared the CAPM 

with their three-factor model using 48 U.S. industry returns derived from portfolios of 

NYSE, AMEX and NASDAQ stocks for the period from July 1963 to 1994.  Their 

method involved rolling OLS betas for the CAPM and conditional and unconditional 

estimates of the three-factor model to generate a variety of industry cost of equity 

estimates. As noted in section 2.4.2, Fama and French (1997) also employed the Bayes 

shrinkage method of Blattberg and George (1991).  This method was used to improve 

the rolling regression slopes and shift the betas towards unity.  Overall, their results 

found that the CAPM based on OLS betas and the various versions of the three-factor 

model produced poor estimates of industry cost of equity. The three-factor model 

produced, at best, only marginally better cost of equity estimates in terms of predictive 

ability. However, the different versions of the three-factor model often produced wildly 

different cost of equity estimates.  

 

In short, the results presented in Fama and French (1997) did not provide sufficient 

justification to recommend that practitioners should switch from the CAPM to the three-

factor model when estimating industry cost of equity. Perhaps this helps explain why 

the three-factor model is rarely used by practitioners to estimate the cost of equity. 

 

Ibbotson, Kaplan and Peterson (1997) proposed a new adjusted beta to overcome their 

observation that OLS betas tend to be biased downwards for small firms. Their results 

showed that OLS betas of small firms are biased downwards while their adjusted betas 
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are more precise and provide a better predictor of future returns for these firms.  

Although these results seem inconsistent with Chan and Lakonishok’s (1993) findings, 

the methodology of these two studies are quite different.  Chan and Lakonishok (1993) 

evaluate beta estimates over an initial three year period and then re-calculate them over 

the subsequent three years using Fama-MacBeth regressions, while Ibbotson et al. 

(1997) evaluate beta estimates over an initial five year period and then re-calculated 

them in the five years that follow. 

 

Similarly, Daves, Ehrhardt and Kunkel (2000) employed the CAPM for estimating the 

cost of equity.  This study used four return intervals, based on daily, weekly, two-

weekly and monthly returns over the period 1982-1989.  Additionally, Daves et al. 

(2000) used eight different estimation period lengths to estimate beta.  They found that 

an estimation period length of three years gives the least standard error compared with 

other evaluation periods. Moreover, they found that estimating beta using daily returns 

provide the most precise results.  This result is inconsistent with most previous studies, 

perhaps because the sample period of this study is too short. 

 

Campbell and Vuolteenaho (2004) showed that the cross-section of average stock 

returns is explained by a version of Merton’s (1973) ICAPM.  Campbell and 

Vuolteenaho (2004) divided the measurement of beta into two types based on the 

information that influences the beta. The first type refers to news about cash flows in 

the future.  If investors expect that cash flows will decrease in the future, then this will 

lead to a decrease in beta and vice versa.  The second type refers to news about the 

discount rate in the market.  If the discount rate or cost of capital decreases then this 

information will lead to an increase in beta.   
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These two beta measurement types are consistent with Campbell, Polk and Vuolteenaho 

(2010) who divided beta into two groups “good beta” and “bad beta”.  Good beta is 

related to good news that depends on temporary shocks associated with market discount 

rate therefore beta is positive and the risk associated with its price is minimal.  

Conversely, bad beta will be negative because it depends on permanent cash flow 

shocks to the market, hence, investors bearing this risk will request high prices.  As a 

result, Campbell and Vuolteenaho (2004) showed that small value stocks that have a 

historically low beta will attain more cash flow in the future than larger growth-oriented 

firms, consistent with Campbell et al. (2010). 

 

Gray et al. (2005) investigated alternative techniques for estimating equity beta of 

Australian firms. These methods included the Blume-adjusted beta, the outlier-adjusted 

beta, the unity beta and an industry beta.  They contrasted the performance of these 

betas with the OLS beta. Gray et al. (2005) estimated beta based on monthly returns and 

re-estimated them in each quarter between the fourth quarter of 1983 and the fourth 

quarter of 2003.  The mean square error (MSE) criteria was used to compare actual 

returns to the predicted returns calculated using the competing techniques. They found 

that the OLS beta is inferior to a variety of alternative techniques. First, they showed 

that using the Blume-adjusted beta in the CAPM was better than using the OLS beta in 

the sense that it provides a lower mean square forecast error. Similarly, Gray et al. 

(2005) reported that the OLS beta is inferior to a beta of unity and an outlier-adjusted 

beta. Martin and Simin (2003) obtained a similar result with an outlier-adjusted beta 

outperforming the OLS beta.  In addition, the Blume-adjusted beta estimated over a 

long period did better than a beta of unity (better in the sense of lower mean square 

forecast error). 
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Cummins and Phillips (2005) suggested a new methodology based on a full information 

industry beta (FIB) to evaluate the cost of equity for the property liability insurance 

industry.  Both the standard one-factor CAPM and the Fama- French three-factor model 

are used to obtain the cost of equity estimate.  They found that the cost of equity 

estimate for insurance using the OLS beta in the CAPM is significantly lower than if 

based on Fama French’s three-factor model.  Additionally, they found that the sum of 

beta estimate is significantly higher than the OLS beta. This study is consistent with 

results of Fama and French (1997). 

 

Gray, Hall, Klease and McCrystal (2009) investigated the effect of different estimation 

period lengths on the performance of the OLS beta in predicting future returns, and 

included an examination of the benefits of using the Vasicek (1973) bias correction. 

They found that the performance of the beta estimates increases with the length of the 

estimation window and with the Vasicek (1973) bias correction. However, these better 

performances could not be shown to significantly outperform those which result from 

the naïve assumption that beta equals one for all stocks. They concluded that caution 

should be taken when employing beta estimates that are based solely on historical 

returns data.   

 

Gregory and Michou (2009) estimated  the industry cost of equity capital for 35 UK  

industries using several models, including the CAPM, the Fama-French three-factor 

model, the Cahart four- factor model, and also the RandD model which is considered an 

extension to the three-factor model and which was developed by AL-Horani, Pope and 

Stark (2003).  The sample covered the period from 1975 to 2005 and included all 

companies, both de-listed and listed companies, to reduce the survivorship bias. In 
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addition, an adjusted Newey-West (1987) test was employed to accommodate the 

overlapping forecast errors.  

 

While the three-factor model marginally outperformed the CAPM in Fama and French’s 

(1997) U.S. industry results, Gregory and Michou’s (2009) UK industry results were 

mixed with the CAPM being preferred in some cases. They reported that the three-

factor model, especially the SMB and HML factor slopes have significantly fluctuated 

through time.  Conversely, the parameter on the fourth RandD factor has predictable 

power and appears to be comparatively more stable than both SMB and HML slopes 

coefficients.  Gregory and Michou (2009) suggested that adding a fourth factor 

(momentum) did not improve performance significantly.  As a whole, they showed that 

all models outperformed the simple substitute of assuming that all companies have beta 

equal to one.   

 

Gerakos and Linnainmaa (2012) decomposed the variance of BM ratios in order to 

examine the sources of the value premium. They found that changes in the market value 

of equity  ME)in (  plays an important role in the priced variation in BM ratio-sorted 

portfolios. The HML factor seems to explain the earning-to-price and cash flow-to-price 

ratios. 

 

To summarize the cost of equity estimation literature, many scholars have developed a 

number of models and techniques which attempt to improve estimation of the cost of 

equity. The constant beta of one (unity beta) used in the literature is important as it 

motivates this thesis to consider a wider range of possible constant betas. The point is, 

among industries, some have high-risk, while others have low risk (defensive). 

Therefore, betas less than one may be more appropriate for defensive industries while 
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betas greater than one may be more appropriate for high-risk industries. We proceed to 

review the return reversal and value effects literature that relates to Chapter 4 and 

Chapter 5 of this thesis.   

2.7 Contrarian or Return Reversal Effects (RQ2) 

This thesis considers whether there is a long-term return reversal at the industry level. 

Therefore, a review of the return reversal and value effects literature is warranted. In 

this section, we begin by first considering the short-term return reversal effect then 

directly review the literature related to the long-term return reversal effect. The presence 

of return reversal effect is well documented in the finance literature and the profitability 

of contrarian strategies has attracted the attention of many academics.   

 

2.7.1 Short-term Return Reversal 

Lo and Mackinlay (1990) investigated whether the profitability of contrarian investment 

strategies is due to the overreaction hypothesis or not. They resolved the 

nonsynchronous trading or lead-lag effect by examining the magnitudes of cross-trading 

and index autocorrelation created by a simple but general model of thin trading. In 

addition, Lo and Mackinlay (1990) recognized another potential source of reversals 

profits. They showed that the profitability of contrarian portfolio strategies is not solely 

due to overreaction.  

 

Their evidence shows that less than half of the expected profits are related to 

overreaction because the expected profits are strongly affected by the lead-lag effects on 

stock prices, especially for size-sorted portfolios. Big companies tend to lead small 

companies. In other words, returns of larger stocks can be used to predict small 

company returns, but not vice versa. A delayed stock price reaction to common factors 

plays an important role in abnormal return, more so than overreaction (Lo and 

Mackinlay, 1990). However, they found that one of the important tools for exploring the 
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autocorrelation properties of stock returns is the contrarian investment strategy. They 

also found that the portfolio strategies of buying losers stocks and selling winners stocks 

can provide positive expected returns if a return on some stocks systematically lead 

those of others. 

 

Conrad, Kaul and Nimalendran (1990) provided a simple model to evaluate the relative 

importance of the several elements and to measure the model’s ability to clarify the 

different time-series characteristics of short-term returns. Three elements are related to 

security returns: bid-ask errors that represent negative autocorrelations, expected returns 

which represent positive autocorrelations, and a white noise element. Conrad, et al. 

(1991) found that a considerable percentage of up to 24% of the variance of security 

returns is explained by bid-ask errors and time varying expected returns after excluding 

the unobservable bid-ask errors and expected returns elements of stock returns. In 

addition, they confirmed the result of Lo and Mackinlay (1990) that the asymmetric 

lagged cross-correlation is indicated by the expected return elements of large versus 

small companies.  

 

Kaul and Nimalendran (1990) examined the role of overreaction and bid-ask spread in 

determining the time-series properties of the short horizon returns of individual 

securities.  A variance ratio test was used to determine the relative magnitudes of errors 

caused by the bid-ask spread and overreaction in daily stock returns.  This method was 

employed by several studies such as Lo and Mackinlay (1989), Cochrane (1988) and 

Poterba and Summers (1988).  Kaul and Nimalendran (1990) found that the bid-ask 

spread is a major source of price reversals in the short-run for the NASDAQ companies. 

On the other hand, they showed that there were positive profits achieved by contrarian 

strategies and not negative autocorrelation in security returns. This could be caused by a 
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combination of the asymmetric lead-lag relation in returns as well as reversals related to 

the bid-ask effect. The results showed that there was slight evidence of market 

overreaction. They also found that over 50% of the daily return variance of smaller-

sized companies can be explained by the bid-ask errors.   

  

Jegadeesh (1990) investigated the predictability of monthly stock returns by forming ten 

portfolios dependent on stock returns predicted using ex ante evaluation of the 

regression parameters. Jegadeesh (1990) presented strong evidence of stock return 

predictability.  He found that monthly stock returns had significantly positive higher-

order serial correlation, especially at longer lag and serial correlation based on twelve 

months.  In addition, he showed that monthly stock returns had significantly negative 

first-order serial correlation. In other words, he found that a contrarian strategy of 

selling stocks that performed well over the last month (winners) and buying stocks that 

performed poorly over the last month (losers) yielded economically significant returns. 

 

Jegadeesh (1990) documented an abnormal stock return of about 2.50 percent per month 

from selling past month’s winners and buying past month’s losers over the period 

extended from 1934 to 1987. This short-term contrarian effect is attributed to illiquidity 

in the market or price pressure more than overreaction (Jegadeesh, 1990). The 

predictable patterns of returns on individual securities are considered a pervasive 

phenomenon since the stock returns in all size-sorted quintiles display qualitatively 

comparable patterns of serial correlation.  . 

 

Jegadeesh and Titman (1995) examined whether the lead-lag structure is coupled with 

investors’ delayed reaction to common factors. Therefore, they proposed a new model 

to allow for the serial covariance of security returns to be analyzed in four elements. 
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The first three are temporary elements caused by inventory imbalance while the fourth 

element is related to the effect of serial covariance of the bid-ask bounce. Jegadeesh and 

Titman (1995) confirmed that the overreaction to firm-specific information plays an 

important role in contrarian profits and this result is consistent with Boudoukh, 

Richardson and Whitelaw’s (1994) findings. Jegadeesh and Titman (1995) provided 

evidence that the dealers-inventory related market microstructure effect can explain 

most of the short-horizon return reversals. This result supports some previous studies 

such as that of Ho and Stoll (1981) who investigate the bid and ask price changes as 

priced by risk-averse dealers.   

 

Jegadeesh and Titman (1995) also confirm the results of Madhavan and Smidt (1993) 

that dealers take several days to work down their inventory imbalance. In addition, 

Jegadeesh and Titman’s (1995) results showed that returns based on the bid-ask bounce 

calculated over the short horizon are less negative than returns calculated over long 

intervals. There is also an upward-biased spread when serial covariance of returns is 

calculated over long intervals and a downward-biased spread over short intervals. 

However, they showed that a small percentage of the short-term contrarian profits can 

be attributed to the lead-lag effect. 

 

Bacmann and Dubois (1998) examined the profit of a contrarian strategy using monthly 

returns of an equally weighted portfolio on the French stock market. They find that an 

increasing hold period leads to higher profits of the standard contrarian strategy, 

especially when the market is bullish. In addition, Bacmann and Dubois (1998) found 

that these profits are significant in France but they are less pronounced compared with 

the U.S. market. They also investigated the lead-lag effect between big and small firms 

showing that there is no asymmetric reaction to good and bad news  which conflicts 
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with the result of MacQueen, Pinegar and Thorley (1996). Practically, the empirical 

decomposition is different from those of Lo and MacKinlay (1990) and Jegadeesh and 

Titman (1995), since a lot of stocks and the factor loading are time varying (Bacmann 

and Dubois, 1998). They asserted that overreaction to firm specific information plays an 

important role in contrarian profits.  

 

Using the methodology of Jegadeesh and Titman’s (1995), Antoniou, Galariotis and 

Spyrou (2003) examined whether the short-term contrarian profit exists for stocks on 

the London stock exchange. The results challenged the market efficiency theory because 

they found that negative serial correlation of stock returns predict future returns and also 

the result cannot be explained by risk. This important result shows that zero-investment 

contrarian strategies provide significant profits. They showed that after adjusting for 

market friction, the contrarian profits are statistically significant, especially for extreme 

market capitalization portfolios. However, Antoniou, et al., (2003) suggested that 

concentrating on the largest portfolio to avoid large transaction costs and to maximize 

liquidity will generate more profit. They found that when employing only frequently 

traded stocks, the profits of delayed reactions are increased while investor overreaction 

to firm-specific information is decreased. They supported the result of Jegadeesh and 

Titman (1995) who state that the overreaction by investors to firm-specific information 

strongly affects contrarian profits.  

 

Kang, Liu and Ni (2002) examined several short-term reversal strategies in the Chinese 

stock market and the different sources of abnormal returns. They observed a negative 

relationship between the Chinese and the U.S. stock market. Lo and Mackinlay’s (1990) 

and Jegadeesh and Titman’s (1995) methods were used by Kang et al. (2002) to 

measure if return reversal exists. They showed that some short-horizon contrarian 
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profits were statistically significant. Additionally, they found that the main source of 

short-term contrarian profits was overreaction to firm-specific information and this 

result was consistent with most previous studies in the U.S., such as Lo and Mackinlay 

(1990), Boudoukh, Richardson and Whitelaw (1994), and Jegadeesh and Titman (1995). 

The extreme overreaction is related to the lack of important information on companies, 

especially small companies, and to the irrational behaviour of individual investors in the 

stock market. Using value-weighted returns, more than equal-weighted returns, tends to 

reduce the profitability of the contrarian strategy (Kang et al., 2002). They also showed 

that the lead-lag structure in the Chinese stock market tends to decline the contrarian 

profit, result which was inconsistent with most previous studies in the U.S..  

 

Using the methodology of Jegadeesh and Titman’s (1995) and Australian weekly data 

from Ordinary Index (AOI) during the period 1994 to 2001, Lee, Chan, Faff and Kalev 

(2003) evaluated the presence and success of the short-term contrarian investment 

strategy. They showed that short-term contrarian profits are statistically significant 

when employing either value or equal weighted portfolio formation methodologies for 

all the combined full and size sorted portfolios. Lee et al. (2002) confirm that the main 

source of contrarian profits is ascribed to an over-reaction to firm-specific information 

and to a small percentage of lead-lag effect. They also showed that there is a negative 

relationship between size and return reversals. They found that the volume trading or 

seasonality, as well as measurement errors such as bid-ask bounce or risk, cannot fully 

explain these observed profits. However, once transaction costs were included the short-

term contrarian profits vanished. 

 

Pastor and Stambaugh (2003) examined if market wide liquidity has an important role 

for pricing common stocks. Using a monthly liquidity measure based on order flow they 
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showed that fluctuations in aggregate liquidity is positively related to expected stock 

returns, even after controlling four other factors: market return, size, book-to-market 

and momentum. Pastor and Stambaugh (2003) found that liquidity is negatively related 

to return reversals during the period 1966 to 1999. In other words, lower liquidity has 

led to substantially higher return reversals. The result of Pastor and Stambaugh (2003) 

also showed that firm size is positively related to liquidity and negatively related to 

sensitivities to aggregate liquidity. 

 

Subrahmanyam (2005) investigated the short-horizon reversals by providing a model 

which includes both behavioral effects and risk-aversion-related inventory phenomena. 

Using returns measured by the mid-point quote minimizes concerns about bid-ask 

bounce. He confirmed the result of Jegadeesh (1990) that shows the monthly return 

reversal effect. Practically, the results showed that reversals in beliefs of financial 

market agents play a crucial role in monthly reversals. In other words, the returns are 

highly related to own-return lags rather than to lagged order imbalances. 

 

Avramov, Chordia and Goyal (2006) demonstrated strong predictability and abnormal 

returns from a reversal strategy, which incorporates an illiquidity measure.  They 

reported a considerable relationship between short-run contrarian and decrease in stock 

liquidity.  In addition, they confirmed that reversal in weekly and monthly stock returns 

that have high turnover and low liquidity generate high negative serial correlation, 

especially to the loser stocks, result that is consistent with Campbell, Grossman and 

Wang’s (1993) and Conrad, Hameed and Niden’s (1994) findings. While the effect of 

liquidity on autocorrelation is comparable at monthly and weekly frequencies, the effect 

of turnover on autocorrelation reverses at weekly frequencies. Price changes based on 

either exogenous selling pressure or public information are largely identified by trading 
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volume. Avramov et al. (2006) showed that the highest abnormal returns before 

accounting for transaction cost resulted in lack of liquidity. 

 

Hameed and Mian (2013) re-investigated the short-term reversal phenomenon using 

stocks grouped by industries since stocks in the same industry may be exposed to 

comparable changes in the supply and demand. They showed that contrarian strategies 

within industries provide a considerably greater return of about 1.5 percent a month.  

The finding confirms that applying adjustments of standard risk factor does not explain 

the return reversals.  In addition, Hameed and Mian (2013) stress that the January effect 

does not influence the intra-industry reversal because the industry sorting increases the 

contrarian monthly returns by a significant 0.43 percent for the months of February 

through December.  They reconfirmed that illiquid stocks play a significant role in 

reversal in addition to stocks that experience a decrease in size and turnover, a result 

consistent with Avramov et al. (2006). This thesis does not investigate short-term 

reversal.  

 

2.7.2 Long-term Return Reversal 

The long-term contrarian strategies are similar to the short-term contrarian strategies in 

the sense that they are based on past returns. Whilst the short-term contrarian is based 

on the stock performance over the past one month return, the long-term contrarian is 

based on performance of stocks over the past three to five years. The topic of long-term 

return reversal is important in this thesis because the second empirical study is an 

examination of long-term return reversal at the industry level.  

 

In a landmark article, DeBondt and Thaler (1985) documented strong evidence of the  

long-term reversal in returns. Using stock returns over the period from January 1926 to 

December 1982, De Bondt and Thaler (1985 reported that portfolios of past losers, 
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based on past three-year to five-year formation periods, tend to become winners, while 

the portfolios of past winners tend to become losers in the future. Motivated by a study 

by Kahneman and Tversky (1982), DeBondt and Thaler (1985) suggest that these long-

term return reversals are the result of investor overreaction over a long horizon that is 

eventually reversed.  

 

Following DeBondt and Thaler (1985) who documented the long-term contrarian effect, 

using the same data, DeBondt and Thaler (1987) re-examined stocks that earned 

extreme long-term gains or losses. They constructed portfolios of the 50 most extreme 

losers and 50 most extreme winners. Their finding confirmed the evidence documented 

by DeBondt and Thaler (1985) that the overreaction hypothesis plays an important role 

in long-term return reversals after controlling for both risk and size. Thus, the 

differences in risk and firm size cannot explain the winner-loser effect.  The results also 

showed that the portfolios of losers outperformed the portfolios of winners by about 

30% over the following five years. DeBondt and Thaler (1987) examined the seasonal 

pattern of return as well showing a January effect which was related to the reversal 

effect. In addition, there was a negative relationship between the excess returns for the 

winners and the excess returns prior to December, result which was related to the capital 

gains tax “lock-in” impact. 

 

At country index level, Richards (1997) investigated the comparable winners-losers 

reversal in 16 national markets for the period 1970-1995. Two primary methodologies 

have been used to assess the risk of a contrarian strategy. The first is to measure the 

covariance of risk and return exposures of the winners and losers portfolio. The second 

is to measure whether loser’s portfolios tend to underperform the winner’s portfolios 

either in recession periods or during large declines in the world index. The analysis 
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confirms the finding of DeBondt and Thaler (1985; 1987) that reversals are strongly 

significant around the 3-year horizon. Consequently, abnormal returns have averaged at 

least 6% annually during the period from 1970-1995. However, the important result is 

that the reversals do not reflect risk differentials. In other words, the difference between 

test-period returns of prior winners and losers are statistically insignificant either in 

their performance in adverse states of the world or in terms of their standard deviations. 

In addition, the results show that smaller markets are more affected by reversals than are 

larger markets. 

 

Exploring the source of contrarian profits, Barberis, Shleifer and Vishny (1998) provide 

an economic model of investor sentiment simulated by psychological evidence of how 

investors form beliefs and expectation of future earnings. This model is consistent with 

Griffin and Tversky’s (1992) idea that concentrates on making forecasts. This model 

produces an underreaction and overreaction to a wide range of parameter values. They 

point out that the three-factor model can explain the overreaction, but not underreaction 

evidence. In addition, Barberis, et al. (1998) presented evidence that the investors can 

achieve abnormal returns during the underreaction and overreaction periods without 

bearing extra risk, and this is considered a major challenge to the efficient market 

theory. Barberis, et al. (1998) confirmed the finding of DeBondt and Thaler (1985) that 

long-term reversals can be attributed to traders that finally do overreact. Barberis, et al. 

(1998) and other studies such as DeLong, Shleifer, Summers and Waldmann (1993) and 

Daniel, Hirshleifer and Subrahmanyam (1998) assume that this long-term return 

reversal can be explained by long-term correction after investor overreaction. This 

model relates to both the important behavioral heuristics, known as representativeness 

bias and conservatism bias.  
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Representative bias means that investors become too pessimistic (optimistic) about 

companies with a series of bad (good) news. Concentrating on industry news rather than 

firm-specific news leads investors to extrapolate performance too far for the industry as 

a whole producing long-run reversals in industry returns thus supporting Tversky and 

Kahneman’s (1974) findings. The conservatism bias is also present when investors are 

more conservative in renewing their previous ideas when new industry information 

arrives, thus, generating under-reaction in industry prices to public information. This 

confirms the phenomenon documented by Edwards (1968) that conservatism supports 

the underreaction evidence.  

 

Using Conrad and Kaul’s methodology to measure the overreaction hypothesis in seven 

industrialized countries, Baytas and Cakici (1999) assessed the performance of arbitrage 

portfolios depending on three components: size, price and past performance. Baytas and 

Cakici (1999) supported the finding of Conrad and Kaul that the overreaction is not 

pronounced in the U.S. and that portfolios with (low) high price (outperform) 

underperform the market. On the other hand, their findings showed evidence of 

overreaction in the majority of the countries, except for Canada, where the impact was 

relatively weak. In general, returns to long-term contrarian strategies were significant in 

other countries. They suggested that some of the long-term price reversals observed in 

loser and winner stocks might be explained by price and size effects. This is because 

long-term investment strategies related to size and price provide returns larger than 

those coupled with past performance, and because winners (losers) tend to be high (low) 

market value firms with high (low) stock price.  

  

In the Spanish stock market, Forner and Marhuenda ( 2000) analyzed the performance 

of contrarian strategies. The study used techniques suggested by Conrad and Kaul 
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(1993), Ball and Kothari (1989), Chan (1988) and DeBondt and Thaler (1985) to assess 

the returns and the buy-and-hold measures. These techniques take into consideration 

measurement errors. Forner and Marhuenda (2000) showed that the contrarian strategy 

does not produce significant profits thus, providing no evidence of reversal of long-term 

returns in the Spanish market. 

 

Gaunt (2000) documented the test period performance of all intermediate portfolios on 

the Australian market. He found no reversal performance in the loser portfolios even 

after adjusting for risk and the difference between the test period performance of loser 

and winner portfolios is not considerable. Gaunt (2000) also finds that the price reversal 

appears when employing monthly portfolio rebalancing and it disappears when using a 

buy and hold strategy, result which is consistent with Brailsford (1992). He shows that 

abnormal returns in the Australian equity market are not based on the lack of liquidity 

of small firms or the transaction costs related to monthly portfolio rebalancing. Most 

previous studies in the U.S. disagree with this proposition because the different research 

time periods between Australia and U.S. have played an important role in explaining the 

differences between the two countries. Notably, Gaunt’s study extends from 1974 to 

1997 while most of the U.S. research goes back to 1926.  

 

Following the DeBondt and Thaler (1985) contrarian method, Balvers, Wu and 

Gilliland (2000) investigated the presence of mean reversion in the indices of 18 

countries under different investment strategies. Using annual data and a parametric 

contrarian strategy, they confirmed the finding of Richards (1997) at country index level 

and found that the contrarian strategy provides a 6.1% per year profit. Balvers and Wu 

(2006) used monthly index data and the same a parametric method and confirmed the  

Balvers, Wu and Gilliland’s (2000) finding by showing positive contrarian profits.  
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Using monthly returns for NYSE and AMEX firms only from August 1963 to 

December 1999, Grinblatt and Moskowitz (2004) investigated the importance of 

consistency in contrarian strategies with various past formation periods. They found that 

winner consistency is important because the cross-section of returns is substantially 

influenced by the consistency of past winning stocks. This finding is consistent with 

theories proposed by Grinblatt and Han (2001).  

 

Using Istanbul Stock Exchange data from 1991 to 2000, Bildik and Gulay (2002) 

investigated the momentum and contrarian effects on expected returns based on 

Jegadeesh and Titman’s (1993) methodology. Bildik and Gulay (2002) findings support 

the overreaction hypothesis that past losers outperform past winners, as the average top-

losers portfolio returns are higher than the average top-winners portfolio returns by 

about 1.14% per month during a 10-year period. Furthermore, they also find that there is 

a positive relationship between the holding period and the difference between the 

average abnormal return of losers and winners. In other words, increasing the holding 

period leads to an increase in the loser minus winner portfolio average abnormal return 

per month. Their study shows that the month of January influence significantly the 

contrarian profits compared with non-January months concluding that the January effect 

has a more influence on contrarian profits than the length of holding period. Finally, 

Bildik and Gulay (2002) reveal that the Istanbul Stock Exchange is considered to have a 

weak-form efficiency because future returns and reversals in prices can be predicted by 

past return data. 

 

In the UK Arnold and Baker (2005) examined the performance of stocks that have had  

extreme performance over a previous five year period. Their analysis showed that past 
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losers provide abnormally high yearly returns by an average 8.9 percent while past 

winners provide low yearly returns. This means that the market generates biased signals 

for the managers of those firms, which can potentially influence a range of managerial 

decisions such as the evaluation of the cost of equity and the timing of share issue 

(Arnold and Baker, 2005). Their results are based on seven risk measures. Surprisingly, 

they show that the loser stocks are less risky than winner stocks in all the risk measures 

In addition, the study finds that return reversals continue after separating the size effect, 

finding that contradicts Clare and Thomas (1995) who show that there is no return 

reversal in the UK after controlling of firm size. However, Arnold and Baker (2005) 

support the overreaction hypothesis where investors’ overreactions generate systematic 

valuation errors in the stock market.    

 

In a more recent study, Figelman (2007) investigated the impact of various past stock 

returns have on their future returns. He identified five effects: the intermediate-term 

momentum effect documented by Jegadeesh and Titman (1993), the short-term reversal 

effect investigated by Jegadeesh (1990), the long-term reversal effect reported by De 

Bond and Thaler (1985) and two new effects (long-term periodicity and intermediate-

term quarterly periodicity). Figelman (2007) confirmed the finding of DeBondt and 

Thaler (1987) and also found that there was a stronger return reversal in January than in 

other months. His analysis showed that short-term reversal (1-month) was driven by 

stock-specific phenomenon, not by industries, while intermediate-term momentum 

seemed to be sourced not only by stock-specific dynamics but also by common factors 

related to industry. The long-term reversal effect seemed to be weaker than the other 

two effects and appeared to be driven by both stock-specific dynamics and common 

industry factors.  
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Proposing an alternative rational explanation for the contrarian effect on both U.S. and 

Hong Kong markets, George and Hwang (2007) went further and showed that long-term 

contrarian can be explained by the tax avoidance effect. To test long-term reversals, 

they measured two behavioral hypotheses with both the capital gains lock-in effect and 

the overreaction hypothesis. Hong Kong was selected for the study as investment 

income is not taxed in this market. George and Hwang (2007) showed that loser 

reversals are non-existent in January but present outside of January, result which is 

inconsistent with the overreaction hypothesis. Their finding showed that the lock-in 

effect measure plays an important role in predicting winner reversals in the U.S. but the 

tests dependent on the irrational overreaction hypothesis have no predictive power. In 

Hong Kong, these two hypotheses do not predict reversals, thus, long-term reversals are 

absent in this market. 

  

Using risk models such as the CAPM and the three-factor model to attempt to explain 

momentum and contrarian returns, Sehgal and Jain (2011) investigated whether 

abnormal returns are present in the Indian market. They extended DeBond and Thaler’s 

(1985, 1987) work by having portfolio holding windows which are longer than 12 

months and portfolio formation periods based on past 2 to 5 years. To avoid short-term 

momentum effects they skipped 12 months between holding windows and portfolio 

formations. Sehgal and Jain (2011) found that the long-run returns cannot be explained 

by the CAPM and the Fama and French three-factor model.  

 

Kenourgios and Pavlidis (2004) analyzed two forms of overreaction, the first is an 

overreaction to previous earning changes and the second is a generalized overreaction in 

the UK stock market. Firm size, various factors across forecast horizons and growth 

opportunities were investigated to produce evidence related to overreaction. Their 
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analysis showed that analysts overreact to information because they are overoptimistic. 

On the other hand, the under-reaction hypothesis was not pronounced for earning 

announcements.  In general, this result was consistent with most UK studies such as 

Campbell and Limmak (1997) and Patz (1989) that are related to the generalized 

overreaction hypothesis. However the results in this study are against the overreaction 

to high price/earnings ratio, firm size effect and the forecast horizons.  These results in 

this study are attributed to the level of private information and the brokerage firms who 

provide overoptimistic forecasts.  

 

In the UK market, Wu and Li (2010) suggested that the long-term return reversals can 

be explained by value-growth characteristics, past performance and tax. In other words, 

they investigated whether typical rational behavior or value-growth characteristics can 

explain long-term reversals better than past performance. The results showed that the 

value-growth characteristics play a crucial role in explaining long term returns better 

than past performance. Furthermore, the study showed that the capital gain from 

winners helped to predict reversals in the cross-sectional comparison and were able to 

reflect market price corrections for growth stocks. However, the predictive power of 

winners’ capital gains vanished after controlling for the risk factors employed by Fama 

and French (1996).  

 

While DeBondt and Thaler (1987) claimed that the long-term contrarian effect is based 

on overreaction and partially based on a January effect, Yao (2012) revealed that this 

long-term contrarian effect can be entirely explained by the January effect. He showed 

that the long-term contrarian returns outside the January were statistically and 

economically insignificant, as well as unreliable and unstable, concluding that the long-

term contrarian effect seems illusory.   
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More recently, by studying 44 Morgan Stanley Capital International (MSCI) developed 

and emerging market indices, Malin and Bornholt (2013) introduced a new contrarian 

strategy called the late-stage strategy. This late-stage contrarian strategy is based on 

buying long-term losers with relatively good recent return performances and selling 

long-term winners with relatively poor recent return performances. Malin and Bornholt 

(2013) attempt to select those contrarian securities with long-term performances that 

seem more ready to reverse. Malin and Bornholt (2013) documented long-term return 

reversal in the developed and emerging market indices. More importantly, they showed 

that the double-sort late-stage contrarian strategy consistently provides stronger 

evidence than does the single-sort pure contrarian strategy.   

 

To summarize the return reversal, some researchers have investigated the short-term 

contrarian effect based on 1-month, while others have examined the long-term 

contrarian effect based on past 3 to 5 years. The literature does not appear to include 

any studies with findings regarding the existence of long-term return reversal of 

industry returns. The second empirical study in this thesis will focus on addressing this 

gap in the literature. We proceed to review the literature regarding the value effect.  

 

2.8 The Value Effect (RQ3) 

The three-factor model of Fama and French (1993) has attracted the attention of many 

academic researchers and practitioners, as it showed that the CAPM does not provide an 

adequate explanation of realized returns. Using Fama and French’s (1993) procedure to 

construct risk factors, Simlai (2009) re-examined whether the size and book-to-market 

factors are related to the performance of portfolio returns. Simlai (2009) showed that the 

size and book-to-market ratios play an important role in explaining the variation in 

stock returns over the period from July 1926 to June 2007.  Simlai (2009) found that the 

common risk factors’ effect in interpreting the time series variation in  the size and 
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book-to-market sorted portfolios, can be substantially improved by volatility 

persistence.  

  

Lakonishok et al. (1994) (LSV) investigated the relative performance of value strategies 

and found that they outperform the market. In their study, the information on past 

growth in cash flow, sales and earnings was used to measure past performance, while 

multiples of price to current earnings and cash flow were used to measure expected 

performance. Their finding supported the result of Fama and French (1992) that value 

strategies provide high returns but they provided a different reason. Whilst Fama and 

French (1992) sought to explain the profitability of value strategies by arguing that 

these strategies were fundamentally riskier, Lakonishok et al. (1994) regard their 

profitability as being the result of stock mispricings by other investors.  

 

Investigating portfolio returns in the Australian stock market, Kassimatis (2008) 

analyzed whether firm size, book-to-market and momentum risk factors have an 

explanatory effect. The CAPM and four-factor model were compared to show that size, 

book-to-market and momentum factors have significant explanatory power when taking 

into consideration the time variation in factor loading. Kassimatis (2008) proposed that 

additional factors may proxy for misspecified market risk. He showed that realized 

returns can be significantly explained by the return of SMB, HML and WML (winners 

minus losers) arbitrage portfolios. The study provided clear evidence that the CAPM 

estimated based on static OLS is not sufficient to explain expected returns because beta 

is assumed to be constant during the period investigated.  

 

Chen (2011) examined the reason why the book-to-market effect increased in small 

stocks and decreased in large stocks. A fully rational model was built to explain the 
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heterogeneity of the book-to-market effect. The main prediction of the model was that 

BM plays a stronger role in stocks with short life expectancy. Using the delisting 

probability as a proxy for the firm’s life expectancy, the model’s central prediction and 

its additional implications for stock return and variance have been supported by the 

data.  His analysis found that firms with short life expectations have high idiosyncratic 

volatility.  

 

Dempsey (2010) has examined the role of the BM ratio in the formation of stock 

returns. He investigated whether the BM ratio should be considered a “risk-based”, and 

not a “mispricing” explanation for share prices in the Australian markets. This research 

was motivated by the explanation of stock return performance suggested by the Fama 

and French three-factor model, and used Peterkort and Nielsen’s (2005) approach to 

explain the relationship between the BM variable and stock return. By constructing a 

sequence of diagnostic tests to distinguish between risk-based and mispricing based, the 

study confirms the previous results that stock returns are strongly related to the firm’s 

book-to-market equity ratio. In addition, strong evidence suggests that this relationship 

stems from the BM ratio’s absorption of the implication of company leverage as a risk 

factor. In spite of the distinctive characteristics of the Australian stock market, these 

results are substantially consistent with the U.S. results of Fama and French (1993) and 

Peterkort and Nielsen (2005).   

 

In recent study, Chou, Ko and Lin (2010) used several tests to investigate the competing 

explanatory power of Fama and French’s (1993) three-factor model and Ferguson and 

Shockley’s (2003) CAPM-based model in interpreting the existing anomalies. Brennan, 

Chordia and Subrahmanyam’s (1998) methodology was used to evaluate the 

performance of the competing asset-pricing model. Brennan, Chordia and 
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Subrahmanyam (1998) showed that the explanatory  power of several company 

characteristics is still significant even after using Fama and French’s (1993) three-factor 

model and Ferguson and Shockley’s (2003) model. Specifically, they showed that the 

book-to-market premium remains considerably significant concluding that model fully 

capture the BM anomaly. On the other hand, Chou, Ko and Lin (2010) showed that 

most asset-pricing anomalies including BM can be explained by a simple conditional 

version of the augmented five-factor model, confirming the result of Brennan, Chordia 

and Subrahmanyam (1998).  

 

As with the long-term contrarian strategy, the value strategies performed at industry 

level in this thesis will support or reject the existing research on the value effect. 

Considering the lack of research on the pure value strategy at industry level, this thesis 

will add to the body of research in the area of return predictability. This research will 

investigate the use of a number of alternative measures to determine value.  

 

2.9 Joint effect studies  

Whilst previous studies have generally viewed the reversal and value effects as a single 

phenomenon, Lee and Swaminathan (2000) demonstrated with strong empirical 

evidence that trading volume provides an important link between the intermediate-

horizon momentum effect reported by Jegadeesh and Titman (1993) and the long 

horizon price reversal effect documented by De Bondt and Thaler (1985).  This result 

represents an important conceptual shift in the literature. Lee and Swaminathan (2000) 

also found that past trading volume predicts both the magnitude and persistence of 

future price momentum. Although the investor behaviour models of Daniel, Hirshleifer, 

and Subrahmanyam (1997), Barberis, et al. (1998) and Hong and Stein (1999) explain 
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momentum prices as underreaction or overreaction, none of these models are able to 

capture the empirical regularities identified by Lee and Swaminathan (2000).  

 

Analyzing all firms in NYSE, AMEX and NASDAQ based on monthly data from July 

1963 to 1994, Asness (1997) investigated whether the value and momentum effects are 

independent or related. He supported the findings of Jegadeesh and Titman (1993) and 

Asness (1995) by showing that value/momentum strategies are able to forecast the 

cross-section of average stock returns. He also found that value strategies seem to be 

stronger among low-momentum (loser) stocks and weaker among high-momentum 

(winner) stocks. In addition, Asness (1997) found that the momentum strategy does 

better among overly expensive stocks (low book-to-market stocks). He also showed that 

the value and momentum effects are negatively correlated across stocks; however, each 

is still positively related to the cross-section of average stock returns. He argued that 

value strategies work because the book-to-market ratio is a noisy proxy for the distress 

factors in a rational asset-pricing model. 

 

Fraser and Page (1999) aimed to determine whether there is any interaction between 

momentum and value strategies when applied to the industrial sector of the 

Johannesburg stock exchange, as well as independently determine the validity of these 

strategies. They computed value strategies based on two ratios, book-to-market equity 

and dividend/price. Fraser and Page (1999) supported Asness’s (1997) finding that these 

strategies explain the cross-section of returns. In particular, for the value strategies, they 

found that average monthly returns increase steadily from the lowest value quintile to 

the highest value quintile, whether using portfolios formed on book-to-market ratio or 

dividend price ratio. With reference to the value strategies, book-to-market was found to 

be stronger than the dividend price ratio, result consistent with Asness’s (1997) finding. 
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 Fraser and Page (1999) supported the U.S. findings of  Fama and French (1992) that 

the average size of firms decreases steadily from the low (glamour) to high (cheap) 

value portfolios. This supports the idea that value stocks may be riskier because they 

tend to be the stocks of smaller firms. Another explanation would be related to the 

overreaction hypothesis argued in De Bondt and Thaler (1985), De Bondt and Thaler 

(1987) and Page and Way (1992). For the interaction between momentum and value 

strategies, univariate and bivariate tests were used, however there was no correlation 

between value and momentum strategies, either negative or positive, result which 

conflicts with the findings of Asness (1997).  

 

Bird and Casavecchia (2007) concentrated on the price cycle of a stock and sought ways 

to better identify the turning point for value stocks. A number of momentum/sentiment 

indicators were used to understand the price cycle of individual stocks. Their sample 

covered stocks listed on the major European markets over the period from January 1989 

to May 2004 and showed that an enhanced value strategy doubled the performance of a 

conventional pure value strategy. They found that, due to the difficulty of forecasting 

the point of turnaround for value (and growth) companies, it would be better to react to 

sentiment swings than attempting to predict them. They suggested that this perspective 

supports the previous recommendations presented by Azzi, Bird, Ghiringhelli, and 

Rossi (2006) and by Bird and Casavecchia (2006). In sum, the Bird and Casavecchia 

(2007) findings are useful to investment managers and regulators who want to 

understand market behaviour. 

 

Brown, Yan Du, Rhee and Zhang (2008) evaluated returns to double-sorted 

value/momentum strategies that are short a portfolio of loser growth stocks and long a 
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portfolio of winner value stocks. In addition, they put all samples selected from Asian 

markets (Hong Kong, Korea, Singapore and Taiwan) into one basket. The one basket 

approach evaluated the individual returns to value and momentum investment strategies 

at the regional level rather than at the individual country level. They found that the best 

value/momentum strategies do not generate a significant enhancement over the single-

sorted value or momentum strategies and that the value premium is insignificant. 

Among the samples, Taiwan constantly revealed insignificant results. They found that 

the value premium becomes significant for a one-year holding periods if Taiwan is 

excluded from the composition of strategies. For two- and three–year periods, the value 

premium becomes larger without Taiwan but is still insignificant.  

   

Blitz and Van Vliet (2008) examined whether classic cross-sectional return patterns, 

that are documented at the security level, can also exist across asset classes. They used a 

single global tactical asset allocation (GTAA) model to directly compare the 

attractiveness of a broad range of asset classes, as well as to develop a given strategic 

asset allocation. Blitz and Van Vliet (2008) found that value and momentum strategies 

across 12 asset classes earn economically and statistically significant abnormal returns. 

In particular, 7% to 8% return premiums have been documented for the 1-month, 12-

months momentum and value GTCAA strategies over 1986-2007.  They confirmed the 

findings of previous studies that there is a 1-month momentum effect at industry level, 

in contrast to the existence of a 1-month reversal effect documented at the individual 

stock level. They reported an alpha of 12% when combining momentum and value 

factors for their GTCAA strategy. Their findings challenge the concept of market 

efficiency because they show that the value and momentum effects extend across other 

asset classes.   
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Asness, Moskowitz and Pedersen (2013) investigated whether a combined value/ 

momentum strategy based on individual assets provides abnormal returns within 

countries and across different asset classes. They showed that the value/momentum 

strategy generates abnormal returns across markets and asset classes and that the 

profitability of the value (momentum) strategy in one asset class is positively related to 

the profitability of the value (momentum) strategy in other asset class. Moreover, they 

found that value and momentum are negatively correlated within and across asset 

classes. While liquidity and macro risks seem to be important common components of 

value and momentum, they leave a significant portion of both unexplained.  

 

Employing commonly quantitative strategies for value and momentum, Au and Shapiro 

(2010) investigated the relationship between risk and return. The relationship of beta 

with value and momentum was tested in normal periods following up and down market 

returns as well as in abnormal periods. Au and Shapiro (2010) measured betas for 

independently sorted value and momentum portfolios to investigate the interaction 

between the two effects. During normal market periods, they confirmed previous 

findings that low value stocks previously had a high average beta, whilst high value 

stocks previously had lower betas than the market. The relationship between beta and 

momentum was found to be unstable and it depended on whether the market had been 

trending upward or downward. Whilst the relationship between value and beta was 

strongly negative during normal periods, especially following up market returns, this 

relationship reversed during abnormal periods.  

 

Recently, Bornholt and Malin (2011) investigated whether each index’s recent  

volatility can be employed to enhance the profitability of the standard momentum 

approach. In other words, a double-sorting procedure was used to test whether a 
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momentum/volatility strategy outperforms the standard single-sorted momentum 

strategy. They used international indices grouped as developed and emerging markets. 

Bornholt and Malin (2011) found that the momentum/volatility strategy provided only 

small enhancements over pure momentum in the case of developed markets, however 

the new strategy performed surprisingly well when applied to emerging markets. Recent 

high volatility winners outperformed recent low volatility losers on an average 

annualized basis by 17.4% during the holding period. On the other hand, the long 

portfolio of the pure momentum strategy outperformed the short portfolio by 9.1%. 

Furthermore, for the case of emerging markets, they showed that high volatility winners 

achieve an average annualized return of 28.3%, and an alpha of 21.1%.   

 

Leivo and Patari (2011) investigated the benefit of combining price momentum with a 

variety of value strategies in the Finnish stock market during the period 1993-2008. 

While most previous studies concentrated on book-to-market, earning yield (E/P) and 

cash flow-to-price (CF/P), Leivo and Patari (2011) calculated value strategies based on 

the EBITDA/EV ratio (which means Earnings Before Interest, Taxes, Depreciations and 

Amortizations to Enterprise Value). They found that the additional dimensions included 

in EBITDA/EV, as a gauge of relative value, can improve the performance of portfolios 

that are structured on the basis of three-composite value measures (book-to-market, 

earning yield (E/P) and the EBITDA/EV).  

 

Leivo and Patari (2011) reported that taking into account the price momentum of value 

stocks improves portfolio performance. Specifically, the inclusion of the momentum 

criterion along with the valuation criteria enhances the average annual returns of the top 

six-quantile value portfolios. Among the best-performing portfolios, the risk-adjusted 

return of the best value winner portfolios can be improved further by using the 130/30 
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long-short strategy.  The best long-short portfolio is superior to the corresponding long-

only value winner portfolios. 

 

More recently, Chou, Ho and Ko (2012) attempted to discover the role of industry in 

interpreting the cross-section of stock returns from a rational perspective by adopting an 

APT framework.  They showed that two industry-based risk factors have statistically 

significant risk premiums, and do not subsume the explanatory power of the size, BM 

and momentum factors when applying Fama and MacBeth regressions. As the returns 

cannot be fully explained by any of the asset pricing models tested (the CAPM, the 

three-factor model, the four-factor model and two industry-related factor models), they 

then investigated potential behavioural explanations. Two aspects in particular are 

examined by Chou et al. (2012). The first is motivated by Moskowitz and Grinblatt’s 

(1999) and Hou’s (2007) findings that the momentum effect is an intra-industry 

phenomenon. The second is motivated by Fiegenbaum and Thomas’s (1988) and 

Fiegenbaum’s (1990) findings that the premiums on size, value and momentum show 

asymmetric patterns for companies whose characteristics rank them above or below 

their industry average.  

 

Therefore, Chou et al. (2012) investigated whether these premiums were the same for 

companies within and across industries.  They showed that industries play a double role 

in explaining stock returns by displaying both rational and behavioural components. 

This result supports some views that propose that stock returns contain both rational 

(i.e., covariance risk) and behavioural components (i.e., mispricing).  They revealed that 

common factors drawn from industry returns hold a significant risk premium that is 

related to the explanatory power of size, book-to-market and momentum. Chou et al. 

(2012) also found a small-firm effect that is statistically significant only for companies 
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that have market capitalization less than their industry average, while the book-to-

market effect is a within-industry phenomenon. In addition, they showed that a one-year 

momentum effect is statistically significant only for companies that have a smaller 

book-to-market ratio than their industry average. They suggest that a good asset pricing 

model should reflect both aspects, rational and mispricing components, and their 

interaction with industry sorting.        

 

2.10 Concluding Remarks 

This chapter has reviewed important literature related to the effect of market beta on 

estimating the cost of equity.  The literature has revealed several alternative techniques 

that can be used to compensate for the failure of the ordinary CAPM beta to measure the 

expected return precisely and estimate the cost of equity.  The CAPM which was 

developed by Sharpe (1964) was the earliest equilibrium asset pricing model and it still 

has a crucial role in many practical applications. Other alternative betas, such as the 

outlier-adjusted beta, shrinkage beta estimators and reward betas have been used to 

estimate the cost of equity to determine whether any of these techniques provide 

statistically significant improvements on the standard CAPM beta.   

 

The alternative asset pricing models such as ICAPM, APT model, the three-factor and 

four-factor models were reviewed.  These models, especially the ICAPM and APT 

model, are not used in the current study because they do not identify which factors 

affect expected returns. Recent empirical evidence shows that the three-factor model 

does not provide significant results in estimating the cost of equity for the utility 

industry, even after adding another factor such as price momentum explained by 

Gregory and Michou (2009).  Therefore, one of the research questions and the first 

objective of this thesis focus on investigating using alternative betas within the CAPM.  
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The other research questions of this thesis involve examinations of industry return 

predictability. Single-sort and double-sort contrarian and value strategies applied to 

industry returns will be employed in these tasks.  
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3. Industry Cost of Equity Estimate 

 

3.1 Introduction 

In their UK study of industry cost of equity, Gregory and Michou (2009)  

comprehensively  investigate the performances of the capital asset pricing model 

(CAPM), the Fama-French (1996) three-factor model, the Carhart (1997) four-factor 

model, conditional versions of the CAPM and the three-factor model, and simply 

assuming beta is unity in the CAPM. They conclude that the performances of rolling 

CAPM estimates are no worse than those from the more complex models. Similarly, 

Fama and French’s (1997) U.S. study of industry cost of equity does not provide 

sufficient empirical justification for switching from the CAPM to their three-factor 

model. In practice, there is a continued reliance on the CAPM for estimating the cost of 

equity. 

 

This chapter examines the failings of CAPM-derived cost of equity estimates on an 

industry-by-industry basis, and investigates the potential for improving on the standard 

CAPM approach through the use of alternative beta estimators. The study will focus on 

estimating the cost of equity of U.S. industries. Specifically, for each industry this thesis 

examines a range of constant betas, together with a Blume-type beta commonly used by 

commercial data providers.
1
 This approach is motivated by the intuition that a constant 

beta less than unity may be suitable for some low-risk ‘defensive’ industries and that a 

constant beta greater than unity may be suitable for some high-risk industries.  

  

                                                 
1
 A number of researchers and commercial beta providers such as Bloomberg use a Blume-type beta (also 

known as the ‘adjusted beta’ or as the ‘Blume-adjusted’ beta). As described in Section 3.4.2, it can be 

written as follows: 

33.067.0  OLSBlume   
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Empirical studies of estimates of the cost of equity need to examine their efficacy over 

the time frame of interest for capital budgeting at least 5 years in most cases presented 

by Ross (1986). In the present chapter, cost of equity estimates are assessed by how 

well they predict the average annual return over the next five and eight years, where 

average annual return is the proxy for the unknown expected annual return. The 

robustness of these results to the choice of proxy is checked by replacing the five-year 

proxy with the eight-year proxy. Unlike prior research, this study evaluates the 

alternative cost of equity estimates for each industry separately. The outcome is that this 

thesis is able to provide industry-specific information on the relative merits of 

competing cost of equity estimators.  

 

Regarding the first research question, there is clearly a need to identify better ways to 

estimate the cost of equity of firms and industries. Previous studies that have compared 

alternative cost of equity (CE) estimates have usually taken a ‘one size fits all’ 

approach. In contrast, this study assesses the suitability of alternative CE estimators for 

each industry separately. Therefore, the motivation in this thesis for the first question 

related to the cost of equity is based on two important reasons.  

 

Firstly, across the spectrum of industries there are some industries that investors treat as 

‘defensive’ and others that they treat as ‘cyclical’ or high-risk. The returns of defensive 

industries tend to have a low correlation with market returns in stock market boom and 

bust periods. Defensive industries seem unexciting in boom periods but then become 

highly desirable as safe havens during market crashes. This low correlation between 

defensive industries and the overall market during boom/bust cycles can produce 

traditional CAPM beta estimates that are too low, even though these swings in industry 

attractiveness have little to do with the future profitability of such industries, and hence 
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may have little effect on the defensive industries’ medium-term expected returns.  On 

the other hand, the returns of high-risk industries tend to have high correlation with 

market returns in stock market boom and bust periods. The high correlation between the 

returns of high-risk industries and market return could produce traditional CAPM beta 

estimates that are too high.  Therefore, this thesis will utilize a measure of defensiveness 

to classify 48 U.S. industries into defensive, medium-risk and high-risk industry 

subgroups. It is expected that such a classification can be used to identify alternative CE 

methods that produce better CE estimates than those produced by the standard OLS 

beta.  

 

Secondly, the cost of equity research question is important because the cost of equity is 

a component of a firm’s cost of capital, and the cost of capital plays a crucial role in a 

modern economy. The cost of capital is an important input in the capital budgeting 

decisions of most firms.
2
 If a firm’s CE estimate is too high then otherwise worthwhile 

projects may be rejected. On the other hand, if a firm’s CE estimate is too low then 

unsuitable projects may be accepted. Consequently, it is very important that managers 

and regulators have the best methods available to estimate the cost of equity. Note that 

although the investigation will be at the  industry-level rather than at the company-level, 

the strong expectation is that the techniques that provide better estimates of industry 

cost of equity will  also be good methods for estimating company CE.  

 

This chapter offers three important research contributions. Firstly, it uses the notion of 

defensiveness to divide U.S. industries into three groups, defensive, medium-risk and 

high-risk industries, and investigates the relevance of this classification for cost of 

equity calculation. Secondly, the study proposes new methods for estimating industry 

                                                 
2
 Moreover, utility companies in some jurisdictions have their pricing determined by government 

regulators based on the regulator’s estimate of the firm’s cost of capital.  
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cost of equity that produce economically and sometimes significantly better estimates 

than current CAPM practice produces, especially for defensive and high-risk industries. 

Thirdly, the current study introduces a new methodology for assessing the predictive 

ability of cost of equity estimates that is more realistic and that is more aligned with 

how cost of equity estimates are used by practitioners.   

 

The remainder of the chapter is arranged as follows. The next section describes the 

relevant literature. Section 3.3 locates the sources of the data for the present study and 

introduces a measure of defensiveness. Section 3.4 outlines the methodological 

approaches that are followed. Section 3.5 presents the results and offers a brief 

application of the study to the utility industry, while Section 3.6 concludes the chapter. 

 

3.2 Related Literature 

The CAPM model is a one-period model developed by Sharpe (1964) and Lintner 

(1965) that relates the expected return on an asset or security to its systematic risk. 

There is a longstanding debate about whether the CAPM is a useful model for 

estimating the cost of equity. A number of researchers argue that the CAPM does not 

succeed as a standard for asset pricing explained by Dempsey (2013) or that it does not 

provide precise results because it depends on the OLS beta which frequently produces 

biased results examined by Homaifar and Graddy (1991). In a landmark paper, Fama 

and French (1992) report that the CAPM fails empirically because they observe only a 

flat relationship between average return and the CAPM beta. Their result is consistent 

with most later studies such as Chui and Wei (1998) and Daniel and Titman (1997), 

although the reasons for the empirical failure of the CAPM remain controversial.  
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Fama and French’s (1993) three-factor model is an empirically-driven alternative to the 

CAPM. It adds a size factor and a book-to-market factor to the market factor. The three-

factor model is designed to capture the size and book-to-market effects which caused 

problems for the CAPM. The proponents claim that firm size and book-to-market are 

proxies for distress risk, and that distressed companies are more affected by business 

cycles than are companies with less distress risk. Fama and French (1993) show that 

there are five common factors which affect and can explain stock and bond returns. 

Three factors are related to stock returns (the market factor, the size factor and book-to-

market equity factor) and two factors are related to bond returns (default and maturity 

factors). They find that average stock returns can be explained by the market, size and 

book-to-market factors. This result is consistent with Fama and French’s (1992) earlier 

findings.  

 

Bornholt (2007) argues that there are problems with the Fama-French three-factor 

model. Firstly, it still lacks a strong academic basis because it is not driven by asset 

pricing theory. Secondly, it has not been widely adopted by practitioners for CE 

estimation because it requires the user to estimate the three factor premiums and the 

three factor sensitivities. Daniel and Titman (1997) argued that the problem with the 

three-factor model is that it does not take into consideration all the characteristics 

needed to explain expected returns. Furthermore, the three-factor model cannot explain 

various anomalies such as the momentum anomaly (Liu, 2006).     

 

Gray, Hall, Bowman, Brailsford, Faff and Officer (2005) investigated alternative 

techniques for estimating the equity betas of Australian firms. These alternative 

methods include the Blume-adjusted beta, an outlier-adjusted beta, the unity beta and an 

industry beta.  They contrast the performance of these betas with the OLS beta. The 
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mean square error (MSE) criterion and the percentage of wins was used to compare 

actual returns to the predicted returns calculated using the competing techniques. They 

found that the OLS beta is inferior to a variety of alternative techniques, in particular, 

they showed that using the Blume-adjusted beta in the CAPM was better than using the 

OLS beta in the sense that it provides a lower mean square forecast error. Gray et al. 

(2005) reported that the OLS beta is inferior to both a beta of unity and an outlier-

adjusted beta. In addition, the Blume-adjusted beta estimated over a long period is better 

than a beta of unity (better in the sense of lower mean square forecast error). 

 

 

Merton (1973) proposed the Intertemporal Capital Asset Pricing Model ( ICAPM ) as an 

alternative model to the CAPM, although Cochrane (2001) points out that the ICAPM 

does not identify which macro variables affect the expected returns.  Therefore, this 

model is not used in practice because it is difficult to identify which variables are 

important. Ross (1976) introduced the APT as an alternative to the CAPM. However, 

like the ICAPM, the problem with this model is that it does not provide details of which 

economic factors affect expected returns. As a result, this model is not widely used by 

practitioners to estimate CE. 

 

Comprehensive testing of the effectiveness of industry CE estimates produced by 

competing models have been undertaken by Fama and French (1997) and Gregory and 

Michou (2009). Fama and French (1997) tested the CAPM, the three-factor model and a 

conditional three-factor model. They report distressingly imprecise CE estimates from 

all models. Gregory and Michou (2009) did not find that CE estimates from the three-

factor model are significantly better than those produced by the standard CAPM 
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approach. They recommended further research should be undertaken to find better beta 

estimates for the CAPM.  

 

3.3 Data and Classification of Industries 

The basic units of observation are the monthly value-weighted returns for 48 U.S. 

industries and for the U.S. market as they presented in Table 3.1. Annual returns are 

derived from these by compounding monthly returns. The time frame of the study is 

from July 1963 until the end of December 2010. The sample concludes with December 

2010 because the study in this chapter is the first empirical study in this thesis and was 

undertaken during 2011. By maintaining the same sample in the later chapters of this 

thesis, readers will know that the various results of the three empirical studies are not 

due to the use of different sample periods in different chapters. In addition, this study 

employs average firm size and the value-weighted average firm book-to-market ratio for 

the 48 U.S. industries for the same period. The monthly returns (denoted 
m

mtR ) of the 

market are the monthly returns of the Center for Research in Securities Prices’ (CRSP) 

value-weighted U.S. market index of all U.S. stocks.  

 

Additionally, the study uses the one-month Treasury bill rates as the risk-free rate 

(denoted
m

FtR ) reported at the beginning of each month for the period from July 1963 to 

December 2010. All data is downloaded from Kenneth French’s website.
3
 The industry 

and market returns on this website are themselves derived from the CRSP database of 

all U.S. stocks listed on the NYSE, AMEX and NASDAQ exchanges. The study 

commences from July 1963 because the CRSP database has a less comprehensive 

coverage of U.S. stocks prior to July 1963. The final sample is composed of 570 

monthly value-weighted returns on each industry, on the market index and the risk-free 

                                                 
3
 (http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html) 
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asset, together with observations on the average firm size and value-weighted average 

firm book-to-market ratio of each industry. 

 

As discussed in the introduction of this chapter, Reilly and Brown (2000) point out that  

there are some industries that investors treat as ‘defensive’ in the sense that stocks in a 

defensive industry are not expected to drop as much as the stocks of other industries 

during market declines. While there are a variety of ways that the concept of 

defensiveness could be defined, the current study adopts a relatively straightforward 

approach. The defensiveness of an industry is measured by its average return in down-

market months, where down-market months are those months for which the excess 

return of the market index is negative. This average (denoted ‘down-market average’) is 

a measure of an industry’s downside systematic risk. The larger an industry’s down-

market average the more defensive it is considered. The 48 industries are ranked on the 

basis of their down-market averages, and classified into three groups. The 12 industries 

with the highest down-market averages will be called defensive industries, the 12 

industries with the lowest down-market averages will be called high-risk industries, and 

the remaining 24 industries will be called medium-risk industries. This division is based 

on making defensive industries represent the extreme 25% of U.S. industries, while the 

high-risk industries represent the extreme 25 % of U.S. industries.   
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Where  

m

itR   is the monthly return of industry i in month t; 

 N   is the total number of monthly returns for industry i;  
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m

Ft

m

mt RR   is the monthly market index excess return in month t; and 

  

 

Table 3.1 provides summary statistics for the 48 U.S. industry portfolios. The first 

column gives the abbreviated name of industry (to be used in subsequent tables), while 

the second column has the full name of the industry. Other columns report the average 

and standard deviation of monthly returns, the average firm size, value-weighted 

average book-to-market equity, full sample beta, and the down-market average of each 

industry. The order of the industries in the table is determined by the defensiveness of 

the industry, beginning with the most defensive (Smoke) and ending with the least 

defensive (Chips). This order is retained in all subsequent tables that report industry 

names, except in the last table (Table 3.7).  

 

The first 12 industries in the table (Smoke, Utility, Gold, Food, Beer, Oil, Soda, Drugs, 

Telcm, Hshld, Guns and MedEq), are the defensive industries, the next 24 industries are 

the medium-risk industries, and the last 12 industries (PerSv, Toys, Mach, FabPr, Fun, 

Other, RIEst, BusSV, LabEq, Steel, Cnstr and Chips) are the high-risk industries. For 

example, the Smoke and Utility industries are the most defensive industries because 

they achieve the best average returns in the down market months (–1.14% and –1.36% 

per month, respectively), while the Chips industry is the most high-risk because it 

achieves the worst average return in the down market months (–4.96% per month).  

 

Table 3.1 contains a number of interesting features. Not surprisingly, full sample beta 

and the defensiveness measure are highly correlated: the more defensive an industry the 

lower its beta tends to be. The relationship between beta and down-market average is 

close to monotonic. Looking at the group averages in the final three rows of the table, 
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the findings show that defensive industries tend to have (i) slightly larger average 

returns, (ii) smaller standard deviations, (iii) larger firms, (iv) slightly smaller book-to-

market ratios, and, (v) smaller betas than do high-risk industries. 

 

3.4 Method 

This section outlines the methodology used in this chapter. The methodology begins 

with a description of the standard CAPM approach used to estimate cost of equity, 

followed by the alternative betas and resulting cost of equity estimates employed in this 

study. The method used to evaluate the performances of the competing CE estimates is 

explained next, and the section concludes with a description of how the market risk 

premium is estimated.   
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Table 3. 1 Descriptive Statistics. 
This table details the descriptive statistics for 48 U.S. industries utilized in this research. The first column 

is the abbreviated name of the industry, while the second column gives the full industry name. The names 

of defensive (high-risk) industries are bolded (italicized). This is followed by the average  monthly 

percent returns, the standard deviation of monthly percent returns, average firm size (ME), the value-

weighted average firm book-to-market equity (BM), the full sample beta for each industry, and the down-

market average over the period July 1963 to December 2010. Down-market average refers to the 

industry’s average monthly return in the negative market excess return months. The last three rows report 

average values for the three industry groupings: defensive, medium-risk and high-risk.  

 

        

Industry Industry (Long-name) 

 

Returns 

(%) 

Std. 

Dev. 

(%) 

Firm 

size 

ME 

($M) 

Value- 

weighted 

BM Beta 

Down-

market 

(%)  

Smoke Tobacco products  1.39 6.27 9207 0.52 0.67 -1.14 
Util Utilities 0.82 4.10 1589 1.00 0.54 -1.36 
Gold Precious Metals 1.14 10.40 696 0.43 0.66 -1.60 
Food Food products 1.06 4.51 1415 0.53 0.69 -1.65 
Beer Beer and Liquor 1.14 5.37 6390 0.52 0.78 -1.86 
Oil Petroleum and Natural Gas 1.09 5.37 2183 0.73 0.78 -2.13 
Soda Candy and Soda 1.17 6.65 1297 0.52 0.86 -2.23 
Drugs Pharmaceutical products 1.05 5.11 1735 0.27 0.80 -2.24 
Telcm Communication 0.83 4.73 2882 0.82 0.76 -2.28 
Hshld Consumer Goods 0.91 4.81 1717 0.36 0.82 -2.49 
Guns Defense 1.08 6.83 1427 0.81 0.85 -2.50 
MedEq Medical Equipment 1.11 5.42 549 0.33 0.91 -2.62 
Boxes Shipping Containers 0.99 5.70 871 0.56 0.95 -2.80 
Agric Agriculture 1.04 6.50 653 0.59 0.87 -2.82 
Paper Business Supplies 0.95 5.68 1294 0.68 0.98 -3.00 
Insur Insurance 0.98 5.80 1562 0.82 0.95 -3.03 
Coal Coal 1.53 9.89 910 0.79 1.16 -3.14 
Rtail Retail 1.03 5.58 1299 0.51 1.00 -3.15 
Banks Banking 0.90 6.10 856 0.78 1.05 -3.27 
Chems Chemicals 0.94 5.57 1348 0.60 1.03 -3.27 
Ships Shipbuilding, Railroad Equipment 0.94 6.93 905 0.79 1.05 -3.35 
Mines Non-Metallic and Industrial Metal Mining 1.20 7.20 782 0.69 1.11 -3.47 
Autos Automobiles and Trucks 0.87 6.88 1159 1.05 1.13 -3.48 
Whlsl Wholesale 1.04 5.81 364 0.61 1.08 -3.49 
Books Printing and Publishing 0.94 5.94 927 0.48 1.07 -3.50 
Txtls Textiles 0.97 7.34 320 1.08 1.13 -3.52 
Aero Aircraft 1.17 6.91 2799 0.73 1.14 -3.54 
Meals Restaurants, Hotels Motels 1.19 6.41 572 0.48 1.08 -3.56 
Rubbr Rubber and Plastic Products 1.06 6.22 251 0.67 1.09 -3.60 
Clths Apparel 1.05 6.63 389 0.67 1.13 -3.68 
BldMt Construction Materials 0.98 6.19 529 0.68 1.16 -3.71 
Trans Transportation 0.94 6.01 819 1.12 1.08 -3.72 
ElcEq Electrical Equipment 1.23 6.33 888 0.50 1.20 -3.72 
Hlth Healthcare 1.03 8.63 433 0.58 1.13 -3.84 
Fin Trading 1.14 6.27 916 0.79 1.24 -4.01 
Comps Computers 1.00 7.19 1534 0.36 1.22 -4.01 
PerSv Personal Services 0.71 7.08 343 0.52 1.12 -4.02 
Toys Recreation 0.84 7.38 278 0.53 1.18 -4.02 
Mach Machinery 0.99 6.27 693 0.64 1.22 -4.05 
FabPr Fabricated Products 0.68 7.43 134 0.81 1.15 -4.16 
Fun Entertainment 1.36 7.90 766 0.58 1.38 -4.20 
Other Miscellaneous  0.61 7.11 2187 0.66 1.18 -4.27 
RlEst Real Estate 0.64 7.74 217 0.93 1.20 -4.35 
BusSv Business Services 1.12 6.75 688 0.43 1.32 -4.47 
LabEq Measuring and Control Equipment 1.06 7.32 351 0.44 1.34 -4.57 
Steel Steel Works Etc 0.82 7.42 675 1.12 1.29 -4.62 
Cnstr Construction 1.02 7.43 423 0.73 1.31 -4.63 
Chips Electronic Equipment 1.00 7.60 829 0.50 1.42 -4.96 

 
 

      
 

Defensive 1.07 5.80 2591 0.57 0.76 -2.01 

 
Medium 1.05 6.57 933 0.69 1.09 -3.45 

 
High-risk 0.90 7.29 632 0.66 1.26 -4.36 
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3.4.1 Applying the CAPM to Cost of Equity 

 

The CAPM model for industry expected returns can be written: 

 FmiFi RRERRE  ][][  ,                (3.1) 

where iR  is the return of industry i, FR is the risk-free rate, i  is the CAPM beta, and 

Fm RRE ][  is the market risk premium. The standard CAPM beta estimate (called the 

OLS beta in this paper) is usually estimated by regressing the most recent five years of a 

security’s monthly excess returns on the corresponding monthly excess returns of a 

value-weighted market index. Let iOLSt  
 
denote the OLS beta’s value for industry i at 

the end of month t. Industry i’s expected return in (3.1) is then estimated by combining 

this beta estimate with the estimated risk-free rate for the next year ( 1FtR ), and with the 

chosen estimate (denoted MRP) of the annual market risk premium to produce the CE 

estimate for industry i at the end of month t given by: 

    MRPRCE iOLStFtiOLSt  1 ,                                  (3.2) 

where iOLStCE
 
denotes the estimated (annual) cost of equity for industry i at the end of 

month t based on the standard OLS beta. In this chapter, the standard approach to 

estimating the CE described by (3.2) is denoted the ‘CAPM approach’ in order to 

differentiate it from the ‘CAPM model’ in (3.1) above and from the alternatives to be 

discussed below. 

 

3.4.2 Alternative Beta and Cost of Equity Estimates 

This study compares the out-of-sample performance of industry CE estimates based on 

(3.2) with the corresponding results from estimating the CAPM with a number of 

alternative beta estimators. Let igt  denote an estimate of i  at the end of month t 

calculated using method g, where the subscript g simply indexes OLS or the various 
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alternative beta estimation methods to be described below (e.g., g = OLS, Blume, 0.8, 

etc.).  Replacing the OLS beta in (3.2) with the general beta estimate igt  gives the 

estimated CE for industry i at the end of month t for beta estimation method g:  

                                                
MRPRCE igtFtigt  1 .                            (3.3) 

The remainder of this section describes the alternative beta estimators that are used to 

produce alternative estimates of the CE based on (3.3). 

 

The first alternative beta is called the Blume-adjusted beta.   A common adjustment to 

standard OLS betas used by commercial data service providers (Bloomberg, Merrill 

Lynch) is the following Blume-type beta for industry i at the end of month t: 

iOLStiBlumet   67.033.0
 
.                                    (3.4) 

Blume (1975) observed a tendency for OLS beta estimates to mean-revert over time, 

and the Blume-type beta in (3.4) follows the general format that Blume (1975) 

developed. The Blume-adjusted beta is a shrinkage estimator in the sense that it is 

always closer to one than is the corresponding OLS beta from which it is constructed.  

 

Given the imprecision of the CE estimates that result from using the OLS beta, 

researchers have investigated simply using a fixed value of one for beta in CE 

calculations. In particular, Gregory and Michou (2009) find that a beta of unity 

underperforms the other methods that they investigated in their study of all UK 

industries. Their result is not that surprising since, a priori, we expect that a beta of 

unity would be too high for low-risk industries and too low for high-risk industries. 

Perhaps a beta of 0.8 would better suit a low-risk industry, and perhaps a beta of 1.2 

would better suit a high-risk industry. Consequently, a variety of constant betas (beta = 

0.80, 0.90, 1, 1.10,1.20 and 1.30) are included in this study in order to assess whether or 
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not one or more of them have advantages over the standard OLS approach for some 

industries.  

 

3.4.3 Performance Evaluation 

The evaluation of the competing CE estimates ( igtCE  for various g) from (3.3) should 

not ignore the uses to which CE estimates are frequently put by practitioners. Cost of 

equity estimates are appraisals of expected equity return that are predominantly 

calculated in order to incorporate into an estimate of the cost of capital that is then used 

to discount future cash flows of projects. Since the length of most projects is usually at 

least five years, these CE estimates need to be reasonable estimates of industry expected 

return over at least the next five years.
4
 However, expected returns are unobservable. 

This means that this study needs a proxy for the average expected annual return over at 

least the next five years, and one obvious choice is the average annual return over the 

next five years. Given that the life of many projects exceeds five years this chapter also 

uses the average annual return over the next eight years as an alternative proxy for 

longer-lived projects.  

 

Therefore, let 
YR

itA5
 (

YR
itA8

) denote the average of the five (eight) annual returns of 

industry i that follow month t. With one of these averages selected as the proxy for the 

expected industry return, this chapter defines industry i’s forecast error at the end of 

month t based on method g (denoted igte ) as this proxy value minus the CE estimate of 

method g at the end of month t. That is, igt

YR

itigt CEAe  5

 
, or igt

YR
itigt CEAe  8

 
. 

 

                                                 
4
 While, in principle, different discount rates could be applied to a project’s future cash flows that occur at 

different times, common practice is to use the one discount rate for all of the project’s future cash flows. 

Hence the desired cost of equity is the average expected return over a suitably large number of years. 
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In the case of the OLS beta estimate, it is important to know if this estimator produces 

systematically biased CE estimates for some industries. This question can be answered 

by testing whether each industry’s mean forecast error (also denoted as its ‘bias’) is 

significantly different from zero.  That is, if the OLS method produces N errors 

beginning with t then 
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N

t

iOLStiOLS  e
N

Bias                                        (3.5) 

This study uses mean absolute forecast error (MAE) to measure the performance of a 

method’s CE estimates. Thus if method g produces N errors beginning with t then  

 . e
N

MAE
N

t

igtig 
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                                (3.6) 

To compare alternative CE estimates with standard CAPM estimates based on (3.2), the 

current study compares method g’s mean absolute forecast error with the OLS method’s 

mean absolute forecast error. Therefore the test statistic is the reduction in MAE, 

defined as 
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N

t

igtiOLStig   ee
N

  MAEin   Reduction               (3.7) 

The null hypothesis of no significant difference is tested using a paired t-test. A positive 

and significant reduction in MAE provides evidence that method g produces 

significantly better CE estimates than does the standard CAPM approach. Note that the 

forecast errors (the seiOLSt '  and the seigt ' ) in equations (3.5) and (3.7) are consecutive 

monthly rolling forecast errors that overlap by 59 months in the five-year case and by 

95 months in the eight-year case. As a result, the conventional t-tests for (3.5) and the 

paired t-tests for (3.7) use Newey-West (1987) adjusted standard errors that are based 

on the appropriate number of lags (equal to the degree of overlap).
5
 

                                                 
5
 Although this study could have tested for differences in mean squared error (MSE) rather than mean 

absolute error, this possibility is not pursued because such a hypothesis is a test about a particular 
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3.4.4 Estimating the Market Risk Premium 

The cost of equity estimates in (3.2) and (3.3) require an estimate (MRP) of the market 

risk premium. Different choices will produce different degrees of industry bias. This 

chapter defines average industry bias as the average of the biases of the 48 industries 

for the five-year case. To determine an appropriate value for the MRP, this study selects 

the value of MRP that produces zero average industry bias.  

 

Table 3.2 compares the average bias across all industries that results from choosing 

market risk premium estimates ranging from 3% to 10%. As might be expected, the 

choice of estimate for the market risk premium has a dramatic effect on average 

industry bias. For example, an MRP of 3% generates an average bias of 4% per year. 

This means that using 3% as the estimate of the market risk premium produces CE 

estimates that are 4% too low on average across all industries. On the other hand, a 10% 

MRP would produce CE estimates that are 3.3% too high on average across all 

industries. An MRP of 6.8% results in zero average industry bias, and for this reason 

henceforth in this chapter all CE estimates are based on using MRP = 6.8% in equations 

(3.2) and (3.3).  

 

It is clear that this CAPM-based method of determining MRP implicitly favours the 

OLS beta over alternative betas. Such favoritism means that the current study can rule 

out the choice of MRP as the likely cause of any evidence of OLS underperformance 

that the current study may find in investigations into alternative CE estimators. In 

addition, it is comforting to note that a MRP of 6.8% (in the context of using the 

annualized Treasury bill rate as the risk-free rate) is a plausible value that practitioners 

could have selected independently. 

                                                                                                                                               
combination of variance and expected value that seems of little direct relevance here. This latter point is 

derived from the observation that for any random variable Y,  𝐸[𝑌2] = 𝑣𝑎𝑟(𝑌) + (𝐸[𝑌])2
 
. 
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It is worth observing that the selection of the risk-free asset and the selection of the 

value for MRP are interrelated decisions. The traditional choices for the risk-free asset 

are either Treasury bills or a medium-term government bond. Medium-term bonds tend 

to have larger returns than Treasury bills, so had a medium-term bond been selected as 

the risk-free asset then a lower value of MRP would have resulted. For this reason, this 

study does not expect that different choices for the risk-free asset would materially 

change the relative rankings of the various CE estimation methods to be tested in this 

study. 

 

The forecast error methodology in this chapter differs in an important respect from the 

methodology used by many earlier studies. Fama and French (1997) and Gregory and 

Michou (2009), for example, employ out-of-sample CE estimates that combine beta 

estimates at time t with future market returns to produce their CE estimates. In contrast, 

the CE estimates at time t used in this study are, except for the derivation of MRP 

discussed above, based solely on information known at time t.  
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Table 3. 2 Average Industry Bias. 
Average industry bias is the average of the biases of the 48 industries, where bias is mean forecast error.  

For each industry, forecast error at time t is the difference between that industry’s average annual return 

over the following five years and the OLS predicted cost of equity at time t. The OLS predicted value for 

various estimated values of the market risk premium uses rolling OLS beta estimates that are calculated 

each month (beginning with June 1968) from the most recent five years of past monthly excess returns.  

 
MRP 3% 4% 5% 6% 6.8% 7% 8% 9% 10% 

Average 

Industry 

Bias 

4.0% 2.9% 1.9% 0.8% 0.0% -0.2% -1.2% -2.3% -3.3% 

 

3.5 Results 

This section reports the empirical results for this chapter, beginning with a preliminary 

analysis involving sorts before reporting the cost of equity main results.  

 

3.5.1 Portfolio Sorts on Beta, Value, Size and Momentum 

Gregory and Michou (2009) estimate industry CE for 35 U.K. industries using several 

models, including the CAPM, the Fama-French three-factor model, and the Carhart 

four-factor model that incorporates a momentum factor. They do not find that the more 

complex models produce significantly better forecasts than those based on rolling 

CAPM estimates. A potential explanation for the lack of success of the three-factor and 

four-factor models can be found in the results of Chou, Ho, and Ko (2012). These 

authors report that the size effect and the value effect are largely intra-industry effects, 

suggesting that the size and value factors are not relevant to the calculation of industry 

CE. Momentum also seems unlikely to be relevant to the calculation of industry CE 

over the time frames of interest in capital budgeting (at least five years) as the 

momentum effect tends to reverse eventually [see, for example, Jegadeesh and Titman 

(2001)]. 

 

To check the relevance of these conclusions to our sample of U.S. industries, the current 

study first undertakes a preliminary analysis that involves sorting the 48 U.S. industries 
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into four separate sets of portfolios (beta, value, size and momentum portfolios). The 

ranking variable for the beta sort for month t is each industry’s OLS beta estimate from 

the 60 months of excess returns from month t-60 to t-1. The ranking variable for the 

value (size) sort for month t is each industry’s most recent database entry for its value-

weighted BM ratio (average firm size) available at the end of month t-1. The ranking 

variable for the momentum sort for month t is each industry’s six-month return from 

month t-6 to t-1. 

 

Each month, the study forms eight equally-weighted octile portfolios (P1, P2,…, P8) by 

ranking industries based on the past values of the ranking variable relevant to that sort. 

Thus, each month the six industries with the lowest values of the ranking variable for 

that month are allocated to P1 while the six industries that month with the highest 

values of the ranking variable are allocated to P8. This process ensures that portfolios 

are reformed monthly. Each portfolio’s average annual return over the next five years is 

calculated each month.  

 

Table 3.3 provides portfolio average annual returns over the first five years following 

portfolio formation for each of the ranking variables, together with P8−P1 return 

differences and their associated t-values. None of the P8−P1 return differences are 

significant at the 5% level. The weakly significant value P8−P1 return difference of 

3.0% (t-stat 1.75) suggests that only the BM ratio may have some predictive effect. This 

latter possibility has been examined in detail in Chapter 5. Results in that chapter reveal 

strong evidence of a value effect in industry returns that lasts for a number of years as 

extreme BM ratios at the time of formation reverse towards less-extreme values.  
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The question arises as to whether corporate analysts should modify cost of equity 

estimates to take account of these transient movements or whether this effect should be 

ignored in capital budgeting applications. This chapter adopts the view that the effect of 

extreme BM ratios on near-term returns can be ignored when estimating cost of equity, 

even if the implications of extreme BM ratios for future stock returns may be important 

to stock market investors.  

 

The beta sort results show that the relationship between average industry returns and 

past OLS beta estimates is too flat to be consistent with the CAPM. A similar pattern 

has been observed in past studies of stock returns [see, for example Fama and French 

(1992)]. Such results, however, leave open the question of whether or not the CAPM 

fails for all industries or just for some. If the problems with the CAPM are restricted to 

a subset of industries, then further analysis may provide remedies. To address this issue, 

this study generates industry-specific results. 

 

3.5.2 Industry Bias 

Using 6.8% as the estimate of the market risk premium in equation (3.3) means that the 

CAPM based on the OLS beta has zero bias on average across the 48 industries. Now 

consider the industry bias (or mean forecast error) of each industry and each industry 

group.  
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Table 3. 3 Five-year average returns for beta, value, size and momentum 

portfolios. 
The 48 U.S. industries are sorted at the end of each month into eight octile portfolios using four ranking 

variables. The table reports average annual return over the five years following the end of each formation 

month. Sample period is from July 1963 to December 2010 The Beta sort each month is based on each 

industry’s OLS beta estimated over the previous 60 months. The Value sort each month is based on each 

industry’s past book-to-market ratio. The Size sort each month is based on each industry’s average firm 

size. The Momentum sort (Mom.) each month is based on each industry’s most-recent six-month return. 

P1 each month is composed of the 12.5% of industries with the smallest value of the ranking variable, 

while P8 is composed of the 12.5% of industries with the largest value of the ranking variable. The t-

values in parentheses incorporate Newey-West adjusted standard errors using 59 lags.  

 

 
Sort P1 P2 P3 P4 P5 P6 P7 P8 P8-P1 

Beta 13.7% 12.3% 13.0% 12.6% 12.9% 13.5% 13.4% 12.6% -1.1% 

 

(5.33) (5.19) (5.30) (5.53) (6.46) (6.49) (6.29) (4.42) (-0.40) 

          Value 10.6% 11.1% 11.7% 12.5% 12.1% 13.1% 13.5% 13.6% 3.0% 

 

(4.74) (4.65) (5.03) (5.91) (5.41) (6.31) (6.61) (5.85) (1.75) 

          Size 11.8% 12.8% 12.9% 12.4% 12.4% 11.5% 11.9% 12.4% 0.6% 

 

(3.54) (5.03) (5.87) (6.04) (5.74) (5.90) (5.53) (5.50) (0.24) 

          Mom. 11.8% 11.8% 12.2% 12.0% 12.4% 11.8% 12.4% 12.8% 1.0% 

 

(5.52) (5.72) (5.75) (5.73) (5.58) (5.40) (5.46) (5.48) (1.19) 

            

 

Table 3.4 reports mean forecast error for each industry and, in the final three rows, for 

each industry group (defensive, medium-risk and high-risk). Note that these mean 

forecast errors are annual percentages. A 5-year (8-year) mean error is the time-series 

mean of the average of the annual forecast errors over the five (eight) years following 

each CE estimate. Looking first at the individual defensive industries, the findings show 

that the conventional CAPM method significantly underestimates the CE of three 

defensive industries.  The Smoke, Utility and Oil industries have significant 5-year 

mean errors of 8.39% (t-stat 2.93), 2.59% (t-stat 1.99) and 3.76% (t-stat 2.10), 

respectively.
6
 These same industries have significant 8-year mean errors of 8.2% (t-stat 

3.26), 2.5% (t-stat 3.56) and 3.4% (t-stat 2.61), respectively. These results also illustrate 

an important common feature of all the significant results in this table. The 5-year mean 

                                                 
6
 In addition, the Guns industry mean error of 4.37% is weakly significant at the 10% level (t-statistic of 

1.80). 
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errors are very similar to the corresponding 8-year mean errors. This suggests that the 

results in this table are robust to the choice of proxy for expected return.
7
  

 

Turning to medium-risk industries, none have significant mean errors. On the other 

hand, there are a number of high-risk industries with significant negative mean forecast 

errors. The Mach, FabPr and Steel industries have significant 8-year mean errors of – 

2.5% (t-stat – 2.50), - 6.4% (t-stat – 2.49) and – 3.3% (t-stat – 3.01), respectively. For 

the 5-year results, the FabPr mean error is significant (t-stat – 2.09), while the Mach and 

Steel mean errors are only weakly significant (t-stats – 1.69 and – 1.78, respectively). 

Other industries with weakly significant 8-year mean errors are Toys, Other and RlEst 

(t-stats – 1.80, – 1.87 and – 1.87, respectively). 

 

A feature of the table is that the significant defensive industry mean errors are all 

positive, whereas the significant high-risk industry mean errors are all negative.  This 

means that the standard CAPM approach leads to CE estimates that are systematically 

too low for some defensive industries and too high for particular high-risk industries. 

Such industries are prime candidates for the alternative CE methods discussed in the 

next section. 

  

                                                 
7
 There is also a tendency for the 8-year t-statistics to be larger in absolute magnitude than the 

corresponding 5-year t-statistics due to the lower volatility that results from averaging over eight years 

rather than five. 
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Table 3. 4 Five and Eight-year Industry Bias. 
Table 3.4 reports the mean forecast error (denoted Mean Error) for each industry, together with the 

associated t-statistics. The names of defensive (high-risk) industries are bolded (italicized). Industry i’s 

five-year (eight-year) mean error is the time-series average of its five-year (eight-year) forecast errors. 

Industry i’s five-year (eight-year) forecast error at time t is the average annual return of industry i over the 

next five (eight) years following month t less the OLS predicted CE estimate at time t based on an MRP 

of 6.8%, and the annualized treasury bill rate and OLS beta estimate at the end of month t:  

 1 MRPRCE iOLStFtiOLSt   . 

An industry’s OLS beta at the end of month t is calculated each month from the most recent five years of 

past monthly excess returns. The sample covers the period from July 1963 to December 2010. The last 

three rows show the mean forecast errors of the defensive, medium-risk and high-risk group portfolios. 

The T-statistics have Newey-West (1987) adjusted standard errors with lags (59 or 95) equal to the degree 

of overlap.   

 

 

5-year 

 

8-year 

  

5-year 

 

8-year 

 

 

Mean 

 

Mean 

  

Mean 

 

Mean 

 industry Error t-stat Error t-stat industry Error t-stat Error t-stat 

Smoke 8.39% 2.93 8.2% 3.26 Books -0.23% -0.07 0.9% 0.33 

Util 2.59% 1.99 2.5% 3.56 Txtls -1.00% -0.32 -0.5% -0.15 

Gold 1.91% 0.52 1.3% 0.33 Aero 2.42% 0.96 2.6% 1.35 

Food 4.09% 1.54 4.2% 1.58 Meals -0.65% -0.38 -0.8% -0.76 

Beer 3.19% 0.88 3.4% 0.90 Rubbr -0.79% -0.44 -0.5% -0.34 

Oil 3.76% 2.10 3.4% 2.61 Clths -0.06% -0.03 0.4% 0.20 

Soda 1.67% 0.64 1.4% 0.82 BldMt -1.26% -0.74 -1.0% -0.90 

Drugs 1.99% 0.69 2.2% 0.78 Trans -1.67% -0.99 -1.6% -1.27 

Telcm 1.80% 0.68 2.2% 0.86 ElcEq 1.31% 0.54 1.7% 0.81 

Hshld -0.84% -0.41 -1.0% -0.52 Hlth 4.67% 0.93 2.2% 0.52 

Guns 4.37% 1.80 3.9% 1.94 Fin 1.68% 0.55 2.5% 0.91 

MedEq 0.40% 0.22 0.4% 0.26 Comps -1.81% -0.47 -1.0% -0.29 

Boxes 0.37% 0.16 0.4% 0.17 PerSv -4.38% -1.20 -3.4% -1.37 

Agric 1.45% 0.58 1.0% 0.54 Toys -4.55% -1.69 -4.2% -1.80 

Paper -0.81% -0.96 -1.0% -1.56 Mach -2.33% -1.69 -2.5% -2.50 

Insur 1.44% 0.78 1.9% 1.22 FabPr -6.26% -2.09 -6.4% -2.49 

Coal 5.14% 0.77 3.8% 0.52 Fun 1.51% 1.00 1.9% 1.64 

Rtail 0.35% 0.15 0.8% 0.37 Other -7.29% -1.84 -6.5% -1.87 

Banks 0.15% 0.06 0.8% 0.31 RlEst -6.42% -1.53 -6.1% -1.87 

Chems -0.29% -0.21 -0.7% -0.71 BusSv -0.79% -0.21 0.4% 0.12 

Ships -1.36% -0.44 -2.0% -0.64 LabEq -2.74% -1.26 -2.3% -1.26 

Mines 0.71% 0.20 -0.7% -0.24 Steel -2.93% -1.78 -3.3% -3.01 

Autos -2.11% -1.11 -1.6% -0.96 Cnstr -2.23% -0.69 -1.8% -0.65 

Whlsl -1.04% -0.48 -0.9% -0.47 Chips -1.49% -0.37 -0.2% -0.05 

          

     
Defensive 2.78% 1.98 2.68% 2.33 

     

Medium-

risk 0.19% 0.14 0.22% 0.22 

     
High-risk -3.33% -1.64 -2.86% -2.06 

     

          

 

Finally, consider the mean forecast errors for the defensive, medium-risk and high-risk 

industry group portfolios reported in the final three rows of Table 3.4. The defensive 

industries portfolio’s 5-year and 8-year mean errors are both positive and significant at 

2.78% (t-stat 1.98) and 2.68% (t-stat 2.33), respectively. In contrast, while the high-risk 
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industries portfolio’s 5-year and 8-year mean errors are both negative at  3.33% and – 

2.86%, respectively, only its 8-year mean error is significant (t-stat – 2.06). Overall, the 

results in Table 3.4 show that the degree of defensiveness of an industry provides useful 

information about the effectiveness of CE estimates based on the OLS beta.  

  

3.5.3 Performance Comparisons 

This section evaluates the performances of competing CE estimates for each of the 48 

industries. Table 3.5 reports performance results using the five-year average return as 

the expected return proxy, while Table 3.6 uses the eight-year average return as the 

expected return proxy. In these tables, the MAE results based on the OLS beta are 

reported in the second column as the ‘OLS MAE’. The remaining columns provide the 

reduction in MAE that results from a particular beta method g (

iOLStigt   67.033.0  for the Blume-adjusted beta, and igt = 0.8, 0.9, 1.0, 1.1, 1.2, 

and 1.3 for the constant betas), together with the associated t-statistics. An alternative 

method is considered to have a better performance than the standard CAPM approach if 

it produces a reduction in MAE that is positive and significant. 

 

The first observation that can be drawn from Table 3.5 is that alternative betas provide 

better performances for eight industries: the Smoke, Utility, Oil, Coal, FabPr, Fin, 

BusSv and Constr industries. In the Utility industry case, for example, the Blume-

adjusted beta has a 0.52% smaller MAE per year (t-statistic 2.59). The constant beta 

estimate 0.80 produces a significant MAE reduction of 0.89% per year (t-statistic 2.42), 

while the constant beta estimate 0.90 has a significant MAE reduction of 0.99% per 

year (t-statistic 2.20). This latter reduction amounts to a 20% improvement over the 

OLS MAE (i.e., 0.0099/0.0488 = 0.20). In short, the constant betas 0.90 and 0.80 and 

the Blume-adjusted beta produces economically and statistically significant reductions 
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for the Utility industry, with beta = 0.9 producing the largest significant improvement 

over the standard CAPM approach. In contrast, for the Oil industry the Blume-adjusted 

beta is the only technique which produces a statistically significant reduction in MAE 

(0.27% with t-statistic 2.01). The constant beta estimates 0.90 and 1.0 have larger 

reductions (0.57% and 0.73%, respectively) but these are only weakly significant.
8
  

 

The performances of the alternative CE methods in Table 3.5 can be summarized as 

follows. The CE estimates for eight industries can be improved significantly by using 

one of these alternative techniques, while positive and weakly significant reductions can 

be observed for another five industries. The significant Blume-adjusted MAE reductions 

tend to be smaller than the corresponding MAE reductions for those industries from at 

least one of the constant betas investigated. Of the range of constant betas included in 

this study, a constant beta of 0.9 produces the largest significant MAE reductions for the 

Utility and FabPr industries. Similarly, a constant beta of 1.0 gives the largest 

significant MAE reduction for the Coal industry, while a constant beta of 1.3 yields the 

largest significant reductions for the Smoke, Fin, BusSv, and Cnstr industries.  

  

                                                 
8
 Blume-adjusted betas can produce large t-statistics in the presence of small reductions in MAE because 

the forecast errors from the Blume-adjusted and OLS beta methods are highly contemporaneously-

correlated (due to the way the Blume-adjusted beta is derived from the OLS beta), leading to a low 

standard deviation of the paired differences.  
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Table 3. 5 Performance of alternative beta methods (five-year case). 
The table reports each industry’s OLS mean absolute forecast error (MAE) and the Reduction in MAE 

over OLS from using alternative betas (Blume, and six constant betas). The names of defensive industries 

are bolded (Panel A), the names of medium-risk industries (Panel B) and the names of high-risk  

industries are italicized (Panel C). Reduction in MAE for beta method g is the OLS MAE less method g’s 

mean absolute forecast error. Forecast error for month t and method g is method g’s average annual 

forecast error over the following five years. A paired t-test is used to test whether an alternative method 

produces a significant reduction in MAE. The Newey-West (1987) correction for serial correlation up to 

59 lags is employed in the t-test to adjust for overlapping observations. The t-statistics are shown in 

parentheses. 

 

 

OLS     Reduction in MAE       

 Industry MAE Blume 0.8 0.9 1 1.1 1.2 1.3 

Panel A: Defensive 

Smoke 0.1047 0.0050 0.0077 0.0110 0.0141 0.0170 0.0195 0.0216 

  
(2.33) (1.60) (1.96) (2.10) (2.13) (2.09) (1.99) 

Util 0.0488 0.0052 0.0089 0.0099 0.0100 0.0095 0.0079 0.0053 

  
(2.59) (2.42) (2.20) (1.85) (1.49) (1.09) (0.65) 

Gold 0.1121 -0.0011 -0.0057 -0.0063 -0.0072 -0.0084 -0.0098 -0.0115 

  
(-0.38) (-0.82) (-0.81) (-0.82) (-0.85) (-0.89) (-0.95) 

Food 0.0729 0.0025 0.0031 0.0039 0.0042 0.0040 0.0033 0.0023 

  
(1.68) (1.28) (1.41) (1.08) (0.75) (0.49) (0.27) 

Beer 0.1033 0.0004 -0.0023 -0.0013 -0.0005 0.0000 0.0003 0.0005 

  
(0.28) (-0.68) (-0.48) (-0.16) (0.00) (0.05) (0.06) 

Oil 0.0690 0.0027 0.0036 0.0057 0.0073 0.0083 0.0090 0.0093 

  
(2.01) (1.29) (1.72) (1.74) (1.61) (1.44) (1.26) 

Soda 0.0851 0.0022 0.0050 0.0053 0.0053 0.0049 0.0040 0.0027 

  
(1.33) (1.24) (1.28) (1.13) (0.87) (0.60) (0.35) 

Drugs 0.0811 -0.0010 -0.0048 -0.0044 -0.0042 -0.0043 -0.0047 -0.0052 

  
(-0.78) (-1.64) (-1.32) (-0.93) (-0.71) (-0.61) (-0.56) 

Telcm 0.0764 0.0034 0.0062 0.0073 0.0081 0.0084 0.0085 0.0079 

  
(1.80) (1.76) (1.65) (1.43) (1.21) (1.00) (0.80) 

Hshld 0.0567 0.0007 0.0012 0.0010 0.0002 -0.0013 -0.0035 -0.0064 

  
(0.96) (0.43) (0.54) (0.11) (-0.46) (-0.90) (-1.27) 

Guns 0.0861 0.0046 0.0067 0.0097 0.0121 0.0141 0.0157 0.0171 

  
(1.61) (0.78) (1.17) (1.48) (1.70) (1.82) (1.87) 

MedEq 0.0563 -0.0012 -0.0063 -0.0051 -0.0044 -0.0041 -0.0042 -0.0048 

  
(-1.70) (-1.66) (-1.83) (-2.08) (-1.86) (-1.42) (-1.19) 

Panel B: Medium-Risk  

Boxes 0.0666 -0.0001 -0.0018 -0.0011 -0.0006 -0.0004 -0.0007 -0.0014 

  
(-0.13) (-0.57) (-0.40) (-0.18) (-0.10) (-0.12) (-0.19) 

Agric 0.0769 0.0018 0.0038 0.0044 0.0046 0.0047 0.0043 0.0033 

  
(1.07) (0.76) (0.92) (0.91) (0.80) (0.62) (0.42) 

Paper 0.0400 -0.0002 -0.0001 -0.0003 -0.0013 -0.0031 -0.0054 -0.0083 

  
(-0.33) (-0.03) (-0.14) (-0.75) (-1.42) (-1.79) (-2.07) 

Insur 0.0643 0.0001 -0.0031 -0.0015 -0.0004 0.0002 0.0004 0.0002 

  
(0.12) (-0.82) (-0.54) (-0.19) (0.09) (0.13) (0.04) 

Coal 0.1797 0.0030 0.0088 0.0089 0.0089 0.0087 0.0084 0.0080 

  
(2.38) (1.30) (1.75) (2.28) (2.47) (1.95) (1.39) 

Rtail 0.0726 -0.0002 -0.0014 -0.0010 -0.0011 -0.0014 -0.0021 -0.0031 

  
(-0.35) (-0.32) (-0.37) (-0.52) (-0.54) (-0.54) (-0.57) 

Banks 0.0776 -0.0007 -0.0034 -0.0028 -0.0025 -0.0027 -0.0034 -0.0046 

  
(-0.61) (-0.61) (-0.61) (-0.68) (-0.81) (-0.91) (-0.97) 

Chems 0.0512 0.0002 -0.0005 0.0000 -0.0002 -0.0011 -0.0025 -0.0043 

  
(0.36) (-0.15) (0.02) (-0.12) (-0.55) (-0.86) (-1.08) 

Ships 0.0847 0.0021 0.0046 0.0051 0.0052 0.0051 0.0047 0.0041 

  
(1.61) (0.80) (1.13) (1.43) (1.49) (1.20) (0.84) 

Mines 0.0953 0.0013 0.0046 0.0042 0.0035 0.0026 0.0014 0.0001 

  
(0.98) (1.24) (1.21) (0.90) (0.54) (0.24) (0.02) 

Autos 0.0669 0.0005 0.0024 0.0021 0.0013 0.0001 -0.0015 -0.0036 

  
(0.86) (0.77) (1.03) (0.74) (0.05) (-0.40) (-0.71) 

Whlsl 0.0644 0.0018 0.0036 0.0042 0.0043 0.0038 0.0027 0.0011 

  
(1.10) (0.53) (0.75) (0.92) (0.94) (0.70) (0.25) 

Books 0.0924 -0.0004 -0.0022 -0.0016 -0.0013 -0.0013 -0.0015 -0.0019 

  
(-0.29) (-0.40) (-0.37) (-0.35) (-0.33) (-0.31) (-0.30) 

Txtls 0.0901 0.0014 0.0034 0.0036 0.0034 0.0027 0.0016 0.0004 

  
(1.74) (0.67) (1.02) (1.39) (1.06) (0.43) (0.08) 

Aero 0.0853 -0.0003 -0.0057 -0.0035 -0.0020 -0.0008 0.0000 0.0006 

  
(-0.26) (-0.91) (-0.71) (-0.53) (-0.30) (0.02) (0.20) 
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Meals 0.0549 0.0019 -0.0014 0.0007 0.0023 0.0032 0.0034 0.0029 

  
(1.17) (-0.20) (0.12) (0.45) (0.72) (0.83) (0.72) 

Rubbr 0.0535 0.0000 -0.0026 -0.0015 -0.0010 -0.0009 -0.0014 -0.0025 

  
(-0.03) (-0.46) (-0.33) (-0.27) (-0.30) (-0.43) (-0.61) 

Clths 0.0739 0.0009 -0.0006 0.0007 0.0014 0.0017 0.0016 0.0012 

  
(0.70) (-0.10) (0.16) (0.41) (0.66) (0.71) (0.41) 

BldMt 0.0600 0.0003 -0.0019 -0.0006 0.0001 0.0003 0.0000 -0.0008 

  
(0.37) (-0.37) (-0.16) (0.04) (0.15) (0.00) (-0.31) 

Trans 0.0568 0.0014 0.0039 0.0040 0.0036 0.0029 0.0017 0.0002 

  
(1.30) (0.70) (0.90) (1.10) (1.18) (0.80) (0.07) 

ElcEq 0.0715 -0.0007 -0.0056 -0.0038 -0.0026 -0.0019 -0.0016 -0.0017 

  
(-0.71) (-0.96) (-0.87) (-0.88) (-1.10) (-1.66) (-1.09) 

Hlth 0.1112 -0.0018 -0.0107 -0.0095 -0.0088 -0.0084 -0.0085 -0.0089 

  
(-0.75) (-1.12) (-1.13) (-1.18) (-1.29) (-1.46) (-1.65) 

Fin 0.0917 0.0018 0.0010 0.0028 0.0043 0.0055 0.0066 0.0073 

  
(1.41) (0.15) (0.56) (1.18) (2.24) (3.46) (3.02) 

Comps 0.1070 0.0017 0.0035 0.0027 0.0016 0.0002 -0.0015 -0.0035 

  
(1.23) (0.84) (0.93) (0.75) (0.09) (-0.47) (-0.79) 

Panel C: High-Risk  

PerSv 0.0968 0.0016 0.0038 0.0039 0.0037 0.0032 0.0024 0.0014 

  
(0.73) (0.43) (0.50) (0.57) (0.58) (0.48) (0.28) 

Toys 0.0865 0.0015 0.0046 0.0039 0.0026 0.0008 -0.0013 -0.0038 

  
(0.85) (0.57) (0.57) (0.45) (0.17) (-0.30) (-0.90) 

Mach 0.0557 0.0010 0.0036 0.0033 0.0024 0.0009 -0.0010 -0.0037 

  
(1.40) (0.83) (1.03) (1.13) (0.97) (-2.48) (-2.63) 

FabPr 0.1022 0.0020 0.0096 0.0079 0.0058 0.0034 0.0006 -0.0026 

  
(1.88) (1.92) (1.98) (1.82) (1.17) (0.18) (-0.71) 

Fun 0.0619 -0.0013 -0.0119 -0.0084 -0.0053 -0.0027 -0.0006 0.0007 

  
(-0.84) (-1.98) (-1.59) (-1.17) (-0.68) (-0.19) (0.23) 

Other 0.1203 0.0030 0.0116 0.0102 0.0085 0.0066 0.0044 0.0018 

  
(1.56) (1.29) (1.38) (1.45) (1.41) (1.14) (0.47) 

RlEst 0.1404 0.0019 0.0090 0.0073 0.0052 0.0030 0.0005 -0.0022 

  
(0.94) (1.15) (1.06) (0.85) (0.52) (0.08) (-0.37) 

BusSv 0.1080 0.0019 0.0019 0.0032 0.0041 0.0047 0.0049 0.0050 

  
(0.87) (0.21) (0.41) (0.66) (1.03) (1.63) (2.74) 

LabEq 0.0834 0.0024 0.0064 0.0064 0.0060 0.0051 0.0040 0.0027 

  
(1.34) (0.80) (0.96) (1.13) (1.31) (1.49) (1.45) 

Steel 0.0675 0.0009 0.0038 0.0028 0.0012 -0.0009 -0.0036 -0.0067 

  
(1.17) (0.77) (0.71) (0.42) (-0.44) (-2.68) (-4.82) 

Cnstr 0.1060 0.0030 0.0082 0.0083 0.0082 0.0079 0.0073 0.0066 

  
(1.32) (0.84) (1.02) (1.23) (1.51) (1.88) (2.22) 

Chips 0.1169 0.0036 0.0093 0.0094 0.0092 0.0089 0.0084 0.0077 

  
(1.40) (0.90) (1.05) (1.24) (1.46) (1.69) (1.83) 

 

The robustness of these results to the choice of proxy can be checked by replacing the 

five-year proxy with the eight-year proxy. Thus, whereas CE’s are used to predict the 

average annual return over the following five years in Table 3.5, those same CE’s are 

used to predict average annual returns over the next eight years in Table 3.6. Inspection 

of the magnitudes of the OLS MAE’s in column 2 of both tables shows that the OLS 

MAE’s are smaller in Table 3.6 than the corresponding OLS MAE’s in Table 3.5 for 

every industry. This strongly suggests that the average annual return over eight years is 

a better proxy for expected annual return (the cost of equity) than is the average annual 

return over five years.  
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Recall that for the five-year case in Table 3.5 there are significant positive reductions in 

MAE for eight industries (the Smoke, Utility, Oil, Coal, FabPr, Fin, BusSv and Cnstr 

industries), and weakly significant positive reductions in MAE for an additional five 

industries (the Food, Telcm, Guns, Textl, and Chips industries). Inspection of Table 3.6 

reveals stronger results. For the eight-year case there are significant positive reductions 

for nine industries (the Smoke, Utility, Oil, Guns, Coal, Ships, Fin, Mach and Cnstr 

industries and weakly significant positive reductions in MAE for an additional seven 

industries (the Mines, Trans, FabPr, Other, BusSv, Steel and Chips industries).
9
 

 

The significant results for nine industries can be summarized as follows. The largest 

significant positive reductions are created by a beta of 0.9 for the Utility and Mach 

industries (0.8% and 0.63%, respectively), by a beta of 1.1 for the Coal and Ships 

industries (1.16% and 0.41%, respectively), by a beta of 1.2 for the Oil industry 

(1.32%), and by a beta of 1.3 for the Smoke, Guns, Fin, and Cnstr industries (2.56%, 

1.09%, 0.74% and 0.61%, respectively). These beta/industry combinations can be 

viewed as indicating the best constant betas to use for these nine industries out of the 

range of constant betas included in this study. It is also reassuring that these best betas 

from the eight-year case are also reasonable choices for the five-year case results in 

Table 3.5. 

  

                                                 
9
 Note that there are six industries that experience significant reductions that are common to both the five-

year and eight-year cases (the Smoke, Utility, Oil, Coal, Fin, and Cnstr industries). 
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Table 3.6 Performance of alternative beta methods (eight-year case). 
The table reports each industry’s OLS mean absolute forecast error (MAE) and the reduction in MAE 

over OLS from using alternative betas (Blume, and six constant betas). The names of defensive defensive 

industries are bolded (Panel A), the names of medium-risk industries (Panel B) and the names of high-risk  

industries are italicized (Panel C). Reduction in MAE for beta method g is the OLS MAE less method g’s 

mean absolute forecast error. Forecast error for month t and method g is method g’s average annual 

forecast error over the following eight years. A paired t-test is used to test whether an alternative method 

produces a significant reduction in MAE. The Newey-West (1987) correction for serial correlation up to 

95 lags is employed in the t-test to adjust for overlapping observations. The t-statistics are shown in 

parentheses. 

 

 

OLS     Reduction in MAE       

 Industry MAE Blume 0.8 0.9 1 1.1 1.2 1.3 

Panel A: Defensive 

Smoke 0.0936 0.0052 0.0060 0.0107 0.0152 0.0192 0.0226 0.0256 

  
(3.17) (1.59) (2.48) (2.98) (3.12) (3.05) (2.88) 

Util 0.0329 0.0049 0.0071 0.0080 0.0078 0.0066 0.0044 0.0012 

  
(2.64) (2.44) (2.26) (1.83) (1.29) (0.73) (0.17) 

Gold 0.0937 -0.0006 -0.0030 -0.0033 -0.0040 -0.0050 -0.0062 -0.0076 

  
(-0.18) (-0.33) (-0.33) (-0.36) (-0.41) (-0.45) (-0.50) 

Food 0.0630 0.0014 -0.0001 0.0015 0.0027 0.0036 0.0041 0.0044 

  
(0.95) (-0.05) (0.48) (0.56) (0.51) (0.44) (0.37) 

Beer 0.0926 -0.0005 -0.0053 -0.0038 -0.0025 -0.0013 -0.0001 0.0010 

  
(-0.41) (-1.42) (-1.25) (-0.62) (-0.22) (-0.02) (0.10) 

Oil 0.0487 0.0042 0.0049 0.0084 0.0109 0.0125 0.0132 0.0132 

  
(3.05) (1.86) (2.60) (2.72) (2.51) (2.14) (1.75) 

Soda 0.0548 0.0002 -0.0038 -0.0027 -0.0020 -0.0017 -0.0019 -0.0025 

  
(0.12) (-0.82) (-0.69) (-0.53) (-0.39) (-0.34) (-0.36) 

Drugs 0.0714 -0.0005 -0.0047 -0.0031 -0.0018 -0.0008 -0.0003 0.0000 

  
(-0.37) (-1.40) (-1.07) (-0.44) (-0.14) (-0.03) (0.00) 

Telcm 0.0634 0.0035 0.0067 0.0081 0.0090 0.0097 0.0101 0.0100 

  
(1.40) (1.61) (1.37) (1.14) (0.96) (0.82) (0.69) 

Hshld 0.0432 -0.0002 -0.0021 -0.0018 -0.0022 -0.0031 -0.0047 -0.0069 

  
(-0.29) (-0.64) (-0.99) (-1.11) (-0.92) (-0.93) (-1.04) 

Guns 0.0647 0.0026 -0.0003 0.0031 0.0058 0.0080 0.0097 0.0109 

  
(1.19) (-0.04) (0.45) (0.98) (1.57) (2.13) (2.47) 

MedEq 0.0443 -0.0008 -0.0070 -0.0052 -0.0040 -0.0033 -0.0031 -0.0033 

  
(-1.59) (-1.43) (-1.59) (-2.03) (-1.56) (-0.85) (-0.62) 

Panel B: Medium-Risk  

Boxes 0.0486 -0.0007 -0.0043 -0.0033 -0.0027 -0.0025 -0.0028 -0.0038 

  
(-0.53) (-1.29) (-1.05) (-0.62) (-0.41) (-0.35) (-0.38) 

Agric 0.0536 0.0016 0.0017 0.0031 0.0042 0.0049 0.0049 0.0043 

  
(1.03) (0.32) (0.69) (0.96) (0.99) (0.84) (0.61) 

Paper 0.0265 -0.0002 -0.0018 -0.0012 -0.0017 -0.0032 -0.0058 -0.0095 

  
(-0.34) (-0.75) (-0.67) (-0.79) (-1.09) (-1.57) (-2.08) 

Insur 0.0455 -0.0002 -0.0059 -0.0031 -0.0011 0.0002 0.0008 0.0005 

  
(-0.25) (-1.84) (-1.37) (-0.50) (0.05) (0.16) (0.09) 

Coal 0.1671 0.0038 0.0108 0.0111 0.0114 0.0116 0.0115 0.0115 

  
(2.82) (1.35) (1.91) (2.77) (3.25) (2.53) (1.78) 

Rtail 0.0564 -0.0013 -0.0083 -0.0060 -0.0042 -0.0025 -0.0010 0.0000 

  
(-1.37) (-1.52) (-1.59) (-1.45) (-0.75) (-0.22) (0.00) 

Banks 0.0618 -0.0015 -0.0079 -0.0063 -0.0051 -0.0041 -0.0034 -0.0033 

  
(-1.33) (-1.25) (-1.36) (-1.51) (-1.40) (-0.95) (-0.68) 

Chems 0.0308 -0.0006 -0.0033 -0.0027 -0.0026 -0.0035 -0.0052 -0.0078 

  
(-2.30) (-0.78) (-1.11) (-2.85) (-2.02) (-1.56) (-1.63) 

Ships 0.0749 0.0016 0.0029 0.0036 0.0040 0.0041 0.0038 0.0031 

  
(1.41) (0.41) (0.69) (1.18) (2.05) (1.92) (0.95) 

Mines 0.0687 0.0019 0.0079 0.0070 0.0053 0.0031 0.0004 -0.0026 

  
(1.39) (1.64) (1.68) (1.29) (0.67) (0.07) (-0.38) 

Autos 0.0508 0.0004 0.0027 0.0021 0.0011 -0.0003 -0.0022 -0.0047 

  
(0.70) (0.83) (1.15) (0.64) (-0.11) (-0.54) (-0.87) 

Whlsl 0.0510 0.0018 0.0032 0.0036 0.0030 0.0017 -0.0002 -0.0029 

  
(1.20) (0.51) (0.71) (0.71) (0.45) (-0.05) (-0.57) 

Books 0.0695 -0.0003 -0.0047 -0.0030 -0.0019 -0.0013 -0.0010 -0.0011 

  
(-0.29) (-0.90) (-0.76) (-0.61) (-0.39) (-0.24) (-0.19) 

Txtls 0.0775 0.0007 0.0030 0.0024 0.0014 0.0002 -0.0013 -0.0029 

  
(0.51) (0.46) (0.49) (0.34) (0.04) (-0.21) (-0.35) 

Aero 0.0612 -0.0011 -0.0083 -0.0058 -0.0038 -0.0023 -0.0009 0.0001 

  
(-0.70) (-1.11) (-0.95) (-0.80) (-0.61) (-0.31) (0.04) 
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Meals 0.0358 0.0014 -0.0016 0.0003 0.0009 0.0006 -0.0004 -0.0021 

  
(0.82) (-0.20) (0.04) (0.17) (0.14) (-0.10) (-0.56) 

Rubbr 0.0411 0.0003 -0.0039 -0.0018 -0.0004 0.0005 0.0005 -0.0004 

  
(0.22) (-0.64) (-0.38) (-0.1) (0.13) (0.11) (-0.08) 

Clths 0.0538 0.0010 0.0006 0.0018 0.0023 0.0024 0.0019 0.0007 

  
(0.59) (0.08) (0.26) (0.45) (0.63) (0.69) (0.25) 

BldMt 0.0349 0.0003 -0.0027 -0.0012 -0.0004 -0.0004 -0.0012 -0.0029 

  
(0.30) (-0.41) (-0.24) (-0.11) (-0.20) (-0.63) (-0.95) 

Trans 0.0415 0.0020 0.0049 0.0053 0.0048 0.0034 0.0013 -0.0014 

  
(1.83) (0.88) (1.27) (1.54) (1.30) (0.44) (-0.38) 

ElcEq 0.0535 -0.0015 -0.0095 -0.0069 -0.0048 -0.0034 -0.0023 -0.0018 

  
(-1.12) (-1.31) (-1.22) (-1.20) (-1.43) (-2.69) (-1.29) 

Hlth 0.0866 -0.0013 -0.0060 -0.0054 -0.0052 -0.0055 -0.0064 -0.0076 

  
(-0.47) (-0.59) (-0.59) (-0.65) (-0.80) (-1.09) (-1.52) 

Fin 0.0715 0.0017 -0.0009 0.0019 0.0041 0.0056 0.0067 0.0074 

  
(1.13) (-0.12) (0.33) (0.97) (1.91) (2.85) (2.43) 

Comps 0.0851 0.0007 0.0008 0.0005 0.0000 -0.0008 -0.0020 -0.0037 

  
(0.70) (0.16) (0.18) (0.01) (-0.44) (-0.62) (-0.73) 

Panel C: High-Risk  

PerSv 0.0654 0.0030 0.0107 0.0094 0.0075 0.0050 0.0019 -0.0014 

  
(1.40) (1.24) (1.26) (1.17) (0.90) (0.37) (-0.26) 

Toys 0.0690 0.0010 0.0040 0.0030 0.0018 0.0003 -0.0014 -0.0034 

  
(0.47) (0.42) (0.39) (0.28) (0.06) (-0.26) (-0.58) 

Mach 0.0368 0.0018 0.0069 0.0063 0.0047 0.0022 -0.0012 -0.0052 

  
(3.04) (1.56) (2.02) (2.41) (2.37) (-2.59) (-4.59) 

FabPr 0.0796 0.0017 0.0095 0.0072 0.0044 0.0013 -0.0022 -0.0061 

  
(1.70) (1.76) (1.77) (1.41) (0.45) (-0.71) (-1.56) 

Fun 0.0431 -0.0023 -0.0192 -0.0145 -0.0103 -0.0067 -0.0038 -0.0015 

  
(-1.22) (-2.83) (-2.35) (-1.85) (-1.35) (-0.85) (-0.34) 

Other 0.1003 0.0039 0.0148 0.0129 0.0109 0.0086 0.0061 0.0035 

  
(1.84) (1.43) (1.57) (1.73) (1.86) (1.72) (0.95) 

RlEst 0.1019 0.0022 0.0097 0.0071 0.0043 0.0015 -0.0017 -0.0052 

  
(1.05) (1.14) (0.99) (0.69) (0.26) (-0.29) (-0.82) 

BusSv 0.0786 0.0002 -0.0051 -0.0031 -0.0014 0.0002 0.0016 0.0025 

  
(0.07) (-0.50) (-0.37) (-0.21) (0.04) (0.55) (1.79) 

LabEq 0.0590 0.0017 0.0026 0.0031 0.0032 0.0027 0.0019 0.0007 

  
(0.92) (0.30) (0.44) (0.58) (0.70) (0.75) (0.38) 

Steel 0.0491 0.0010 0.0079 0.0056 0.0027 -0.0006 -0.0044 -0.0086 

  
(1.39) (1.94) (1.84) (1.26) (-0.41) (-2.79) (-4.07) 

Cnstr 0.0736 0.0025 0.0041 0.0051 0.0057 0.0061 0.0062 0.0061 

  
(0.95) (0.35) (0.51) (0.72) (1.02) (1.51) (2.34) 

Chips 0.0872 0.0018 -0.0003 0.0015 0.0029 0.0040 0.0045 0.0046 

  
(0.77) (-0.03) (0.18) (0.43) (0.79) (1.26) (1.70) 

 

Overall, the results in Tables 3.5 and 3.6 show that there are significantly better ways to 

estimate the CE than the standard CAPM method for some industries.  For many other 

industries there are constant betas that produce economically significant reductions in 

mean absolute forecast error that are not statistically significant. Such reductions may 

still be of interest to practitioners for whom any potential improvement is worth 

considering. An implication of these results is that recommendations about which CE 

estimation method is appropriate need to be industry-specific. Simple approaches such 

as always using the OLS beta or always using the beta of unity for all industries are 

clearly sub-optimal.  
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3.5.4 The MAE beta 

The results in Tables 3.5 and 3.6 above are for a particular Blume-type beta and for 

constant betas ranging from 0.8 to 1.3. In this section the current study looks at how 

large a reduction in MAE can be achieved from a broader range of alternative beta 

estimators. First, note that the OLS beta, the Blume-adjusted beta and the constant beta 

estimates discussed above are all members of the class of positive linear transformations 

of the OLS beta. That is, they each can be written iOLStii aa 21  , for some nonnegative 

constants 0, 21 ii aa . This chapter defines the ex-post optimal beta from this class for a 

particular industry as the member which minimizes the mean absolute forecast error 

(MAE) of the CE estimates produced by unbiased members of this class. This optimal 

beta is denoted the MAE beta, and its value for industry i at the end of month t can be 

written as iOLStiiiMAEt aa  21
ˆˆ  , where 1

ˆ
ia and 2

ˆ
ia  are the values of ii aa 21 , , respectively, 

that solve the optimization: 
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where N is the number of forecast errors beginning at t , and where the following 

eight-year average return is the expected return proxy used in the calculation of forecast 

errors )( 8

igt

YR

itigt CEAe  . 

 

Table 3.7 reports results for the MAE beta and the corresponding results produced by 

the OLS beta for each industry. Industries are listed in the table in the order of the 

magnitude of the reduction in MAE, from largest to smallest. The second column (OLS 

MAE) contains the MAE produced by the OLS beta. The third column reports the 
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reduction in MAE (OLS MAE less the MAE resulting from using the MAE beta), while 

the MAE beta’s coefficients 
21  and aa  are listed in columns four and five, respectively. 

This is followed in the last two columns by the average MAE beta and the average OLS 

beta over the sample.  

 

Of the twelve defensive industries, six have reductions in MAE larger than 0.5%, with 

the largest three reductions for the Smoke, Oil and Guns industries (amounting to 

3.50%, 1.32% and 1.24%, respectively). The situation for the twelve high-risk industries 

is similar. Eight high-risk industries produce reductions larger than 0.5%, with the 

largest three reductions for the FabPr, Other and RIEst industries (1.36%, 2.07% and 

2.02%, respectively). Turning to the 24 medium-risk industries, only four have 

reductions in MAE larger than 0.5% and only one (Coal) has a reduction in MAE larger 

than 1%. In general, the defensive and high-risk industries tend to produce the largest 

reductions in MAE, and hence they dominate the top half of Table 3.7. However, there 

are exceptions, particularly amongst the defensive industries. The MAE betas of the 

Soda, MedEq, Gold and Hshld industries all produce small reductions in MAE of 0.1% 

or less. 

 

Table 3.7 also includes average values for the three industry groupings in the final three 

rows. The defensive and high-risk industry groups have large and roughly similar 

reductions in MAE of 0.77% and 0.91%, respectively. In contrast, the average reduction 

for medium-risk industries is only 0.26%. Notably, the defensive industries average 

MAE beta of 1.18 is larger than one, even though its average OLS beta is only 0.78. 

Conversely, the high-risk industries average MAE beta of 0.84 is less than one while its 

average OLS beta is 1.26. This is just another indication of the systematic failure of the 

CAPM documented in Tables 3.3 and 3.4.  
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Finally, the results in Table 3.7 provide an indication that the range of constant beta 

alternatives considered in Table 3.6 is not sufficient for those industries identified in 

Table 3.4 as having significantly biased OLS beta-based CE estimates. Consider two 

examples. First, the MAE beta for the defensive Smoke industry is 1.95, a value far 

above the maximum value (1.3) for the constant betas considered in Table 3.6. 

Similarly, the MAE beta for the high-risk FabPr industry in Table 3.7 is 0.17, a value 

much lower than the minimum value (0.8) used in Table 3.6. Of the 18 industries in 

Table 3.7 with reductions in MAE exceeding 0.5% per year, there are 11 industries with 

MAE betas that are constant betas. This suggests that practitioners may find industry-

specific constant betas a useful alternative to the OLS beta in many situations. The next 

section examines the utility industry in more detail. 
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Table 3. 7 MAE beta. 
This table reports MAE beta results. The names of defensive (high-risk) industries are bolded (italicized). 

Each industry’s OLS MAE is the mean absolute forecast error that results from basing CE estimates on 

the OLS beta. Reduction in MAE is the OLS MAE less the MAE beta’s mean absolute forecast error 

(MAE). Forecast error for month t and method g is method g’s average annual return over the following 

eight years less method g’s CE estimate for that month. The MAE beta in month t for industry i is  

iOLStiiiMAEt aa  21
ˆˆ   , 

where
1

ˆ
ia  and 

2
ˆ

ia determine which unbiased member of the class of positive linear transformations of 

the OLS beta minimizes the MAE for that particular industry. ‘Av.MAE beta’ and ‘Av.OLS beta’ denote 

the time series averages of the MAE beta and OLS beta, respectively. The last three rows report average 

values for the three industry groups: defensive, medium-risk and high-risk.  

 

Industry  
OLS 

MAE (%) 

Reduction in 

MAE (%) 1â  2â  
Av.MAE 

beta 

Av.OLS 

beta 

Smoke 9.36 3.50 1.95 0 1.95 0.70 
Other 10.03 2.07 0.35 0 0.35 1.21 
RlEst 10.19 2.02 0 0.24 0.27 1.14 
FabPr 7.96 1.36 0.17 0 0.17 1.13 
Oil 4.87 1.32 1.29 0 1.29 0.78 
Guns 6.47 1.24 1.18 0.40 1.53 0.87 
PerSv 6.54 1.10 0.58 0.16 0.76 1.16 
Coal 16.71 1.06 1.63 0 1.63 1.12 
Steel 4.91 1.05 0 0.58 0.72 1.26 
Telcm 6.34 0.91 1.01 0 1.01 0.76 
Util 3.29 0.80 0.77 0.27 0.92 0.54 
Beer 9.26 0.78 0 1.55 1.24 0.80 
Fin 7.15 0.74 1.55 0 1.55 1.24 
Mach 3.68 0.69 0.81 0 0.81 1.21 
Mines 6.87 0.67 0.92 0 0.92 1.06 
Toys 6.90 0.65 0 0.51 0.61 1.20 
Cnstr 7.36 0.61 1.12 0 1.12 1.35 
Trans 4.15 0.53 0.92 0 0.92 1.10 
Agric 5.36 0.49 1.10 0 1.10 0.89 
Chips 8.72 0.46 1.33 0 1.33 1.44 
Food 6.30 0.43 1.01 0.53 1.39 0.73 
Aero 6.12 0.38 0 1.33 1.51 1.14 
LabEq 5.90 0.32 0.77 0.16 0.99 1.37 
Whlsl 5.10 0.32 0.48 0.48 1.01 1.11 
Fun 4.31 0.32 0.33 0.96 1.61 1.33 
Ships 7.49 0.30 0.81 0 0.81 1.04 
BusSv 7.86 0.30 1.39 0 1.39 1.34 
Drugs 7.14 0.29 0 1.35 1.13 0.84 
Autos 5.08 0.27 0.76 0 0.76 1.06 
Insur 4.55 0.27 0 1.28 1.21 0.94 
Txtls 7.75 0.19 0.95 0 0.95 1.04 
Comps 8.51 0.19 0 0.87 1.07 1.23 
Clths 5.38 0.18 1.22 0 1.22 1.13 
Meals 3.58 0.17 0.42 0.55 1.04 1.13 
Rtail 5.64 0.16 0 1.11 1.13 1.02 
ElcEq 5.35 0.16 0 1.21 1.44 1.19 
Banks 6.18 0.14 0 1.10 1.15 1.04 
Paper 2.65 0.12 0 0.85 0.83 0.97 
Soda 5.48 0.10 0.20 1.01 1.07 0.86 
BldMt 3.49 0.09 0 0.87 0.99 1.14 
MedEq 4.43 0.04 0 1.06 1.00 0.94 
Boxes 4.86 0.04 0 1.06 0.97 0.92 
Rubbr 4.11 0.02 0.67 0.33 1.03 1.08 
Books 6.95 0.02 0 1.12 1.17 1.04 
Chems 3.08 0.01 0 0.90 0.91 1.01 
Gold 9.37 -0.07 0.15 1.05 0.87 0.68 
Hshld 4.32 -0.10 0 0.85 0.72 0.85 
Hlth 8.66 -0.38 0 1.25 1.38 1.10 

 
      Defensive 6.39 0.77 0.63 0.67 1.18 0.78 

Medium 6.03 0.26 0.48 0.60 1.11 1.07 
High-risk 7.03 0.91 0.57 0.22 0.84 1.26 
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3.5.5 Application to the Utility industry 

Since the regulation of utility companies in many jurisdictions involves estimating the 

utility industry’s CE via the CAPM, the adequacy of such estimates is of particular 

interest. As reported in Table 3.4, the CAPM based on OLS betas produces U.S. utility 

industry CE estimates that are significantly downwardly-biased. In the eight-year case, 

for example, mean forecast error is a significant 2.5% (t-stat 3.56). When considering a 

range of constant betas, Tables 5 and 6 show that significant improvements in CE 

estimation for the utility industry can be achieved by using beta = 0.9 rather than the 

OLS beta to produce CE estimates. Lastly, Table 3.7 shows that the utility industry’s 

MAE beta is OLSt27.077.0   , and averages 0.92. The time series of these alternative 

betas and the utility industry’s OLS beta are displayed in Figure 3.1. The OLS beta 

dramatically falls to zero after the end of the 1997-1999 ‘internet bubble’ as a result of 

the low correlation between utility returns and market returns during the internet bubble 

and subsequent bust. The figure clearly shows that the OLS beta estimates are always 

less than beta = 0.9 and the corresponding MAE beta.  

 

Note that the performance differences between beta = 0.9 and the MAE beta are slight. 

They both produce almost the same improvement over the OLS beta’s CE estimates (a 

reduction in MAE of 0.80% per year for the eight-year case in Table 3.6 and in Table 

3.7).
10

 Consequently, beta = 0.9 seems a good choice for the beta of the U.S. utility 

industry. 

 

  

                                                 
10

 Without the unbiasedness constraint, the MAE beta’s reduction in MAE would have been marginally 

larger at 0.81%. 
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Figure 3. 1 Utility industry beta estimates. 
This figure shows the time series of the OLS beta, MAE beta and a constant beta = 0.9 for the utility 

industry from June 1968 through December 2010.  

 

 

 

 

 

3.6 Conclusion 

The study confirms that the CAPM is not an adequate explanation of U.S. industry 

returns. The findings show that an industry’s degree of defensiveness provides useful 

information about the adequacy of the CE estimates produced by the standard 

application of the CAPM. Specifically, the standard application of the CAPM generates 

significant mean forecast errors for defensive and high-risk industry groups, in that 

standard practice produces CE estimates that are too low for many defensive industries 

and estimates that are too high for many high-risk industries. The findings show that for 

many of these industries, alternative CE estimators yield significantly better CE 

estimates than those produced by the standard CAPM approach.  

 

The alternative CE estimates offer significant reductions in mean absolute error (MAE) 

for eight industries based on the five-year case (the Smoke, Utility, Oil, Coal, FabPr, 
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Fin, BusSv and Cnstr industries) and weakly significant reductions in MAE for an 

additional five industries (the Food, Telcm, Guns, Textl and Chips industries). For the 

eight-year case, there are significant reductions in MAE for nine industries (the Smoke, 

Utility, Oil, Guns, Coal, Ships, Fin, Mach and Cnstr industries) and weakly significant 

reductions in MAE for an additional seven industries (the Mines, Trans, FabPr, Other, 

BusSv, Steel, and Chips industries). 

 

In summary, this chapter reveals that for some industries there are significantly better 

ways to estimate the industry’s CE than the standard CAPM procedure. For many other 

industries, constant betas produce reductions in MAE that, although not statistically 

significant, are still large enough to be of interest to practitioners. An implication of 

these results is that recommendations about CE methods need to be industry-specific. 

For example, over five-years the largest significant positive reductions in MAE are 

created by a beta of 0.9 for the Utility and Mach industries (0.8% and 0.63%, 

respectively), by a beta of 1.1 for the Coal and Ships industries (1.16% and 0.41%, 

respectively), by a beta of 1.2 for the Oil industry (1.32%), and by a beta of 1.3 for the 

Smoke, Guns, Fin, and Cnstr industries (2.56%, 1.09%, 0.74% and 0.61%, 

respectively).  

 

These results have important implications for these industries given the central role that 

cost of equity and cost of capital play in the modern economy and in the all-important 

capital budgeting decisions in these industries. Consider, for example, the implications 

for just one industry, the Utility industry. Chapter 3 has shown that the standard CAPM 

beta leads to significantly downwardly-biased cost of equity estimates because the 

CAPM beta is much too low. In the sample, the CAPM beta averages 0.54 whereas the 

research in this chapter has found that using a fixed beta of 0.9 produces significantly 
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better cost of equity estimates. Regulators of utilities who rely on the CAPM beta to 

estimate utility cost of equity will be making biased decisions. Overall, this chapter has 

shown that one-size-fits-all approaches such as the standard CAPM approach or 

assuming a beta of unity for all industries are not appropriate for many industries.  

 

This chapter has concentrated on the problem of estimating the CE for U.S. industries. 

A worthy topic for future research would be to see if those CE estimation techniques 

that perform well for U.S. industries also perform well for the same industries in other 

countries. 
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4. Industry-Level Long-Term Return Reversal 

 

4.1 Introduction 

Research into equity returns can be conducted at the level of individual stocks, at the 

level of industries, or at the level of national markets. As a result, perhaps, of the 

absence of a role for industries in popular asset pricing models, the dynamics of 

industry returns have received relatively little academic attention in finance. One gap in 

the literature discussed in Section 2.7 is that there appears to be no reports of studies 

that investigate whether industry returns exhibit long-term return reversal. This chapter 

addresses this gap by employing contrarian strategies to examine whether there is 

evidence of industry-level long-term return reversal.  

 

This study is guided by a number of considerations and motivations. Firstly, since 

industries are differentially impacted by consumer taste changes and by 

macroeconomic, technological and regulatory shocks, it is not unusual for some 

industries to perform poorly for long periods while others enjoy excellent results over 

many years.
11

 Such extremes in industry fortunes tend not to last indefinitely because 

they encourage countervailing structural changes in the industries. For example, if an 

industry suffers a poor long-term performance then this situation frequently leads to 

industry consolidation as some companies merge or get taken over while others exit the 

industry. The consequent reduction in competitive pressures may then position the 

industry for a number of years of improving conditions. Similarly, an industry enjoying 

excellent conditions may attract new entrants and increased competition that eventually 

undermines its future prospects.  

                                                 
11

 Shleifer and Vishny (1992) conclude that regulatory and economic shocks play an important role in the 

reaction of companies within and across industries. These shocks lead to reallocations of industry assets 

through acquisitions and mergers. In more recent study, Harford (2005) finds that economic, 

technological and regulatory shocks lead to industry merger waves. 
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Since an industry’s returns will tend to mirror its underlying health, its past long-term 

returns may be predictive of such reversals in its fortunes. If investors are slow to 

recognise that structural changes in an industry will produce a reversal in its fortunes 

then low (high) past long-term returns will tend to be followed by high (low) returns in 

the future. This potential route to industry-level long-term return reversal has an 

important implication for researchers using contrarian strategies to investigate reversal 

between industries. In order to give industries with extreme performances sufficient 

time for structural changes to occur, ‘winner’ and ‘loser’ industries may need to be 

determined by their past returns calculated over much longer periods than the three to 

five years typically used in contrarian strategies.  

 

This need to consider using longer formation periods also arises if investor overreaction 

has a role to play in the predictability of industry returns. Recall that DeBondt and 

Thaler (1985) argue that investor overreaction is the cause of stock-level return reversal. 

Even if investor overreaction is involved at the industry level, it seems possible that 

mispricing a whole industry may take longer to occur than would the mispricing of 

individual stocks. Thus, there is no reason to expect that three to five years is a 

sufficiently long period of time over which to calculate each industry’s past return for 

the purpose of identifying those industries with past returns extreme enough to suggest 

overreaction. Given the above considerations, this chapter ranks industries using a broad 

range of past long-term returns (from 36-month returns to 132-month returns) when 

determining long-term industry winners and losers. 

 

This study contributes to the existing body of knowledge in three ways. Firstly, while 

previous studies investigate long-term return reversal at the level of individual stocks or 

at the level of international market indices, this thesis examines the topic at the industry 
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level using a sample of U.S. industries. The main finding from this study is that there is 

strong evidence of industry-level long-term return reversal. This evidence is produced 

by contrarian strategies with long formation periods (108, 120 and 132 months) rather 

than the formation periods typically used in stock-level studies (36, 48 and 60 months).  

 

Secondly, the current study compares and contrasts the single-sorted pure contrarian 

strategy with the late-stage contrarian strategy introduced by Malin and Bornholt (2013) 

in a study of market indices. The results show that the late-stage strategy has 

consistently larger profits than the traditional pure contrarian strategy. The late-stage 

strategy produces significant evidence of reversal in industry returns whereas the 

evidence produced by the pure contrarian strategy can be explained by the Fama-French 

three-factor model. Thirdly, subsample analysis does not reveal any weakening in the 

strength of the return reversal between the earlier sub-period and the later sub-period. 

This is important because it shows that return reversal is not an artefact of the early 

years covered by the sample but is instead a feature of the U.S. equity market across the 

whole sample.  

 

The remainder of the chapter is organized as follows. The next section reviews the 

literature.  Section 4.3 describes the data Section 4.4. outlines the methodology used to 

construct and investigate the various contrarian strategies. Section 4.5 presents the main 

empirical results, and Section 4.6 draws conclusions from the results of the study.  

 

4.2 Related Literature  

In an influential article, DeBondt and Thaler (1985) document strong evidence of the 

reversal of long-term returns that challenges the notion of market efficiency. Their 

contrarian strategies buy portfolios of stocks that have low long-term past returns 
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(losers) and sell portfolios of stocks that have high long-term past returns (winners). 

The long-term returns used to classify stocks are the returns over the past three to five 

years. For U.S. stocks, DeBondt and Thaler (1985) show that losers outperform winners 

over the following three to five years. DeBondt and Thaler (1985; 1987) and others, 

such as Arnold and Baker (2007), attribute this long-term return reversal to investor 

overreaction. Fama and French (1996) show that their three-factor model can explain 

long-term return reversal in stocks.   

 

The evidence of stock-level return reversal has been mirrored in market-level studies. 

Evidence that international equity market indices also exhibit long-term return reversal 

has been reported in a number of studies, including Richards (1997), Balvers, Wu and 

Gilliland (2000), and Malin and Bornholt (2013). An important difference between the 

results from market-level studies and those from stock-level studies is that popular 

asset-pricing models such as the Fama-French three-factor model are unable to explain 

the long-term reversal in international market indices. However, to the best of the 

author’s knowledge, the literature does not contain the results of any empirical research 

investigating whether or not industry returns exhibit long-term return reversal. This 

study aims to fill this gap in understanding of the dynamics of industry returns. 

 

One obstacle that reduces the efficiency of traditional contrarian strategies is that not all 

long-term losers and winners are equally ready to begin to reverse their past long-term 

performances. In an attempt to overcome this problem, Malin and Bornholt (2013) 

propose a modified contrarian strategy called the late-stage strategy. They provide 

strong evidence that the late-stage strategy consistently generates stronger evidence of 

long-term return reversal in international equity market indices than does the traditional 

‘pure’ contrarian strategy. Their late-stage strategy is a double-sort strategy which 
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exploits the recent short-term performances of securities to select those showing 

indications of being more ready to reverse their long-term past performances. The late-

stage strategy is long a portfolio of long-term losers with relatively good recent short-

term returns and is short a portfolio of long-term winners with relatively poor recent 

short-term returns. This study uses both the traditional pure contrarian strategy and the 

late-stage strategy to investigate evidence for long-term return reversal at the industry 

level. 

  

4.3 Data 

The industries data used in this study are the value-weighted monthly returns, average 

firm size (ME), and the value-weighted average firm book-to-market ratio (BM) for 48 

U.S. industries. For the market index, the study uses the monthly returns of the Centre 

for Research in Securities Prices’ (CRSP) value-weighted U.S. market index of all U.S. 

stocks while the one-month Treasury bill rate reported at the beginning of each month is 

the risk-free rate. All data is downloaded from Kenneth French’s website.
12

 His data has 

itself been compiled from the well-regarded CRSP database of all U.S. stocks listed on 

the NYSE, AMEX and NASDAQ exchanges. The sample period is from July 1963 to 

December 2010. (An explanation of the sample length is contained in section 3.3.) The 

study commences from July 1963 because the CRSP database has a less comprehensive 

coverage of U.S. stocks prior to July 1963.  

 

Table 4.1 reports industry summary statistics over the period July 1963 to December 

2010 for the 48 U.S. industries, showing the monthly average return, standard deviation, 

number of observations, average firm size, value weighted book-to-market ratio and the 

full-sample beta for each industry.  

                                                 
12

 (http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html) 

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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4.4 Method 

This chapter examines the evidence for industry-level long-term return reversal by 

employing contrarian strategies. Contrarian strategies have been employed in many 

stock-level and market-level studies as a way of uncovering any evidence of long-term 

return reversal [see, for example, DeBondt and Thaler (1985; 1987), Richards (1997), 

and Malin and Bornholt (2013)].  

 

The study compares and contrasts the pure contrarian and the late-stage contrarian 

strategies applied to U.S. industries. As discussed above, if an industry experiences a 

period of extreme performance (either good or bad) over a sufficiently long period of 

time then such an event may trigger long-term structural changes in the industry that 

may begin to reverse the industry’s fortunes. Consequently, extreme long-term past 

returns may be predictive of such reversals. However, given the uncertainty over what 

would constitute a ‘sufficiently long period of time’, this chapter employs a wider range 

of formation period lengths than the usual 36-60 months that is commonly employed in 

stock-level contrarian strategies. The next two sections detail the pure contrarian and 

late-stage contrarian strategies used in this chapter.  

 

4.4.1 Pure contrarian strategies 

The pure contrarian portfolios are constructed as follows. At the beginning of each 

month t, the 48 U.S. industries in Table 4.1 are ranked based on their past J-month 

returns (J = 36, 48, 60, 72, 84, 96, 108, 120 or 132 months). For a given J, the long-term 

loser (LL) portfolio comprises the 25% of industries that have the lowest past J-month 

returns whereas the long-term winner (LW) portfolio comprises the 25% of industries 

that have the highest past J-month returns. The pure contrarian strategy (LL-LW) buys 
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the long-term loser portfolio and sells the long-term winner portfolio. Portfolios are held 

for K-month holding periods, where K = 3, 6, 9 and 12 months.  

 

For this single-sort strategy, this study maintains a 12-month gap between the end of the 

J-month formation period and the beginning of the K-month holding period. A gap of 

12 months is consistent with previous studies such as those of Fama and French (1996), 

Figelman (2007), Grinblatt and Moskowitz (2004) and Malin and Bornholt (2013). 

Fama and French (1996) found that skipping the first 12 months after the end of the 

formation period improves the performance of the pure contrarian strategy and 

generates stronger findings because this procedure helps avoid any long-term reversals 

being offset by the short-term continuation of returns. Indeed, in results not shown in 

this chapter, pure contrarian strategies do not produce statistically significant profits if 

there is no gap between the formation period and the holding period. A twelve-month 

gap is also consistent with DeBondt and Thaler’s (1985) finding that the first year after 

the end of the formation period in their study did not provide significant contrarian 

profits.  

 

4.4.2 Late-stage contrarian strategies 

 In the pure contrarian strategy, the investor buys a portfolio of long-term losers and 

sells a portfolio of long-term winners. The success of such a strategy is dependent on 

the industries in the portfolios being ready to reverse their long-term past performances. 

One problem with this strategy is that these industries may not all be equally ready to 

reverse. Having a 12 month gap between the end of the formation period and the 

beginning of the holding period may help offset continuation impacts but it does not 

guarantee that the long-term loser and winner industries are ready to reverse by the end 

of the 12 month gap. As discussed in the beginning of this chapter, Malin and Bornholt 
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(2013) propose late-stage contrarian strategies in order to select those long-term losers 

and winners that appear ready to reverse. 

 

The late-stage approach uses the recent short-term performances of the long-term losers 

and winners in a double-sort procedure. Specifically, the late-stage contrarian strategy 

buys long-term losers with relatively high recent short-term returns and sells long-term 

winners with relatively low recent short-term returns. Such securities appear to have 

begun to reverse their long-term performances or seem more likely to begin reversing 

their long-term performances soon. The term late-stage is used in the sense that the 

extreme long-term performances of the long-term losers and winners may be about to 

end. The key insight of the late-stage approach is that late-stage strategies should 

outperform the corresponding pure contrarian strategies because a number of long-term 

losers and winners that show no signs of reversing have been excluded from the late-

stage portfolios.  

 

The late-stage approach is a double dependent sort procedure, and is described as 

follows. The first sort is the same as the pure contrarian strategy sort. The 48 industries 

are ranked at the beginning of each month based on their most recent past J-month 

returns. For a given J, the long-term loser portfolio (LL) contains the 25% of industries 

with the lowest past J-month returns, while the long-term winner portfolio (LW) 

contains the 25% of industries with the highest past J-month returns. The industries in 

the LL and LW portfolios are further sorted in the second stage based on their most 

recent J2-month returns, where J2 = 3, 6, 9, 12, 24, 36, 48 or 60 months. This means 

that these J2-returns are from the last J2 months of the J-month formation period. For a 

given J and J2, the LLRW portfolio contains the 25% of LL industries with the largest 

J2-month returns (here RW indicates ‘recent winners’). Similarly, the LWRL portfolio 
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contains the 25% of LW industries with the lowest recent J2-month returns (where RL 

denotes ‘recent losers’).  

 

This procedure means that out of the total of 48 U.S. industries, the long-term loser and 

long-term winner portfolios of the pure contrarian strategy each contain 16 industries, 

while the late-stage LLRW and LWRL portfolios each contain four industries. The late-

stage contrarian strategy (LLRW-LWRL) buys long-term losers with relatively good 

recent short-term returns (LLRW) and sells long-term winners with relatively poor 

recent short-term returns (LWRL). This study expects that this strategy will provide 

larger profits (and stronger evidence of any long-term return reversal effect between 

industries) than will the corresponding pure contrarian strategy. 

 

As with the pure contrarian strategy, all portfolios in the late-stage contrarian strategy 

are held for a K-month holding period, where K = 3, 6, 9 or 12 months. While a 12-

month gap is used between the end of the formation period and the beginning of the 

holding period for the pure contrarian strategy, the design of the late-stage strategy 

means that the problem of short term continuation offsetting the evidence of long-term 

reversal is avoided. Thus, the late-stage strategy in this study follows the method of 

Malin and Bornholt (2013) by having only a one-month gap between the end of the 

formation period and the beginning of the holding period. The current study applies 

Jegadeesh and Titman’s (1993) overlapping portfolio approach for the holding period 

returns of all strategies to avoid overlapping returns, and to increase test power.  

 

In addition, annual event-time returns of portfolios are used to examine post-holding 

period results. Annual event-time returns are the average 12-month returns for the first 

five years after the end of the formation period. This chapter provide the associated t-
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statistics based on the Newey and West (1987) autocorrelation correction in order to 

account for the 11-month overlap in these returns that the monthly revisions of the 

portfolios creates. For expositional convenience, the six-month holding period case (K = 

6) will be the main focus of the current study comments about the empirical results in 

the next section.  

 

4.5 Results 

This section analyses the results for both the pure and late-stage contrarian strategies in 

terms of raw and risk-adjusted results. This study then conducts sub-period analyses of 

the strategies to examine the robustness of the results.  

 

4.5.1 Pure contrarian results 

Tables 4.2 and 4.3 report results for the short (LW), long (LL), and long-short (LL-LW) 

pure contrarian portfolios for several (J, K) combinations. Table 4.2 contains the results 

for formation period lengths of J = 36, 48, 60, 72, and 84 months, while Table 4.3 

contains the results for the extra-long formation period lengths of J = 96, 108, 120, and 

132 months. Each table provides the equal-weighted average monthly portfolio returns 

in percentages for K-month holding periods (K = 3, 6, 9 and 12 months) in columns 3 

through 6, and the Year 1 to Year 5 annual event-time returns in columns 7 through 11.  
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Table 4. 1 Descriptive Statistics. 
This table details the descriptive statistics for 48 U.S. industries utilized in this research. The first column 

is the abbreviated name of the industry, while the second column gives the full industry name. ‘Av. 

returns’ is the average monthly returns, ‘Std. Dev.’ is the standard deviation of monthly returns, ‘No. of 

Obs’ is the number of observation, ‘Av. firm size’ is the average firm size ($M), ‘Value-weighted BM’ is 

the value-weighted average firm book-to-market equity, while the full sample beta for each industry is 

estimated over the period July 1963 to December 2010.  

 

Industry Industry (Long-name) 

Av. 

returns 

(%) 

Std.            

Dev. (%) 

No. of 

Obs. 

 

Av. firm 

size       

($M) 

Value-

weighted 

BM Beta 

Agric Agriculture 1.04 6.50 570 653 0.59 0.87 

Food Food products 1.06 4.51 570 1415 0.53 0.69 

Soda Candy and Soda 1.17 6.65 570 1297 0.52 0.86 

Beer Beer and Liquor 1.14 5.37 570 6390 0.52 0.78 

Smoke Tobacco products  1.39 6.27 570 9207 0.52 0.67 

Toys Recreation 0.84 7.38 570 278 0.53 1.18 

Fun Entertainment 1.36 7.9 570 766 0.58 1.38 

Books Printing and Publishing 0.94 5.94 570 927 0.48 1.07 

Hshld Consumer Goods 0.91 4.81 570 1717 0.36 0.82 

Clths Apparel 1.05 6.63 570 389 0.67 1.13 

Hlth Healthcare 1.03 8.63 498 433 0.58 1.13 

MedEq Medical Equipment 1.11 5.42 570 549 0.33 0.91 

Drugs Pharmaceutical products 1.05 5.11 570 1735 0.27 0.80 

Chems Chemicals 0.94 5.57 570 1348 0.60 1.03 

Rubbr Rubber and Plastic Products 1.06 6.22 570 251 0.67 1.09 

Txtls Textiles 0.97 7.34 570 320 1.08 1.13 

BldMt Construction Materials 0.98 6.19 570 529 0.68 1.16 

Cnstr Construction 1.02 7.43 570 423 0.73 1.31 

Steel Steel Works Etc. 0.82 7.42 570 675 1.12 1.29 

FabPr Fabricated Products 0.68 7.43 570 134 0.81 1.15 

Mach Machinery 0.99 6.27 570 693 0.64 1.22 

ElcEq Electrical Equipment 1.23 6.33 570 888 0.5 1.20 

Autos Automobiles and Trucks 0.87 6.88 570 1159 1.05 1.13 

Aero Aircraft 1.17 6.91 570 2799 0.73 1.14 

Ships Shipbuilding, Railroad Equip. 0.94 6.93 570 905 0.79 1.05 

Guns Defence 1.08 6.83 570 1427 0.81 0.85 

Gold Precious Metals 1.14 10.40 570 696 0.43 0.66 

Mines Non-Metallic and Ind. Metal Mines 1.20 7.20 570 782 0.69 1.11 

Coal Coal 1.53 9.89 570 910 0.79 1.16 

Oil Petroleum and Natural Gas 1.09 5.37 570 2183 0.73 0.78 

Util Utilities 0.82 4.10 570 1589 1.00 0.54 

Telcm Communication 0.83 4.73 570 2882 0.82 0.76 

PerSv Personal Services 0.71 7.08 570 343 0.52 1.12 

BusSv Business Services 1.12 6.75 570 688 0.43 1.32 

Comps Computers 1.00 7.19 570 1534 0.36 1.22 

Chips Electronic Equipment 1.00 7.60 570 829 0.50 1.42 

LabEq Measuring and Control Equip. 1.06 7.32 570 351 0.44 1.34 

Paper Business Supplies 0.95 5.68 570 1294 0.68 0.98 

Boxes Shipping Containers 0.99 5.70 570 871 0.56 0.95 

Trans Transportation 0.94 6.01 570 819 1.12 1.08 

Whlsl Wholesale 1.04 5.81 570 364 0.61 1.08 

Rtail Retail 1.03 5.58 570 1299 0.51 1.00 

Meals Restaurants, Hotels Motels 1.19 6.41 570 572 0.48 1.08 

Banks Banking 0.90 6.10 570 856 0.78 1.05 

Insur Insurance 0.98 5.80 570 1562 0.82 0.95 

RlEst Real Estate 0.64 7.74 570 217 0.93 1.20 

Fin Trading 1.14 6.27 570 916 0.79 1.24 

Other Miscellaneous  0.61 7.11 570 2187 0.66 1.18 
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The pure contrarian results in Table 4.2 indicate that the strategy profits (LL-LW) are 

statistically insignificant over all K-month holding periods if J = 36, 48, 60, 72, or 84 

months. For example, for the five-year (60-month) formation period and 6-month 

holding period (K=6) case, the difference between the average monthly returns of the 

LL portfolio and the LW portfolio is only 0.11% per month (t-stat 0.89), which is 

statistically insignificant. In short, the holding period returns in Table 4.2 give no 

indication of a long-term return reversal effect at the industry level. Therefore, next 

consider the results for the longer formation periods in the Table 4.3 where J = 96, 108, 

120, and 132 months. 

 

The results in Table 4.3 reveal substantial differences from the results in Table 4.2. 

Except for the J = 96 case, Table 4.3 shows significant pure contrarian LL-LW profits 

for all J = 108 to 132 months and all K. For the 120-month formation period case with a 

six-month holding period (K= 6), for example, past long-term losers generate an 

average of 1.34% per month whereas past long-term winners produce an average of 

only 1.07 % per month over the same period. The resulting LL-LW difference of 0.28% 

per month is statistically significant (t-stat 2.01).  
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Table 4. 2 Profitability of the Pure Contrarian Strategy (J=36 to 48 months). 
This table reports the average monthly holding period returns in percentages of the short, long and long-

short portfolios of the pure contrarian strategy. Portfolios are constructed as follows: At the beginning of 

each month t, the 48 industries are ranked based on their past J-month formation period returns for J = 36, 

48, 60, 72 and 84 months. The long-term loser equal-weighted portfolio (LL) contains the 25% of 

portfolios with the lowest J-month returns, and the long-term winner equal-weighted portfolio (LW) 

contains the 25% of portfolios with the largest J-month returns. The pure contrarian strategy (LL-LW) 

portfolios are held for K = 3, 6, 9 or 12 months. Annual event-time returns (Year 1, Year 2, Year 3, Year 

4 and Year 5) are the average annual returns in percentages for the first five years following the portfolio 

formation date. The t-statistics are based on the Newey-West (1987) correction for autocorrelation up to 

lag 11. 

 

   Holding Period Returns   Annual Event-Time Returns  

J Portfolio  K = 3 K = 6 K = 9 K =12  Year 1 Year 2 Year 3 Year 4 Year 5 

36 LL  1.00 1.01 1.01 0.98  11.71 12.41 12.21 12.72 14.41 

   (4.30) (4.37) (4.38) (4.28)  (4.90) (5.46) (5.61) (6.02) (6.47) 

 LW  0.85 0.87 0.90 0.88  13.27 11.51 12.86 12.79 11.90 

   (3.54) (3.59) (3.70) (3.62)  (5.05) (4.37) (4.85) (4.97) (4.67) 

 LL-LW  0.15 0.15 0.11 0.10  -1.55 0.91 -0.66 -0.07 2.51 

   (1.09) (1.10) (0.87) (0.80)  (-0.80) (0.47) (-0.38) (-0.04) (1.77) 

48 LL  1.02 0.99 1.01 1.00  11.87 12.44 12.35 13.66 15.18 

   (4.40) (4.30) (4.38) (4.36)  (4.94) (5.54) (5.64) (6.12) (6.47) 

 LW  0.87 0.85 0.89 0.91  12.61 11.81 13.04 13.26 11.90 

   (3.55) (3.44) (3.60) (3.63)  (4.81) (4.20) (5.03) (5.06) (4.57) 

 LL-LW  0.15 0.14 0.11 0.10  -0.74 0.63 -0.69 0.40 3.28 

   (1.13) (1.06) (0.86) (0.76)  (-0.38) (0.32) (-0.42) (0.28) (2.28) 

60 LL  1.04 1.03 1.02 1.04  12.01 12.53 12.98 14.60 15.91 

   (4.52) (4.44) (4.42) (4.50)  (5.10) (5.58) (5.89) (6.23) (6.62) 

 LW  0.91 0.91 0.95 1.03  12.41 12.35 13.43 12.39 11.58 

   (3.67) (3.65) (3.76) (4.14)  (4.52) (4.52) (5.13) (4.75) (4.59) 

 LL-LW  0.13 0.11 0.08 0.01  -0.40 0.18 -0.46 2.20 4.33 

   (1.01) (0.89) (0.60) (0.12)  (-0.21) (0.10) (-0.29) (1.45) (3.00) 

72 LL  1.07 1.04 1.01 1.02  12.32 12.87 13.98 15.04 16.26 

   (4.55) (4.47) (4.33) (4.35)  (5.23) (5.73) (6.01) (6.33) (6.49) 

 LW  1.03 1.00 0.96 0.95  13.43 12.54 12.43 12.13 12.24 

   (4.19) (4.03) (3.83) (3.78)  (5.02) (4.66) (4.77) (4.71) (5.09) 

 LL-LW  0.04 0.04 0.06 0.07  -1.11 0.34 1.54 2.92 4.02 

   (0.28) (0.35) (0.44) (0.55)  (-0.54) (0.18) (0.95) (1.84) (2.95) 

84 LL  1.06 1.08 1.05 1.07  12.52 13.42 14.73 15.30 16.21 

   (4.47) (4.56) (4.44) (4.50)  (5.26) (5.68) (6.14) (6.46) (6.32) 

 LW  0.91 0.93 0.89 0.88  13.21 11.51 12.20 12.28 12.78 

   (3.63) (3.67) (3.50) (3.47)  (4.99) (4.23) (4.67) (5.10) (5.41) 

 LL-LW  0.15 0.16 0.17 0.19  -0.69 1.91 2.54 3.02 3.43 

   (1.16) (1.21) (1.31) (1.51)  (-0.36) (1.02) (1.51) (2.15) (2.45) 
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Table 4. 3 Profitability of the Pure Contrarian Strategy (J=96 to 132 months). 
This table reports the average monthly holding period returns in percentages of the short, long and long-

short portfolios of the pure contrarian strategy. Portfolios are constructed as follows: At the beginning of 

each month t, portfolios are ranked based on their past J-month formation period returns for J = 96, 108, 

120 and 132 months. The long-term loser equal-weighted portfolio (LL) contains the 25% of portfolios 

with the lowest returns, and the long-term winner equal-weighted portfolio (LW) contains the 25% of 

portfolios with the largest returns. The strategy LL-LW longs the long-term loser portfolio and shorts the 

long-term winner portfolio to be held for K = 3, 6, 9 or 12 months. Annual event-time returns (Year 1, 

Year 2, Year 3, Year 4 and Year 5) are the average annual returns in percentages for the first five years 

following the portfolio formation date. The t-statistics are based on the Newey-West (1987) correction for 

autocorrelation up to lag 11. 

 

  Holding Period Returns   Annual Event-Time Returns  

J Portfolio K = 3 K = 6 K = 9 K = 12  Year 1 Year 2 Year 3 Year 4 Year 5 

96 LL 1.10 1.12 1.15 1.19  13.16 14.31 15.57 15.82 15.03 

  (4.55) (4.63) (4.78) (4.92)  (5.44) (5.94) (6.53) (6.51) (5.93) 

 LW 0.85 0.87 0.90 0.94  12.26 11.37 12.78 13.12 11.51 

  (3.31) (3.34) (3.43) (3.58)  (4.52) (4.15) (5.03) (5.61) (5.20) 

 LL-LW 0.26 0.25 0.26 0.26  0.89 2.94 2.79 2.71 3.51 

  (1.88) (1.84) (1.91) (1.93)  (0.46) (1.52) (1.73) (2.03) (2.46) 

108 LL 1.23 1.26 1.25 1.28  13.87 15.56 15.89 15.09 14.27 

  (4.97) (5.12) (5.06) (5.17)  (5.7) (6.44) (6.61) (6.14) (5.35) 

 LW 0.90 0.94 0.95 0.98  11.97 11.88 13.42 12.18 10.86 

  (3.44) (3.59) (3.62) (3.72)  (4.37) (4.56) (5.37) (5.44) (4.81) 

 LL-LW 0.33 0.32 0.30 0.30  1.90 3.68 2.47 2.91 3.41 

  (2.32) (2.25) (2.14) (2.20)  (0.91) (1.94) (1.58) (2.16) (2.29) 

120 LL 1.33 1.34 1.31 1.29  15.08 16.53 15.60 14.55 15.19 

  (5.21) (5.31) (5.23) (5.15)  (6.06) (6.80) (6.29) (5.66) (5.65) 

 LW 1.05 1.07 1.01 0.97  12.54 13.02 12.96 12.16 11.64 

  (4.08) (4.23) (4.05) (3.89)  (4.79) (5.07) (5.40) (5.37) (4.95) 

 LL-LW 0.29 0.28 0.29 0.31  2.55 3.51 2.65 2.39 3.55 

  (2.05) (2.01) (2.18) (2.37)  (1.25) (1.86) (1.68) (1.74) (2.41) 

132 LL 1.28 1.31 1.27 1.28  16.40 16.12 15.31 15.13 15.69 

  (5.06) (5.14) (5.04) (5.04)  (6.43) (6.37) (5.96) (5.74) (5.69) 

 LW 1.02 1.01 0.98 0.98  13.72 12.43 12.70 12.46 11.70 

  (4.06) (3.99) (3.86) (3.88)  (5.23) (4.94) (5.26) (5.28) (4.86) 

 LL-LW 0.27 0.30 0.30 0.30  2.68 3.69 2.61 2.68 3.99 

  (1.96) (2.24) (2.28) (2.29)  (1.30) (1.90) (1.61) (2.03) (2.95) 

 

In summary, there are small but significant contrarian profits produced for extra-long 

formation periods of 108 to 132 months, but not for the shorter three-year to five-year 

formation periods conventionally employed in previous stock-level and market-level 

studies.
13

 Given that this initial evidence may be strengthened by employing the late-

stage approach, the next section reports the results of the late-stage contrarian strategy 

with 108, 120 and 132-month formation periods. This length for the formation periods 

is selected because J = 108, 120 and 132 are successful for the pure contrarian strategy.  

                                                 
13

 Recent examples of contrarian studies applied to individual stocks that find strong contrarian results for 

60-month formation periods are Figelman (2007) and Grinblatt and Moskowitz (2004). 
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4.5.2 Late-stage results 

One of the objectives of this study is to investigate whether the late-stage contrarian 

approach can produce stronger evidence of long-term return reversal than does the 

traditional pure contrarian strategy. The late-stage contrarian strategy is based on buying 

those long-term losers with relatively good recent short-term performances and selling 

those long-term winners with relatively poor recent short-term performances. Late-stage 

contrarian strategies are expected to be more profitable than pure contrarian strategies 

because many industries that show no signs of being ready to reverse are not included in 

the late-stage contrarian portfolios. Given that the results in the last section showed 

significant pure contrarian profits for formation periods J = 108, 120, and 132 months, 

this section reports late-stage contrarian results for these same formation period lengths. 

 

Tables 4.4, 4.5 and 4.6 report results for the short (LWRL), long (LLRW), and long-

short (LLRW-LWRL) late-stage contrarian portfolios for several (J, K) combinations. 

Table 4.4 contains the results for a formation period length of J = 108 months, Table 4.5 

reports the J = 120 results, while Table 4.3 contains the results for J = 132 months. Each 

table provides the equal-weighted average monthly portfolio returns in percentages for 

K-month holding periods (K = 3, 6, 9 and 12 months) in columns 4 through 7, and the 

Year 1 to Year 5 annual event-time returns in columns 8 through 12.  
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Table 4. 4 Profitability of the Late-Stage Contrarian Strategy (J=108). 
This table reports the average monthly holding period returns and the annual event-time returns in 

percentages of the short, long and arbitrage portfolios of the late-stage contrarian strategy. Late-stage 

portfolios are derived from the 108-month formation period pure contrarian strategy (J = 108) long-term 

loser (LL) and long-term winner (LW) portfolios. The formation of the LL and LW portfolios is 

explained in Table 4.2. At the beginning of each month t, industries within the current LW and LL 

portfolios are further classified based on their J2-month return from the last J2-months of the 108-month 

formation period for J2 = 3, 6, 9 or 12. The 25% of LL industries with the largest recent J2-month returns 

define the LLRW equal-weighted portfolio (long-term losers that are recent winners) for that month. 

Similarly, the 25% of LW industries with the worst recent J2-month returns define the LWRL portfolio 

(long-term winners that are recent losers). The late-stage contrarian strategy LLRW-LWRL is held for K 

= 3, 6, 9 and 12 months. Annual event-time returns (Year 1, Year 2, Year 3, Year 4 and Year 5) are the 

average annual returns in percentages for a portfolio for the first five years following the portfolio 

formation date. The t-statistics are presented in parentheses. Holding period t-statistics are simple 

t-statistics, whereas the annual event-time t-statistics are based on the Newey-West (1987) correction for 

autocorrelation up to lag 11.  

 

   Holding Period Returns  Annual Event-Time Returns 

J J2  Portfolio K = 3 K = 6 K = 9 K = 12  Year 

1 
Year 2 Year 3 Year 4 Year 5 

108 3 LLRW 1.06 1.20 1.32 1.32  15.89 15.54 15.71 14.69 14.10 

   (4.11) (4.67) (5.18) (5.19)  (6.47) (6.12) (6.13) (5.48) (5.01) 

  LWRL 0.76 0.76 0.80 0.86  9.67 13.25 14.14 11.81 9.60 

   (2.56) (2.63) (2.78) (3.03)  (3.42) (4.97) (5.18) (4.68) (3.65) 

  LLRW-LWRL 0.30 0.44 0.51 0.46  6.22 2.29 1.58 2.88 4.50 

   (1.34) (2.14) (2.68) (2.46)  (2.50) (1.11) (0.78) (1.52) (2.06) 

108 6 LLRW 1.25 1.36 1.37 1.33  16.08 16.38 15.98 15.81 13.83 

   (4.67) (5.19) (5.29) (5.19)  (6.41) (6.38) (6.28) (5.75) (4.63) 

  LWRL 0.68 0.74 0.72 0.79  8.76 14.30 13.03 11.24 10.08 

   (2.29) (2.51) (2.45) (2.73)  (3.05) (4.97) (4.78) (4.20) (3.58) 

  LLRW-LWRL 0.57 0.62 0.65 0.54  7.32 2.08 2.94 4.57 3.75 

   (2.53) (2.95) (3.22) (2.80)  (2.99) (0.91) (1.43) (2.01) (1.54) 

108 9 LLRW 1.42 1.40 1.37 1.35  16.69 17.68 16.52 16.07 14.10 

   (5.25) (5.24) (5.20) (5.15)  (6.27) (6.79) (6.38) (5.73) (4.48) 

  LWRL 0.64 0.66 0.69 0.78  8.39 14.35 13.11 11.45 9.68 

   (2.07) (2.16) (2.26) (2.61)  (2.87) (5.10) (4.83) (4.14) (3.46) 

  LLRW-LWRL 0.78 0.74 0.68 0.57  8.30 3.33 3.40 4.61 4.42 

   (3.29) (3.32) (3.12) (2.72)  (3.32) (1.42) (1.74) (1.90) (1.65) 

108 12 LLRW 1.25 1.27 1.30 1.29  15.77 18.22 16.44 16.15 12.30 

   (4.64) (4.76) (4.90) (4.90)  (5.88) (6.84) (6.14) (5.71) (4.05) 

  LWRL 0.58 0.70 0.75 0.86  9.71 14.25 13.24 11.23 9.10 

   (1.87) (2.26) (2.44) (2.83)  (3.26) (5.02) (4.83) (4.03) (3.55) 

  LLRW-LWRL 0.67 0.57 0.55 0.44  6.06 3.96 3.21 4.92 3.20 

   (2.85) (2.56) (2.54) (2.05)  (2.41) (1.64) (1.58) (2.07) (1.34) 

 

In Table 4.4, the average monthly returns of the late-stage strategies (LLRW-LWRL) 

for the J = 108 case are positive and statistically significant for all J2 = 3, 6, 9 and 12 

months and all holding periods except for K= 3 when J2 = 3. For example, the late-stage 

strategy with J/J2 = 108/6 and a six-month holding period (K = 6) generates a return of 

0.62% per month (t-stat 2.95). This result is considerably larger than the corresponding 

pure contrarian LL-LW return of 0.32% per month (t-stat 2.25) reported in Table 4.3. 
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Looking at the results in Table 4.4 as a whole, the largest profits arise when the second 

sort in the late-stage strategies is based on recent six-month or nine-month returns (J2 = 

6, 9). Of all the K = 6 results in Table 4.4, the largest profits are produced in the J/J2 = 

108/9 case with an average return of 0.74% per month (t-stat 3.32). In general, 

comparing the results in Table 4.4 with those in Table 4.3 reveals that the late-stage 

strategy profits with J2 = 3, 6, 9 or 12 are always larger than the corresponding pure 

contrarian profits.  

 

Table 4.5 reports the results for the late-stage contrarian strategy with 120-month 

formation periods (J = 120). The results in Table 4.5 are broadly consistent with the 

results in Table 4.4. There is a significant late-stage contrarian profits for all (J/J2, K) 

combinations, with one exception (J/J2= 120/3 with K= 3). Consider, for example, the 

J/J2 = 120/6 case with a six-month holding period (K = 6). In this case, the long 

portfolio of past long-term losers that are recent short-term winners generates an 

average return of 1.46 % per month. In contrast, the short portfolio of past long-term 

winners that are recent short-term losers earns an average return of only 0.81% per 

month. As a result, the late-stage strategy (LLRW-LWRL) earns a significant profit of 

0.65% per month (t-stat 3.02). In general, a comparison of Table 4.5 with Table 4.3 

shows that the late-stage contrarian strategy outperforms the corresponding J = 120 pure 

contrarian strategy for all holding periods. Table 4.6 contains the results for the late-

stage contrarian strategy with J = 132. Table 4.6 confirms the previous findings in Table 

4.4 and 4.5. In this case, the late-stage strategy (LLRW-LWRL) generates statistically 

significant profits for all holding periods, and each of these profits is larger than the 

corresponding J = 132 pure contrarian profits in Table 4.3.  
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Table 4. 5 Profitability of the Late-Stage Contrarian Strategy (J=120). 
This table reports the average monthly holding period returns and the annual event-time returns in 

percentages of the short, long and long-short portfolios of the late-stage contrarian strategy. Late-stage 

portfolios are derived from the 120-month formation period pure contrarian strategy (J = 120) long-term 

loser (LL) and long-term winner (LW) portfolios. The formation of the LL and LW portfolios is 

explained in Table 4.2. At the beginning of each month t, industries within the current LW and LL 

portfolios are further classified based on their J2-month return from the last J2-months of the 120-month 

formation period for J2 = 3, 6, 9 or 12. The 25% of LL industries with the largest recent J2-month returns 

define the LLRW equal-weighted portfolio (long-term losers that are recent winners) for that month. 

Similarly, the 25% of LW industries with the worst recent J2-month returns define the LWRL portfolio 

(long-term winners that are recent losers). The late-stage contrarian strategy LLRW-LWRL is held for K 

= 3, 6, 9 and 12 months. Annual event-time returns (Year 1, Year 2, Year 3, Year 4 and Year 5) are the 

average annual returns in percentages for a portfolio for the first five years following the portfolio 

formation date. The t-statistics are presented in parentheses. Holding period t-statistics are simple 

t-statistics, whereas the annual event-time t-statistics are based on the Newey-West (1987) correction for 

autocorrelation up to lag 11.  

 

   Holding Period Returns  Annual Event-Time Returns 

J J2  Portfolio K = 3 K = 6 K = 9 K = 12  Year 1 Year 2 Year 3 Year 4 Year 5 

120 3 LLRW 1.12 1.29 1.37 1.38  16.62 16.15 15.91 14.16 15.36 

   (4.19) (4.95) (5.26) (5.29)  (6.35) (6.11) (5.90) (5.23) (5.40) 

  LWRL 0.78 0.86 0.87 0.92  10.32 15.08 12.36 10.94 11.51 

   (2.61) (2.98) (3.05) (3.24)  (3.77) (5.49) (5.32) (4.52) (4.18) 

  LLRW-LWRL 0.34 0.43 0.49 0.46  6.30 1.07 3.55 3.21 3.86 

   (1.52) (2.11) (2.53) (2.40)  (2.62) (0.51) (1.82) (1.60) (1.72) 

120 6 LLRW 1.34 1.46 1.43 1.42  17.34 16.63 16.04 15.34 15.11 

   (4.90) (5.47) (5.38) (5.36)  (6.44) (6.45) (6.23) (5.66) (5.11) 

  LWRL 0.68 0.81 0.81 0.91  9.87 16.11 11.59 11.00 11.09 

   (2.21) (2.74) (2.76) (3.09)  (3.42) (5.52) (5.04) (4.05) (3.86) 

  LLRW-LWRL 0.66 0.65 0.61 0.51  7.48 0.52 4.46 4.34 4.02 

   (2.79) (3.02) (2.92) (2.48)  (2.93) (0.25) (2.32) (1.73) (1.61) 

120 9 LLRW 1.50 1.54 1.44 1.40  17.67 17.94 16.07 15.84 15.16 

   (5.45) (5.70) (5.40) (5.28)  (6.37) (6.99) (6.23) (5.65) (4.92) 

  LWRL 0.65 0.76 0.81 0.90  9.83 15.98 11.58 10.12 10.61 

   (2.08) (2.53) (2.66) (3.01)  (3.36) (5.61) (5.13) (3.73) (3.61) 

  LLRW-LWRL 0.85 0.78 0.63 0.50  7.84 1.95 4.49 5.71 4.55 

   (3.57) (3.48) (2.86) (2.35)  (3.11) (0.92) (2.40) (2.19) (1.74) 

120 12 LLRW 1.40 1.44 1.40 1.40  17.32 18.42 16.38 15.49 13.70 

   (5.15) (5.35) (5.25) (5.23)  (6.10) (7.05) (6.09) (5.53) (4.38) 

  LWRL 0.64 0.78 0.85 0.96  10.78 14.87 11.30 9.97 10.90 

   (2.07) (2.58) (2.81) (3.16)  (3.65) (5.36) (5.04) (3.60) (3.99) 

  LLRW-LWRL 0.76 0.65 0.55 0.44  6.54 3.55 5.09 5.53 2.80 

   (3.17) (2.89) (2.44) (2.01)  (2.51) (1.60) (2.46) (2.21) (1.13) 

 

Of all the six-month holding period (K= 6) profits reported in Tables 4.4, 4.5, and 4.6, 

the largest arises in Table 4.6 for the J = 132 and J2 = 6 case which earns a significant 

profit of 0.75 % per month (t-stat 3.55). In short, Tables 4.4, 4.5 and 4.6 present strong 

evidence that the late-stage contrarian strategy generates significant profits. Moreover, 

the late-stage strategy consistently outperforms the traditional pure contrarian strategy 

when applied to industry returns. 
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Table 4. 6 Profitability of the Late-Stage Contrarian Strategy (J=132). 
This table reports the average monthly holding period returns and the annual event-time returns in 

percentages of the short, long and long-short portfolios of the late-stage contrarian strategy. Late-stage 

portfolios are derived from the 132-month formation period pure contrarian strategy (J = 132) long-term 

loser (LL) and long-term winner (LW) portfolios. The formation of the LL and LW portfolios is 

explained in Table 4.2. At the beginning of each month t, industries within the current LW and LL 

portfolios are further classified based on their J2-month return from the last J2-months of the 132-month 

formation period for J2 = 3, 6, 9 or 12. The 25% of LL industries with the largest recent J2-month returns 

define the LLRW equal-weighted portfolio (long-term losers that are recent winners) for that month. 

Similarly, the 25% of LW industries with the worst recent J2-month returns define the LWRL portfolio 

(long-term winners that are recent losers). The late-stage contrarian strategy LLRW-LWRL is held for K 

= 3, 6, 9 and 12 months. Annual event-time returns (Year 1, Year 2, Year 3, Year 4 and Year 5) are the 

average annual returns in percentages for a portfolio for the first five years following the portfolio 

formation date. The t-statistics are presented in parentheses. Holding period t-statistics are simple 

t-statistics, whereas the annual event-time t-statistics are based on the Newey-West (1987) correction for 

autocorrelation up to lag 11.  

 

   Holding Period Returns  Annual Event-Time Returns 

J J2  Portfolio K = 3 K = 6 K = 9 K = 12  Year 1 Year 2 Year 3 Year 4 Year 5 

132 3 LLRW 1.38 1.42 1.42 1.38  18.03 16.34 15.84 15.35 16.63 

   (5.07) (5.25) (5.35) (5.25)  (6.68) (5.81) (5.37) (5.38) (5.35) 

  LWRL 0.90 0.94 0.88 0.88  11.41 14.05 11.92 11.95 11.49 

   (3.13) (3.43) (3.27) (3.30)  (4.42) (5.52) (5.31) (4.79) (4.03) 

  LLRW-LWRL 0.48 0.48 0.54 0.50  6.62 2.29 3.92 3.41 5.14 

   (2.25) (2.47) (2.88) (2.76)  (2.76) (1.16) (1.94) (1.68) (2.00) 

132 6 LLRW 1.57 1.65 1.54 1.45  19.13 16.71 15.87 16.17 16.32 

   (5.63) (5.98) (5.74) (5.47)  (6.83) (6.04) (5.63) (5.48) (5.08) 

  LWRL 0.89 0.90 0.84 0.86  11.16 15.11 11.90 11.62 11.56 

   (3.05) (3.15) (3.02) (3.12)  (3.98) (6.02) (5.32) (4.33) (4.14) 

  LLRW-LWRL 0.68 0.75 0.71 0.59  7.97 1.60 3.96 4.56 4.76 

   (2.90) (3.55) (3.50) (3.02)  (3.21) (0.81) (2.03) (1.73) (1.76) 

132 9 LLRW 1.66 1.64 1.48 1.38  18.57 17.91 16.10 16.40 17.14 

   (5.89) (5.86) (5.41) (5.13)  (6.51) (6.66) (5.69) (5.40) (5.04) 

  LWRL 0.93 0.93 0.90 0.91  11.82 14.70 11.70 11.04 10.46 

   (3.10) (3.20) (3.13) (3.22)  (4.18) (6.03) (5.23) (4.03) (3.97) 

  LLRW-LWRL 0.7 0.71 0.59 0.47  6.75 3.21 4.41 5.36 6.69 

   (3.14) (3.20) (2.73) (2.28)  (2.78) (1.59) (2.29) (1.87) (2.52) 

132 12 LLRW 1.60 1.52 1.43 1.36  18.24 18.84 16.30 16.49 16.03 

   (5.72) (5.49) (5.24) (5.00)  (6.21) (6.90) (5.62) (5.36) (4.65) 

  LWRL 0.88 0.95 0.90 0.92  12.18 14.31 11.74 11.04 9.99 

   (2.98) (3.24) (3.14) (3.25)  (4.22) (5.88) (5.35) (3.97) (4.12) 

  LLRW-LWRL 0.71 0.58 0.53 0.44  6.06 4.53 4.56 5.45 6.04 

   (3.03) (2.59) (2.49) (2.07)  (2.38) (2.13) (2.24) (1.98) (2.33) 

 

Having identified significant industry-level pure contrarian and late-stage contrarian 

profits for formation periods J = 108, 120, and 132 months, most of the remaining 

analyses in this chapter will focus on the J = 120 case that lies at the centre of this range 

of formation period lengths.  
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The second sorts in the late-stage strategy results reported in Tables 4.4 to 4.6, are based 

on recent short-term J2-month returns, for J2 = 3, 6, 9, and 12 months. As a robustness 

check on the relative importance of defining short-term returns over these periods, 

Table 4.7 reports the results of the late-stage contrarian strategy for the 120-month case 

with short-term returns defined over longer periods (J2= 24, 36, 48 or 60 months).  

 

Of the 16 combinations of J2 with K in Table 4.7, eleven late-stage profits are positive 

and significant, and five are insignificant (J/J2 = 120/24 with K = 6, 9 and 12, and J/J2 

= 120/36 with K = 9 and 12). In particular, all late-stage profits are positive and 

significant for J2 = 48 months and J2 = 60 months. Consider, for example, the J/J2 = 

120/60 case with a six-month holding period (K = 6). In this case, past long-term losers 

that are recent ‘short-term’ winners generate an average of 1.38% per month. In 

contrast, past long-term winners that are recent ‘short-term’ losers produce an average 

of only 0.82% per month over the same period. Consequently, the late-stage strategy 

(LLRW-LWRL) earns a significant 0.56% per month (t-stat 3.09). Overall, the 

magnitudes of the strategy profits in Table 4.7 are a little lower than the corresponding 

profits in Table 4.5. 

 

The results in Table 4.7 suggest that what constitutes ‘short-term’ for second sorts 

depends to an extent on the length of the formation period used in the first sort. In the 

context of a 120-month formation period, achieving significant profits with J2 = 60 

months means that the second half of the formation period provides useful information 

regarding which industries are good prospects to reverse their long-term performances. 

This interesting case will be included in the subsequent discussions in this chapter.  
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Table 4. 7 Profitability of the Late-Stage Contrarian Strategy (J2=24 to 60 months) 
This table reports the average monthly holding period returns and the annual event-time returns in 

percentages of the short, long and long-short portfolios of the late-stage contrarian strategy. Late-stage 

portfolios are derived from the 120-month formation period pure contrarian strategy (J = 120) long-term 

loser (LL) and long-term winner (LW) portfolios. The formation of the LL and LW portfolios is 

explained in Table 4.2. At the beginning of each month t, industries within the current LW and LL 

portfolios are further classified based on their J2-month return from the last J2-months of the 120-month 

formation period for J2 = 24, 36, 48 or 60. The 25% of LL industries with the largest recent J2-month 

returns define the LLRW equal-weighted portfolio (long-term losers that are recent winners) for that 

month. Similarly, the 25% of LW industries with the worst recent J2-month returns define the LWRL 

portfolio (long-term winners that are recent losers). The late-stage contrarian strategy LLRW-LWRL is 

held for K = 3, 6, 9 and 12 months. Annual event-time returns (Year 1, Year 2, Year 3, Year 4 and Year 

5) are the average annual returns in percentages for a portfolio for the first five years following the 

portfolio formation date. The t-statistics are presented in parentheses. Holding period t-statistics are 

simple t-statistics, whereas the annual event-time t-statistics are based on the Newey-West (1987) 

correction for autocorrelation up to lag 11.  

 

   Holding Period Returns  Annual Event Time Returns 

J J2  Portfolio K = 3 K = 6 K = 9 K = 12  Year 1 Year 2 Year 3 Year 4 Year 5 

120 24 LLRW 1.37 1.38 1.36 1.42  17.38 18.92 16.29 14.71 13.96 

   (5.18) (5.28) (5.20) (5.37)  (6.45) (6.92) (5.82) (5.20) (4.76) 

  LWRL 0.80 0.96 1.00 1.05  11.89 14.25 10.45 10.04 10.95 

   (2.61) (3.19) (3.35) (3.54)  (4.24) (5.15) (4.00) (3.69) (4.28) 

  LLRW-LWRL 0.57 0.42 0.36 0.37  5.49 4.66 5.84 4.67 3.01 

   (2.54) (1.91) (1.65) (1.76)  (2.54) (2.11) (2.31) (1.95) (1.21) 

120 36 LLRW 1.38 1.44 1.39 1.41  17.80 17.36 15.53 14.29 14.48 

   (5.23) (5.53) (5.38) (5.41)  (6.69) (5.99) (5.68) (5.20) (4.89) 

  LWRL 0.94 1.03 1.05 1.10  13.23 14.25 11.29 9.82 11.80 

   (3.31) (3.68) (3.74) (3.97)  (4.86) (5.29) (3.79) (3.92) (5.03) 

  LLRW-LWRL 0.44 0.41 0.34 0.31  4.57 3.12 4.24 4.47 2.68 

   (2.18) (2.10) (1.78) (1.65)  (2.31) (1.29) (1.52) (1.99) (1.14) 

120 48 LLRW 1.36 1.43 1.39 1.41  17.69 17.03 15.30 14.69 14.18 

   (5.14) (5.52) (5.37) (5.39)  (6.43) (6.10) (5.82) (5.20) (4.71) 

  LWRL 0.97 1.03 0.99 1.01  12.12 12.64 11.70 11.23 12.82 

   (3.38) (3.70) (3.60) (3.67)  (4.30) (4.76) (4.58) (4.57) (5.56) 

  LLRW-LWRL 0.39 0.40 0.39 0.40  5.57 4.39 3.60 3.45 1.36 

   (1.98) (2.16) (2.17) (2.27)  (3.08) (1.86) (1.63) (1.49) (0.55) 

120 60 LLRW 1.32 1.38 1.34 1.37  17.11 17.04 15.18 13.82 14.48 

   (5.06) (5.25) (5.09) (5.13)  (6.00) (6.08) (5.77) (4.97) (5.10) 

  LWRL 0.79 0.82 0.84 0.88  10.31 12.24 11.26 11.77 12.62 

   (2.83) (3.02) (3.07) (3.24)  (3.75) (4.53) (4.65) (4.59) (5.71) 

  LLRW-LWRL 0.53 0.56 0.51 0.49  6.79 4.80 3.92 2.05 1.86 

   (2.85) (3.09) (2.84) (2.78)  (3.38) (2.11) (1.91) (0.92) (0.74) 

 

4.5.3 Post-holding period returns of contrarian strategies. 

Tables 4.3 to 4.7 provide evidence of the reversal of long-term returns for 48 U.S. 

industries. Since these reversals may continue for longer than the holding periods used 

in the various contrarian strategies, it is of interest to know how long the reversals last. 

This section uses annual event-time returns to examine how long such reversal of past 

performances continues. The last five columns of Tables 4.3 to 4.7 report event-time 
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returns (the average annual returns for each portfolio for the five 12-month periods 

following the formation date), together with the associated t-statistics based on the 

Newey-West (1987) autocorrelation correction up to lag 11.  

 

For the pure contrarian strategies in Table 4.3, all five years have positive LL-LW 

returns. While most are not statistically significant at the 5% level, some of the Years 2 

and 3 are weakly significant at the 10% level and all Year 5 profits are significant at the 

5% level. Overall, the universally positive pure contrarian event-time returns suggest 

that reversal continues throughout the first five years post-formation.  

 

Tables 4.4 to 4.7 tell a similar story for the late-stage strategies. The LLRW-LWRL 

event-time returns are all positive in each of the five years in each of these four tables, 

with a number of them significant. Consider, for example, the 120/6 case in Table 4.5. 

There is a significant Year 1 return of 7.48% (t-stat 2.93) and a significant Year 3 return 

of 4.46% (t-stat 2.32). Similarly, the Years 1 to Year 5 returns are all significant for the 

132/12 case reported in Table 4.6. In short, the positive late-stage event-time returns 

indicate that the reversal of past long-term performances continues for at least the first 

five years post-formation. 

 

The post-formation behaviours of the pure and late-stage strategies’ profits are also 

illustrated in Figure 4.1. Figure 4.1 depicts the post-formation cumulative returns of the 

pure contrarian strategy (LL-LW) with J = 120, the late-stage strategy (LLRW-LWRL) 

with J/J2 = 120/6, and the late-stage strategy (LLRW-LWRL) with J/J2 = 120/60 for 

the 60 months following the end of the formation period. While the 120/60 strategy 

graph suggests a slowing in the reversal towards the end of the 60 months, neither the 
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pure contrarian nor the 120/6 late-stage strategy graphs show any signs that the reversal 

of past performances is slowing down by the end of the first 60 months post-formation.    

 

Figure 4. 1 Cumulative Returns of Strategies. 
This graph presents the cumulative returns of the pure contrarian portfolio LL-LW (with J = 120 months), 

the late-stage portfolio LLRW-LWRL (with J/J2 = 120/6 months), and the late-stage portfolio LLRW-

LWRL (with J/J2 = 120/60 months) using non-overlapping portfolios (K = 1) for the 60 months following 

the end of the formation period.  

 

 

 

4.5.4 Risk adjustments 

To determine whether the profits of these strategies could be considered a reward for 

bearing risk, the profits of the pure and late-stage contrarian strategies are risk-adjusted 

using the Fama-French three-factor model. The three-factor regression model includes 

the market factor, a small minus big factor, and a value minus growth factor:  

 

     (4.1) 

 

where the dependent variable ftRRpt  is the monthly excess return of the strategy 

portfolio p, ptR  is the monthly return of portfolio p at time t, and ftR represents the 

monthly risk-free rate at time t, represented by the one-month U.S. T-Bill return. The 
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independent variables or factors are as follows: ftRRmt   is the CRSP value-weighted 

index’s monthly excess market return for month t, while tSMB and tHML are the 

monthly Fama-French size and book-to-market factors at time t, respectively.  

  

The monthly return values for the Fama-French factors and one-month T-Bill risk-free 

rate covering the full sample period from June 1963 to December 2010 are downloaded 

from Kenneth French’s website. The three-factor model covers the period from the 

period from June 1963 to December 2010. The coefficients ppp hs  and  , are the 

regression loadings corresponding to the factors of the models, while the intercept p

(or simply alpha) represents the risk-adjusted abnormal returns of the portfolios over the 

estimation period. If alpha is statistically significantly different from zero, then this is 

evidence of abnormal profits. The t-values corresponding to the regression coefficients 

are corrected for heteroskedasticity using White’s (1980) test. 

 

Table 4.8 reports the estimated regression coefficients of the three-factor model and the 

corresponding White-corrected t-values for the long, short and long-short portfolios for 

the pure contrarian (J = 6), the late-stage contrarian (J/J2 = 120/6) and the late-stage 

contrarian (J/J2 = 120/60) strategies with six-month holding periods (K = 6) in Panels 

A, B and C, respectively. Column 2 of Table 4.8 reports the monthly alphas of the 

three-factor model, while the last column lists the adjusted R
2
.  

 

The alpha of the pure contrarian long-short LL – LW portfolio in Panel A is small 

(0.042% per month) and insignificant (t-stat 0.36). On the other hand, the corresponding 

late-stage alphas in Panel B and C are both significant. Specifically, the late-stage 

contrarian LLRW-LWRL alpha in the 120/6 case is a significant 0.416% per month 
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(t-stat 2.05), while late-stage contrarian LLRW-LWRL alpha in the 120/60 case is a 

significant 0.39716% per month (t-stat 2.2.25). Interestingly, although neither the long 

nor the short portfolios in any of the cases have significant alphas at the 5% level, the 

short sides of the two late-stage contrarian strategies (LWRL) have alphas that are 

significant at the 10% level. This gives an indication that the abnormal late-stage profits 

may be driven by the reversal of long-term winners with relatively poor recent shorter-

term returns (six-month or sixty-month).  

 

In summary, the two late-stage results in Panels B and C of Table 4.8 reveal that there is 

long-term return reversal in industry returns that cannot be explained by the Fama-

French three-factor model. It is not surprising that the pure contrarian risk-adjusted 

results are weak since the pure contrarian raw profits are considerably smaller than the 

corresponding late-stage raw profits. The insignificant pure contrarian strategy’s alpha 

is consistent with Fama and French’s (1996) finding that the three-factor model can 

explain the reversal of long-term returns of individual U.S. stocks reported by DeBondt 

and Thaler (1985). Interestingly, the late-stage contrarian approach has yet to be applied 

to individual stocks. The results in this chapter raise the possibility that the Fama-

French three-factor model may have difficulty explaining the results of such a study.   
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Table 4. 8 Risk-Adjusted Pure Contrarian and Late-Stage Contrarian Profits. 
This table presents the three-factor regression results for the monthly returns of the pure contrarian 

portfolios for J = 120 and K = 6 in Panel A, the late-stage portfolios for J/J2 = 120/6 and K = 6 in Panel 

B, and the late-stage portfolios for J/J2 = 120/60 and K = 6 in Panel C. These portfolios are described in 

Tables 4.3 and 4.5. The three-factor regression model is as follows:  

, HMLSMB)( tt ptppftmtppftpt hsRRRR    

where Rpt - Rft is the portfolio’s excess return, Rmt - Rft is the excess return on the market, SMBt is the 

Fama-French size factor, and  HMLt is the Fama-French book-to-market factor. The t-statistics presented 

in parentheses are corrected for heteroskedasticity using White’s (1980) test.  

 

 Three-Factor Model   

 α β s h Adj R
2
 

Panel A: Pure Contrarian  

 

 

   

LW -0.029 1.100 -0.040 -0.031 92.8% 
 (-0.41) (59.70) (-1.37) (-1.05)  

LL 0.013 1.040 0.313 0.395 85.5% 
 (0.14) (35.20) (6.13) (6.60)  

LL-LW 0.042 -0.060 0.353 0.426 28.3% 

 (0.36) (-1.88) (7.47) (7.19)  

Panel B: Late-Stage (120/6) 

      
LWRL -0.430 1.193 0.010 -0.119 53.4% 

 (-1.65) (27.31) (0.09) (-1.20)  
LLRW -0.014 1.065 0.340 0.359 47.3% 

 (-0.06) (27.07) (3.46) (3.77)  

LLRW-LWRL 0.416 -0.127 0.330 0.479 15.1% 
 (2.05) (-2.24) (4.17) (4.69)   

Panel C : Late-Stage (120/60) 

      
LWRL -0.461 1.119 0.084 0.050 49.9% 

 (-1.80) (27.13) (0.84) (0.52)  
LLRW -0.064 1.068 0.287 0.311 47.7% 

 (-0.25) (27.04) (2.81) (3.19)  
LLRW-LWRL 0.397 -0.050 0.203 0.261 6.0% 

 (2.25) (-1.01) (2.70) (3.45)   

 

4.5.5 Sub period analysis 

As a robustness check, the performance of the pure and late-stage strategies was divided 

in two sub-periods. This division will be examined as follows. The first sub-period 

extends from July 1963 to December 1990 and the second sub-period covers the period 

from January 1991 to December 2010. These sub-periods divide the sample into 

approximately equal halves (after accounting for the 120 months used for the initial 

120-month formation periods).  

 

Table 4.9 reports the pure contrarian and late-stage contrarian results for the first sub-

period in Panel A and for the second sub-period in Panel B. To conserve space, the 
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results presented are for the strategies with 120-month formation periods (J = 120 

months for the pure contrarian strategy, J/J2 = 120/6 months for the first late-stage 

strategy and J/J2 = 120/60 months for the second late-stage strategy).  

 

Panel A of Table 4.9 shows that the pure contrarian strategy in the first sub-period only 

provides a significant profit in one case (K = 12) of 0.37% per month (t-stat 2.06). On 

the other hand, Panel B in Table 4.9 shows that the pure contrarian strategy profits in 

the second sub-period are all insignificant at the 5% level. Nevertheless, despite the 

general lack of significance in both sub-periods, the magnitudes of both sub-period 

profits are quite similar to the corresponding pure momentum profits for the full sample 

reported in Table 4.3.    

 

Panel A of Table 4.9 also reports both late-stage contrarian strategy results for the first 

sub-period. It is clear that both late-stage contrarian strategies generate stronger profits 

than the pure strategy for all holding periods. Comparing the late-stage strategies in the 

first sub-period, the 120/6 late-stage strategy profits are significant at the 5% level for 

all K whereas the 120/60 strategy profits are at best only significant at the 10% level. 

For example, the 120/6 late-stage contrarian strategy with a six-month holding period 

(K = 6) produces a statistically significant profit of 0.69% per month (t-stat 2.56). In 

contrast, for the same period the 120/60 late-stage contrarian strategy generates a 

weakly significant profit of 0.45% per month (t-stat 1.72).  
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Table 4. 9 Profitability of the Late-Stage Contrarian Strategy in Sub-Periods. 
This table presents in Panel A the average monthly holding period returns in percentages for the first sub 

period of pure contrarian portfolios (J = 120, K = 6) for the period July 1963 to December 1990, late-

stage contrarian portfolios (J/J2 =120, K = 6) and late-stage contrarian portfolios (J/J2 = 120, K = 60) for 

the period July 1963 to December 1990, while Panel B reports the second sub period of the average 

monthly holding period returns in percentages for pure contrarian portfolios (J = 120, K = 6) for the 

period January 1991 to December 2010, late–stage contrarian portfolios (J/J2 =120, K = 6) and late-stage 

contrarian portfolios (J/J2 = 120, K = 60) for the period  January 1991 to December 2010 for the 48 U.S. 

industry. The way these portfolios are formed is described in Table 4.3 (for the pure and late-stage 

contrarian strategy). Annual event-time returns (Year 1, Year 2, Year 3, Year 4 and Year 5) are the 

average annual returns in percentages. Holding period t-statistics are simple t-statistics, whereas the 

annual event-time t-statistics are based on the Newey-West (1987) correction for autocorrelation up to lag 

11. 

 

Panel A : Sub-period 1 (July 1963 to December 1990) 

  Holding Period Returns   Annual Event-Time Returns 

J/J2 Portfolio K=3 K=6 K=9 K=12 Year 1 Year 2 Year 3 Year 4 Year 5 

Pure Contrarian           

120  LL 1.56 1.58 1.52 1.49 18.36 21.40 20.83 19.25 19.49 
  (3.89) (3.97) (3.86) (3.73) (5.06) (6.01) (5.47) (4.74) (4.44) 

 LW 1.26 1.30 1.20 1.12 14.30 16.16 15.02 14.07 15.11 

  (3.07) (3.29) (3.08) (2.86) (3.64) (4.42) (4.26) (4.58) (4.50) 

 LL-LW 0.30 0.28 0.32 0.37 4.06 5.23 5.82 5.18 4.37 

  (1.58) (1.53) (1.76) (2.06) (1.66) (2.19) (2.49) (2.70) (1.82) 

Late-Stage Contrarian (120/6)        

120/6 LLRW 1.49 1.63 1.62 1.71 21.95 21.15 20.18 19.64 18.97 
  (3.63) (3.96) (3.94) (4.15) (5.55) (5.83) (5.32) (4.36) (4.11) 

 LWRL 0.77 0.94 0.91 1.08 12.20 19.43 11.31 14.46 17.75 

  (1.62) (2.09) (2.00) (2.32) (2.82) (4.37) (3.89) (3.56) (3.56) 

 LLRW-LWRL 0.72 0.69 0.71 0.63 9.74 1.72 8.87 5.17 1.22 

  (2.40) (2.56) (2.67) (2.32) (3.13) (0.56) (3.52) (1.18) (0.26) 

Late-Stage Contrarian (120/60) 

120/60 LLRW 1.39 1.48 1.47 1.56 20.18 21.09 20.30 17.75 17.44 
  (3.49) (3.69) (3.66) (3.84) (4.89) (5.00) (4.65) (3.91) (3.98) 

 LWRL 0.99 1.03 1.03 1.15 13.74 15.67 12.48 14.54 13.00 

  (2.12) (2.26) (2.23) (2.47) (3.03) (3.74) (4.37) (3.92) (4.81) 

 LLRW-LWRL 0.40 0.45 0.44 0.41 6.44 5.42 7.82 3.21 4.45 

  (1.55) (1.72) (1.68) (1.58) (1.92) (1.49) (2.39) (1.00) (1.28) 

Panel B: Sub-period 2 (January 1991 to December 2010) 

Pure Contrarian          

120 LL 1.09 1.09 1.09 1.13 12.26 13.11 12.04 11.24 12.48 
  (3.3) (3.31) (3.33) (3.43) (3.8) (4.19) (3.72) (3.15) (3.13) 

 LW 0.81 0.80 0.78 0.80 11.03 9.76 10.27 9.91 8.75 

  (2.50) (2.43) (2.34) (2.39) (3.19) (2.74) (2.98) (2.78) (2.38) 

 LL-LW 0.28 0.29 0.32 0.33 1.23 3.35 1.77 1.33 3.74 

  (1.35) (1.44) (1.60) (1.66) (0.40) (1.29) (0.94) (0.75) (1.73) 

Late-Stage Contrarian (120/6) 

120/6 LLRW 1.17 1.29 1.24 1.15 14.05 14.09 14.30 12.86 12.95 
  (3.17) (3.63) (3.49) (3.24) (4.05) (3.87) (3.83) (3.31) (2.68) 

 LWRL 0.52 0.64 0.65 0.66 7.58 12.07 10.10 7.16 6.26 

  (1.31) (1.60) (1.64) (1.70) (1.93) (3.01) (2.63) (1.73) (1.58) 

 LLRW-LWRL 0.65 0.66 0.59 0.49 6.47 2.02 4.20 5.70 6.70 

  (1.79) (1.95) (1.81) (1.57) (1.65) (0.78) (1.71) (1.76) (1.89) 

Late-Stage Contrarian (120/60) 

120/60 LLRW 1.19 1.24 1.18 1.19 15.10 15.01 11.83 11.11 12.54 
  (3.47) (3.52) (3.29) (3.25) (3.84) (3.90) (3.49) (2.70) (2.64) 

 LWRL 0.55 0.59 0.62 0.57 6.90 8.15 8.59 9.21 12.70 

  (1.65) (1.79) (1.91) (1.79) (2.10) (2.25) (2.14) (2.27) (3.14) 

 LLRW-LWRL 0.64 0.65 0.56 0.61 8.20 6.86 3.24 1.90 -0.16 

  (2.42) (2.57) (2.22) (2.45) (3.61) (2.72) (1.32) (0.55) (-0.04) 

 



129 

 

The late-stage results for the second sub-period reported in Panel B of Table 4.9 tell the 

opposite story. In Panel B, the 120/6 profits are at best weakly significant at the 10% 

level whereas the 120/60 profits are significant at the 5% level for all holding periods. 

For example, the 120/6 late-stage contrarian strategy with a six-month holding period 

(K = 6) provides weakly significant profits of 0.66% per month (t-stat 1.95), while the 

120/60 late-stage contrarian strategy with a six-month holding period (K = 6) generates 

a significant profit of 0.65% per month (t-stat 2.57).  

 

Since it is not surprising that there is less significance observed in sub-period results 

compared to the full sample results purely because of the much smaller sample sizes 

involved in sub-periods, it is worthwhile comparing the sub-period magnitudes of the 

profits of each late-stage strategy to assess consistency through time. In the case of the 

120/6 strategy, the monthly profits range from 0.63% to 0.72% per month on average in 

Panel A and from 0.49% to 0.66% per month in Panel B. These results indicate a high 

level of consistency across the two sub-periods for this strategy. The 120/60 strategy 

profits seem to be slightly larger in the second sub-period than in the first, since its 

profits range from 0.41% to 0.45% per month on average in Panel A and from 0.56% to 

0.65% per month in Panel B. Generally, the late-stage profits are reasonably consistent 

across these two sub-periods, notwithstanding that the second sub-period includes the 

highly volatile global financial crisis years of 2008 and 2009. In short, there is evidence 

of long-term return reversal in industry returns in both sub-periods.     

 

To check whether the sub-period evidence can be explained by the Fama-French three-

factor model, regression results for the pure contrarian strategy with J = 120 and for the 

120/6 and 120/60 late-stage contrarian strategies are shown in Table 4.10 for the six-

month holding period cases (K = 6). The three-factor model is described in the previous 
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section. Panel A presents the regression results for the three strategies in the first sub-

period and Panel B provides the results for the second sub-period.  

 

The pure contrarian strategy’s LL-LW alphas for both sub-periods are tiny and 

statistically insignificant (0.09% and 0.052% per month with t-statistics of 0.53 and 

0.32, respectively). This reinforces the full-sample pure contrarian outcome that the 

pure contrarian profits can be explained by Fama-French three-factor model.   

 

For the 120/6 late-stage strategy’s risk-adjusted returns, its first sub-period alpha in 

Panel A is economically large at 0.498% per month but only weakly significant at the 

10% level (t-stat 1.94), while its alpha in the second sub-period in Panel B is similarly 

large but insignificant at 0.439% per month (t-stat 1.41). The 120/60 late-stage strategy 

follows a reverse pattern. The first sub-period alpha for the 120/60 late-stage alpha is a 

statistically insignificant but still economically large 0.334% per month, while its 

second sub-period alpha is a large but only weakly significant 0.482% per month (t-stat 

1.90). These results are consistent with the raw profit results for these sub-periods 

reported in Table 4.9. Importantly, the similarity of the alphas across sub-periods for 

both late-stage contrarian strategies means that the long-term return reversal identified 

for the full sample does is not showing signs of weakening.    
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Table 4. 10 Risk-Adjusted Pure Contrarian and Late-Stage Contrarian Profits in 

Sub-Periods. 
This table presents the three-factor regression results for the monthly returns of the first sub period of 

pure contrarian portfolios (J = 120, K = 6) for the periods December 1974 to December 1990, late-stage 

contrarian portfolios (J/J2 =120/6, K = 6) and late-stage contrarian portfolios (J/J2 =120/60, K = 6) for 

the periods July 1963 to December 1990 in Panel A. Panel B reports the results of the second sub period 

for the monthly returns of the pure contrarian portfolios (J = 120, K = 6) for the periods January 1991 to 

December 2010, late-stage contrarian portfolios (J/J2 =120/6, K = 6) and late-stage contrarian portfolios 

(J/J2 =120/60, K = 6) for the periods January 1991 to December 2010. The way these portfolios are 

formed and the regression models are described in Table 4.  

 

Panel A. Sub-period 1 (July 1963 to December 1990) 
Portfolio α β s h Adj R

2
 

Pure Contrarian     

LW 0.016 1.066 0.120 -0.181 94.2% 
 (0.16) (34.34) (2.43) (-3.86)  

LL 0.105 1.019 0.485 0.070 92.4% 

 (0.92) (34.71) (9.06) (1.22)  

LL-LW 0.090 -0.047 0.365 0.251 19.3% 

 (0.53) (-1.04) (4.37) (3.01)  

Late-Stage Contrarian (120/6)  
LWRL -0.185 1.117 0.219 -0.162 84.0% 
 (-1.04) (16.99) (2.30) (-1.50)  

LLRW 0.312 1.029 0.494 0.143 87.0% 

 (1.96) (23.71) (7.69) (2.05)  

LLRW-LWRL 0.498 -0.088 0.275 0.305 9.6% 

 (1.94) (-0.98) (2.14) (2.05)  

Late-Stage Contrarian (120/60)  
LWRL -0.118 1.128 0.270 -0.163 85.0% 
 (-0.67) (21.34) (3.22) (-1.74)  

LLRW 0.216 0.010 0.004 0.001 86.6% 

 (1.36) (22.75) (6.27) (1.55)  

LLRW-LWRL 0.334 -0.109 0.121 0.271 7.4% 

 (1.33) (-1.42) (1.06) (2.07)  

Panel B: Sub-period 2 (January 1991 to December 2010) 
Pure Contrarian 

LW -0.043 1.090 -0.093 0.015 92.6% 
 (-0.46) (43.26) (-3.37) (0.42)  

LL 0.010 0.995 0.292 0.529 82.7% 

 (0.07) (22.63) (5.20) (7.28)  

LL-LW 0.052 -0.001 0.004 0.005 36.1% 

 (0.32) (-2.06) (6.76) (6.98)  

Late-Stage Contrarian (120/6)  
LWRL -0.228 1.189 -0.189 -0.067 75.0% 
 (-1.08) (23.08) (-2.62) (-0.81)  

LLRW 0.211 0.988 0.221 0.540 67.9% 

 (1.03) (17.96) (3.15) (6.82)  

LLRW-LWRL 0.439 -0.201 0.410 0.607 19.7% 

 (1.41) (-2.42) (4.39) (4.76)  

Late-Stage Contrarian (120/60) 
LWRL -0.310 0.996 -0.050 0.218 74.1% 
 (-1.69) (19.40) (-0.65) (3.26)  

LLRW 0.172 1.009 0.189 0.494 71.1% 

 (0.90) (19.51) (2.48) (6.05)  

LLRW-LWRL 0.482 0.013 0.239 0.276 5.7% 

 (1.90) (0.21) (2.52) (3.19)  
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4.6 Conclusion  

Previous studies have reported evidence of long-term return reversal at the level of 

individual firms and at the level of international market indices. This chapter differs 

from prior research by examining the evidence for the long-term return reversal of 

industry returns. A novel feature of the contrarian strategy methodology employed in 

this chapter is the use of a broad range of formation period lengths in order to cover the 

possibility that if reversal in industry returns exists then it may need longer formation 

periods than those used in stock-level studies.  

 

The study documents strong evidence of long-term return reversal of industry returns 

using contrarian strategies with long formation period lengths (108, 120 and 130 

months) but not when using contrarian strategies with the 36-month, 48-month, and 60-

month formation periods commonly used in stock-level studies. Furthermore, the late-

stage contrarian methodology suggested by Malin and Bornholt (2013) is applied to 

industries for the first time in this study and is found to consistently produce stronger 

evidence than does the traditional pure contrarian approach. Specifically, the Fama-

French three-factor model alphas for the two late-stage contrarian strategies are 

significant whereas the pure contrarian three-factor alpha is not significant. The return 

reversal effects in U.S. industry portfolios are relatively large. For example, the 120/6 

late-stage contrarian strategy with a six-month holding period produces a significant 

risk-adjusted return of 0.42% per month on average over the full sample. Moreover, 

sub-period analysis shows that this long-term return reversal is not limited to the early 

years of the sample.    

 

These results show that it is possible to predict the future performance of industries that 

have experienced extremes in past long-term performance. Such predictability in 
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industry returns has important implications for investors, fund managers and researchers 

alike. The question stock-level investors should ask is: Are they invested in stocks in 

industries facing poor future returns or good future returns? In other words, are their 

stock investments facing industry-level headwinds or tailwinds? Investors in stocks in 

industries with strong past long-term returns but with relatively poor recent short-term 

returns may wish to reconsider their investment strategies. Fund managers who engage 

in sector rotation strategies may also need to consider the implications of the research in 

this chapter for their investment approach. 

 

There are a number of implications for academic research. Firstly, the late-stage 

contrarian approach applied to U.S. industry returns has uncovered an inter-industry 

contrarian effect that cannot be explained by the Fama-French three-factor model, even 

though stock-level contrarian strategies can be explained by the three-factor model. This 

result raises the possibility that applying the late-stage contrarian approach to individual 

stocks may also uncover stronger evidence of long-term return reversal than has been 

observed in stock-level studies. Secondly, the identification of an inter-industry 

contrarian effect in this chapter strongly suggests that the dynamics of industry returns 

are not currently well-understood and so suggests that further research into this area 

may increase our understanding of the behavior of equity markets. A number of 

questions remain to be answered. In particular, what drives the future performances of 

industries included in the contrarian strategy portfolios? Is the predictability of future 

industry returns the result of mispricing of industries or is it the result of changing 

fundamentals for the firms within the industries?  
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5. The Inter-Industry Value Effect 

 

5.1 Introduction  

The previous chapter has provided strong evidence of a contrarian effect at the industry 

level over long formation periods (108, 120 and 132 months). Chapter 4 has also shown 

that the late-stage contrarian strategy generates larger profits than does the traditional 

pure contrarian strategy. Given that the contrarian effect at the stock level is often 

considered closely related to the value effect, this chapter expands on the research of the 

previous chapter by investigating whether there is a value effect across industries.  

 

In an important paper, Asness, Moskowitz and Pedersen (2013) study value (and 

momentum) strategy returns for global stocks, equity indices, currencies, government 

bonds and commodities. They find evidence of value and momentum effects in each 

asset class. Notably absent from their study is any examination of industry returns, so 

the question of whether there is a value effect across industries was not addressed. Other 

studies have produced mixed evidence regarding the existence of an inter-industry value 

effect. Chou, Ho, and Ko (2012) state that the book-to-market effect in the U.S. equity 

market is basically an intra-industry phenomenon, whereas Chapter 4 in this thesis 

reports strong evidence of a contrarian effect across U.S. industries.
14

 Since it seems 

counter-intuitive that there could be a strong contrarian effect across U.S. industries 

without a corresponding book-to-market effect, this chapter conducts a comprehensive 

investigation using three alternative measures for determining value.  

                                                 
14

 The conflict between the result in this thesis and Chou et al.’s (2012) claim may be due to Chou et al. 

using the Fama-MacBeth regression approach without first sorting stocks into size groups. In addition to 

susceptibility to outliers and to mis-specification errors, Fama-MacBeth regression results tend to be 

driven by the numerous micro stocks in the sample unless the regressions are done separately for different 

size groups (see, for example, Fama and French, 2008). 



135 

 

 

The first value measure is the industry’s book-to market (BM) ratio: as for stocks, 

industries with high BM ratios are regarded as ‘value’ while those with low BM ratios 

are regarded as ‘growth’. Following the approach used by Asness et al. (2013) to 

determine value for currencies and bonds, the second measure (contrarian) is based on 

long-term past returns. Value industries are those with poor long-term past returns 

whereas growth industries have high long-term past returns. Unlike Asness et al. (2013), 

however, this thesis uses 120-month returns rather than 60-month returns. This study 

selects the longer time frame because chapter 4 in this thesis reports a strong industry 

contrarian effect when industries are ranked based on their 108-month, 120-month or 

132-month past returns, but no effect if industries are ranked based on their past 60-

month returns. The Chapter 4 results are consistent with the notion that extreme long-

term returns for an industry either set off or are predictive of structural changes in the 

industry (such as changes in competitiveness as the result of mergers or because of new 

entrants) that will eventually begin to reverse the industry’s fortunes and lead to return 

reversals.  

 

The third measure is designed to overcome a potentially confounding effect that arises 

from using an industry’s book-to-market ratio to determine value. BM strategies are 

essentially reversal strategies in the sense that if high (low) BM ratios generate high 

(low) subsequent returns as expected then this will usually lower (raise) their BM ratios. 

However, there are industries such as the utilities industry with consistently high BM 

ratios. For such industries, a high BM ratio does not predict high future returns and so 

these industries would not represent genuine ‘value’. The converse situation arises for 

any industries with persistently low BM ratios. This discussion suggests the possibility 

that it is the change in the BM ratio rather than the level of the ratio that may be 
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important for determining industry value. Thus, the third measure (change) is the 

percentage change in industry BM ratios over the past 108, 120, or 132 months. The 

current study selects these time frames over which to measure the percentage change 

simply because of the existing evidence of a strong contrarian effect over these same 

time frames.  

 

These three value measures are used to construct single-sort (or ‘pure’) BM, contrarian 

and change strategies. Furthermore, this thesis also employs the double-sort late-stage 

approach of Malin and Bornholt (2013) and apply it to all three value measures. The 

late-stage approach is based on the insight that not all securities are equally ready to 

reverse their long-term past performances. The approach uses recent short-term returns 

as a second sort variable to better select securities for inclusion in strategy portfolios.  

 

This study is the first to propose using the percentage change in the BM ratio as a 

variable for identifying value, and it is the first research to investigate the late-stage BM 

and the late-stage change strategies. The main finding provided in this chapter is that 

there is strong evidence of an inter-industry value effect in the U.S. equity market 

consistent across the three value measures. The late-stage BM, late-stage contrarian and 

late-stage change strategies each produce significant abnormal returns. Our second 

finding is that the late-stage approach is effective in better detecting the presence of this 

value effect. Each of the three late-stage value strategies produces stronger evidence 

than does its corresponding pure value strategy. Although each of the pure value 

strategies earns significant unadjusted profits, these profits can be explained by the 

Fama-French three-factor model.  

 



137 

 

The remainder of the chapter is organized as follows. Section 5.2 describes the data. 

Section 5.3 outlines the portfolio construction for both single-sort value strategies and 

late-stage value strategies. Section 5.4 presents the main empirical results, and finally 

Section 5.5 concludes the chapter.  

  

5.2 Data 

It is expected that the late-stage BM, contrarian and change strategies will outperform 

the corresponding pure BM, contrarian and change strategies because many industries 

that are not yet ready to reverse have been eliminated from these late-stage value 

portfolios.  

 

The study uses value-weighted monthly returns, average firm size (ME), and the value-

weighted average firm book-to-market ratio (BM) for 48 U.S. industries. For the market 

index, the study uses the monthly returns of the Centre for Research in Securities 

Prices’ (CRSP) value-weighted U.S. market index of all U.S. stocks while the one-

month Treasury bill rate reported at the beginning of each month is the risk-free rate. 

All data has been downloaded from Kenneth French’s website.
15

 His data has itself been 

compiled from the well-regarded CRSP database of all U.S. stocks listed on the NYSE, 

AMEX and NASDAQ exchanges. The sample period is from July 1963 to December 

2010. The study commences from July 1963 because the CRSP database has a less 

comprehensive coverage of U.S. stocks prior to July 1963. Following Fama and French 

(1992), a firm’s BM ratio for June of year t is the book value of equity for the last fiscal 

year end in t-1 divided by the market value of equity as of December of t-1. An 

industry’s annual BM ratio for June of year t is the value-weighted average of the BM 

                                                 
15

 (http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html) 

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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ratios of the firms in that industry. In the BM monthly portfolio sorts that follow, this 

annual industry BM ratio is used for the following 12 months.  

 

Table 5.1 reports summary statistics over the period July 1963 to December 2010 for 

the 48 U.S. industries, showing average monthly returns, standard deviations, number of 

observations, time-series averages of average firm size and value-weighted BM ratios, 

together with the full-sample beta for each industry.  

 

5.3 Portfolio Construction  

This study uses three alternative measures to determine value for each industry: the 

industry’s BM ratio, its 120-month past return, and the percentage change in its BM 

ratio over the last 108, 120 or 132 months. Using percentage change over the last 108, 

120, and 132 months allows to check the sensitivity of this new way to measure value to 

the same formation period lengths that proved effective for the contrarian strategy in the 

previous chapter. As a result this chapter examines three alternative single-sort or ‘pure’ 

value strategies: the pure BM strategy, the pure contrarian, and the pure change strategy. 

The current study also constructs late-stage versions of these strategies, and compares 

and contrasts the late-stage BM, contrarian and change strategies with the corresponding 

pure BM, contrarian and change strategies. The construction methodology for these 

strategies is presented in the next sections.  

 

5.3.1 Single-sort value strategies 

The single-sort portfolios for the three pure value strategies are constructed as follows. 

At the beginning of each month t, the 48 industries are ranked based on their past BM 

ratios (for the value strategy), on their 120-month past returns (for the contrarian 

strategy), and on the percentage changes in their BM ratios over the past J months for J  



139 

 

Table 5. 1 Descriptive Statistics. 
This table details the descriptive statistics for the 48 U.S. industries utilized in this research. The first 

column is the abbreviated name of the industry, while the second column gives the full industry name. 

‘Av. returns’ is the average monthly returns, ‘Std. Dev.’ is the standard deviation of monthly returns, ‘No. 

of Obs’ is the number of observation, ‘Av. firm size’ is the average firm size ($M), ‘Value-weighted BM’ 

is the value-weighted average firm book-to-market equity, while the full sample beta for each industry is 

estimated over the period July 1963 to December 2010.  

 

Industry Industry (Long-name) 

Av. 

returns 

(%) 

Std.            

Dev. 

(%) 

No. of 

Obs. 

 

Av. firm 

size       

($M) 

Value-

weighted 

BM Beta 

Agric Agriculture 1.04 6.50 570 653 0.59 0.87 
Food Food products 1.06 4.51 570 1415 0.53 0.69 
Soda Candy and Soda 1.17 6.65 570 1297 0.52 0.86 
Beer Beer and Liquor 1.14 5.37 570 6390 0.52 0.78 
Smoke Tobacco products  1.39 6.27 570 9207 0.52 0.67 
Toys Recreation 0.84 7.38 570 278 0.53 1.18 
Fun Entertainment 1.36 7.9 570 766 0.58 1.38 
Books Printing and Publishing 0.94 5.94 570 927 0.48 1.07 
Hshld Consumer Goods 0.91 4.81 570 1717 0.36 0.82 
Clths Apparel 1.05 6.63 570 389 0.67 1.13 
Hlth Healthcare 1.03 8.63 498 433 0.58 1.13 
MedEq Medical Equipment 1.11 5.42 570 549 0.33 0.91 
Drugs Pharmaceutical products 1.05 5.11 570 1735 0.27 0.80 
Chems Chemicals 0.94 5.57 570 1348 0.60 1.03 
Rubbr Rubber and Plastic Products 1.06 6.22 570 251 0.67 1.09 
Txtls Textiles 0.97 7.34 570 320 1.08 1.13 
BldMt Construction Materials 0.98 6.19 570 529 0.68 1.16 
Cnstr Construction 1.02 7.43 570 423 0.73 1.31 
Steel Steel Works Etc 0.82 7.42 570 675 1.12 1.29 
FabPr Fabricated Products 0.68 7.43 570 134 0.81 1.15 
Mach Machinery 0.99 6.27 570 693 0.64 1.22 
ElcEq Electrical Equipment 1.23 6.33 570 888 0.5 1.20 
Autos Automobiles and Trucks 0.87 6.88 570 1159 1.05 1.13 
Aero Aircraft 1.17 6.91 570 2799 0.73 1.14 
Ships Shipbuilding, Railroad Equipment 0.94 6.93 570 905 0.79 1.05 
Guns Defence 1.08 6.83 570 1427 0.81 0.85 
Gold Precious Metals 1.14 10.40 570 696 0.43 0.66 
Mines Non-Metallic and Ind. Metal Mining 1.20 7.20 570 782 0.69 1.11 
Coal Coal 1.53 9.89 570 910 0.79 1.16 
Oil Petroleum and Natural Gas 1.09 5.37 570 2183 0.73 0.78 
Util Utilities 0.82 4.10 570 1589 1.00 0.54 
Telcm Communication 0.83 4.73 570 2882 0.82 0.76 
PerSv Personal Services 0.71 7.08 570 343 0.52 1.12 
BusSv Business Services 1.12 6.75 570 688 0.43 1.32 
Comps Computers 1.00 7.19 570 1534 0.36 1.22 
Chips Electronic Equipment 1.00 7.60 570 829 0.50 1.42 
LabEq Measuring and Control Equipment 1.06 7.32 570 351 0.44 1.34 
Paper Business Supplies 0.95 5.68 570 1294 0.68 0.98 
Boxes Shipping Containers 0.99 5.70 570 871 0.56 0.95 
Trans Transportation 0.94 6.01 570 819 1.12 1.08 
Whlsl Wholesale 1.04 5.81 570 364 0.61 1.08 
Rtail Retail 1.03 5.58 570 1299 0.51 1.00 
Meals Restaurants, Hotels Motels 1.19 6.41 570 572 0.48 1.08 
Banks Banking 0.90 6.10 570 856 0.78 1.05 
Insur Insurance 0.98 5.80 570 1562 0.82 0.95 
RlEst Real Estate 0.64 7.74 570 217 0.93 1.20 
Fin Trading 1.14 6.27 570 916 0.79 1.24 
Other Miscellaneous  0.61 7.11 570 2187 0.66 1.18 

 

 

= 108, 120 or 132 months (for the change strategies). The high BM, long-term winner 

and high change equal-weighted portfolios (denoted HV, LW and HC, respectively) 

contain the 25% of industries with the largest values for their respective ranking 
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variables. Similarly, the low BM, long-term loser and low change portfolios (LV, LL 

and LC, respectively) contain the 25% of industries with the lowest values for their 

respective ranking variables.  

 

The zero cost pure BM strategy (HV-LV) is long the high BM portfolio and shorts the 

low BM portfolio. The zero cost pure contrarian strategy (LL-LW) buys the long-term 

loser portfolio and sells the long-term winner portfolio. The zero cost change strategy 

(HC-LC) buys the high change portfolio and sells the low change portfolio. Portfolios 

are held for K-month holding periods, where K = 3, 6, 9 and 12 months.  

 

For the pure contrarian strategy only, this study maintains a 12-month gap between the 

end of the 120-month formation period and the beginning of the K-month holding 

period consistent with previous studies such as those of Fama and French (1996), 

Figelman (2007), Grinblatt and Moskowitz (2004) and Malin and Bornholt (2013). The 

reason for using this procedure is that Fama and French (1996) find that skipping the 

first 12 months after the end of the formation period improves the performance of pure 

contrarian strategies since it avoids any long-term reversals being offset by the short-

term continuation of returns. This approach is consistent with DeBondt and Thaler’s 

(1985) finding that the first year of the holding period did not yield significant 

contrarian profits. For all other strategies in this chapter, the current study adopts the 

common practice used in momentum studies of skipping one month between the end of 

the formation period and the beginning of the holding period. While a gap of zero or 

one month makes no significant difference to the outcomes, a small gap makes 

implementation of trading strategies easier in the real world and also avoids any 

concerns about microstructure biases.  
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5.3.2 Late-stage strategies 

To be profitable, the pure contrarian strategy needs long-term losers to outperform long-

term winners in the future. That is, the strategy relies on the reversal of long-term 

performances. In their study of international equity market indices, Malin and Bornholt 

(2013) argue that not all long-term losers and winners are equally ready to reverse their 

past performances at the end of the formation period. Some may have already begun to 

reverse, others may be about to reverse while still others may not begin to reverse for 

years or may never reverse. They proposed using recent short-term performance to 

assist in identifying which long-term loser and winner indices appeared more ready to 

reverse. Their double-sorted ‘late-stage’ contrarian strategy involves buying a portfolio 

of long-term losers with relatively good recent short-term returns and selling a portfolio 

of long-term winners with relatively poor recent short-term returns. This late-stage 

contrarian strategy provided stronger evidence of long-term reversal than did the 

corresponding pure contrarian strategy when used on developed markets and emerging 

market indices (Malin and Bornholt, 2013).  

 

Chapter 4 in this thesis applies the late-stage contrarian strategy to industries and finds 

strong evidence of long-term reversals when the formation period is 108, 120, or 132 

months. Consequently, for comparison purposes this chapter includes this late-stage 

strategy with a formation period of 120 months in this study. It is important to note that 

all three of the pure value strategies are effectively reversal strategies. Looking at the 

long side of these strategies, for example, BM ratios usually become high following a 

long period of underperformance, so the subsequent outperformance needed for the BM 

strategy to be profitable constitutes a reversal of past performance. Similarly, for the 

pure change strategy, a large percentage increase in BM ratios will usually be the result 
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of poor performances in the formation period which need to be followed by relatively 

good performances if the pure change strategy is to be profitable.
16

 

 

Given that all three pure value strategies can be considered reversal strategies, then it 

seems likely that recent performance can be used with all three value measures to better 

identify those industries ready to reverse, and hence more reliably detect any value 

effect that may be present. Therefore, as well as examining the late-stage contrarian 

strategy the current study also extends Malin and Bornholt’s (2013) late-stage approach 

to the BM strategy and to the change strategy.  

 

The portfolios for the late-stage BM, late-stage contrarian, and late-stage change 

strategies are constructed as follows. Late-stage long and short BM, contrarian, and 

change portfolios are derived from the long and short portfolios of the corresponding 

pure BM (HV and LV), pure contrarian (LL and LW) and pure change (HC and LC) 

portfolios described in the previous section. Recall that for all three pure value 

strategies, their long and short portfolios each contain 25% of industries each month. To 

ease the comparison among all three late-stage value strategies, this thesis chooses J2-

month returns as the most recent six-month returns. The late-stage approach selects a 

subset of the industries in these portfolios based on these industries’ most recent J2 = 

six-month returns (with extremes months denoted ‘recent winners’ RW and ‘recent 

losers’ RL) as follows.
17

 

 

At the beginning of each month t, the late-stage BM strategy’s long portfolio (HVRW) 

is an equal-weighted portfolio of the 25% of industries in the high BM portfolio (HV) 

                                                 
16

 The reliance of these strategies on reversal is evident in our sample. Over the 10 years up to the end of 

the formation period, the long portfolios of the BM, contrarian and change strategies underperformed 

their corresponding short portfolios on average by 5.8%, 13.3%, and 8.0% per annum, respectively. 
17

 Similar results are achieved if we use recent nine-month returns or twelve-month returns instead of six-

month returns in the construction of the late-stage portfolios. These results are available from the authors. 
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with the largest recent J2 = six-month returns while its short portfolio (LVRL) is an 

equal-weighted portfolio of the 25% of industries in the low BM portfolio (LV) with the 

worst recent J2 = six-month returns. The late-stage BM strategy (HVRW-LVRL) buys 

the high BM industries with relatively large recent returns and sells the low BM 

industries with relatively poor recent returns.  

 

Similarly, the late-stage contrarian strategy’s long portfolio (LLRW) is an equal-

weighted portfolio of the 25% of industries in the long-term loser portfolio (LL) with 

the largest recent J2 = six-month returns while its short portfolio (LWRL) is an equal-

weighted portfolio of the 25% of industries in the long-term winner portfolio (LW) with 

the worst recent J2 = six-month returns. The late-stage contrarian strategy (LLRW-

LWRL) buys the long-term loser industries with large recent returns and sells the long-

term winner industries with poor recent returns.  

 

Finally, the late-stage change strategy’s long portfolio (HCRW) is an equal-weighted 

portfolio of the 25% of industries in the high change portfolio (HC) with the largest 

recent J2-month returns while its short portfolio (LCRL) is an equal-weighted portfolio 

of the 25% of industries in the low change portfolio (LC) with the worst recent J2-

month returns. The late-stage change strategy (HCRW-LCRL) buys the high percentage 

change in book-to-market industries with large recent returns and sells the low 

percentage change in book-to-market industries with poor recent returns. For this 

special strategy and to robust the results, this chapter calculates this strategy based on 

different long-formation periods ranged from J1-month returns (J1= 108, 120 and 132-

month) with most recent J2-month returns (J2 = 3, 6, 9 and 12 months).  
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These late-stage portfolios are held for K-month holding periods, where K = 3, 6, 9 and 

12 months. The current study applies Jegadeesh and Titman’s (1993) overlapping 

portfolio method for the holding period returns of all strategies to avoid overlapping 

returns and to increase test power. In addition, the annual event-time returns of 

portfolios will be used to examine post-holding period results. Annual event-time 

returns are the average 12-month returns for the first five years after the end of the 

formation period. This chapter reports associated t-statistics based on the Newey and 

West (1987) autocorrelation correction to account for the 11-month overlap in these 

returns that the monthly revisions of the portfolios creates.
18

  

 

To investigate the third key research question outlined in Section 1.2 and to test for the 

existence of a value effect and whether the late-stage value strategies outperform the 

corresponding pure value strategy, the following hypotheses are tested:  

 

   H3a:   LL portfolios outperform LW portfolios over their holding periods.  

   H3b:   HV portfolios outperform LV portfolios over their holding periods.  

   H3c:   HC portfolios outperform LC portfolios over their holding periods.  

   H3d:   LLRW portfolios outperform LWRL portfolios over their holding periods. 

   H3e:   HVRW portfolios outperform LVRL portfolios over their holding periods. 

   H3f:   HCRW portfolios outperform LCRL portfolios over their holding periods. 

                                                 
18

 As was the case for the pure strategies, to be profitable these late-stage strategies will need to reverse to 

some extent their earlier long-term performances. Over the 10 years up to the end of the formation period, 

the long portfolios of the late-stage BM, contrarian and change strategies underperformed their 

corresponding short portfolios on average by 3.3%, 12.9%, and 6.1% per annum, respectively. 
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5.4 Results 

In this section, the current study analyses the results of the various pure and late-stage 

value strategies. The section includes a discussion of raw and risk-adjusted results, as 

well as the results of a sub-period analysis.  

 

5.4.1 Single-sort results 

Table 5.2 reports the average monthly holding period returns for the long, short and 

long-short portfolios of the pure BM strategy (Panel A), the pure contrarian strategy 

(Panel B) and the pure change strategy (Panel C) when applied to the sample of 48 U.S. 

industries. Columns 3 through 6 list the equal-weighted average monthly returns in 

percentages for the K-month holding periods (K = 3, 6, 9 and 12 months) while columns 

7 through 11 report annual event-time returns (Years 1, 2, 3, 4, and 5).  

 

The results in Table 5.2 indicate significant profits for all three pure value strategies. In 

Panels A and B, strategy profits for the pure BM and contrarian strategies are significant 

and very similar for all holding periods. For example, the pure BM strategy earns a 

significant 0.28% per month (t-stat 2.31) and the pure contrarian strategy earns 0.28% 

per month (t-stat 2.01) with six-month holding periods (K=6).  

 

  



146 

 

Table 5. 2 Profitability of the Pure Value Strategies. 
This table reports the average monthly holding period returns and the annual event-time returns in 

percentages of the long, short, and long-short portfolios for the pure BM strategy (Panel A), the pure 

contrarian strategy (Panel B), and the pure change strategy (Panel C) applied to 48 U.S. industries. 

Portfolios are constructed as follows: At the beginning of each month t, the 48 industries are ranked based 

on their BM ratios (for the BM strategy), their past 120-month returns (for the contrarian strategy), and 

the percentage changes in their BM ratios over the past J months for J =108, 120 and 132 months (for the 

change strategy). The high BM, long-term winner and high change equal-weighted portfolios (HV, LW 

and HC, respectively) contain the 25% of industries with the largest values for their respective ranking 

variables, while the low BM, long-term loser and low change portfolio (LV, LL and LC, respectively) 

contain the 25% of industries with the lowest values for their respective ranking variables. The pure BM 

strategy (HV-LV), pure contrarian strategy (LL-LW) and pure change strategy (HC-LC) portfolios are 

held for K = 3, 6, 9 or 12 months. Annual event-time returns (Year 1, Year 2, Year 3, Year 4 and Year 5) 

are the average annual returns in percentages for the first five years following the portfolio formation 

date. Holding period t-statistics are simple t-statistics, while annual event-time t-statistics are based on the 

Newey-West (1987) correction for autocorrelation up to lag 11.  

 

Panel A: Pure BM 

  Holding Period Returns  
 

Annual Event-Time Returns  

J Portfolio K=3 K=6 K=9 K=12 
 

Year 1 Year 2 Year 3 Year 4 Year 5 

 HV 1.16 1.17 1.16 1.15 

 
14.64 14.16 13.31 13.70 13.06 

  (5.32) (5.35) (5.29) (5.24) 

 
(6.83) (6.52) (5.83) (5.86) (5.42) 

 LV 0.91 0.90 0.91 0.91 

 
11.76 11.62 11.23 10.83 10.71 

  (4.22) (4.15) (4.2) (4.21) 

 
(5.19) (5.22) (5.02) (4.85) (4.89) 

 HV-LV 0.25 0.28 0.25 0.24 

 
2.89 2.54 2.08 2.88 2.35 

  (2.04) (2.31) (2.15) (2.05) 

 
(1.95) (1.86) (1.57) (2.18) (1.71) 

Panel B: Pure Contrarian  

120 LL 1.33 1.34 1.31 1.29 
 

15.08 16.53 15.60 14.55 15.19 

  (5.21) (5.31) (5.23) (5.15) 
 

(6.06) (6.8) (6.29) (5.66) (5.65) 

 LW 1.05 1.07 1.01 0.97 
 

12.54 13.02 12.96 12.16 11.64 

  (4.08) (4.23) (4.05) (3.89) 
 

(4.79) (5.07) (5.4) (5.37) (4.95) 

 LL-LW 0.29 0.28 0.29 0.31 
 

2.55 3.51 2.65 2.39 3.55 

  (2.05) (2.01) (2.18) (2.37) 
 

(1.25) (1.86) (1.68) (1.74) (2.41) 

Panel C: Pure Change  

108 HC 1.15 1.17 1.18 1.22 
 

14.73 15.66 14.71 14.49 15.71 

  (4.99) (5.06) (5.13) (5.26) 
 

(6.39) (6.8) (6.22) (6.01) (6.22) 

 LC 0.89 0.90 0.94 0.99 
 

11.69 12.12 12.19 11.09 11.77 

  (3.38) (3.4) (3.56) (3.75) 
 

(4.42) (4.83) (5.02) (4.7) (5.15) 

 HC-LH 0.26 0.27 0.24 0.23 
 

3.04 3.54 2.52 3.40 3.94 

  (1.91) (1.99) (1.89) (1.87) 
 

(1.78) (2.28) (1.82) (2.37) (2.85) 

120 HC 1.24 1.28 1.27 1.31 
 

15.73 15.49 13.81 14.92 15.83 

  (5.26) (5.54) (5.49) (5.65) 
 

(6.94) (6.72) (5.79) (6.11) (6.22) 

 LC 0.94 0.96 0.95 0.97 
 

11.70 12.24 11.86 11.76 12.31 

  (3.62) (3.72) (3.68) (3.75) 
 

(4.58) (4.94) (5) (5.18) (5.11) 

 HC-LC 0.29 0.33 0.32 0.33 
 

4.03 3.24 1.95 3.16 3.52 

  (2.26) (2.59) (2.68) (2.86) 
 

(2.61) (2.05) (1.5) (2.41) (2.42) 

132 HC 1.33 1.31 1.22 1.19 
 

15.55 14.47 14.79 15.60 15.27 

  (5.75) (5.63) (5.34) (5.18) 
 

(6.54) (6.01) (6.09) (6.56) (6.23) 

 LC 1.01 1.00 0.95 0.93 
 

12.32 11.87 11.97 11.63 12.08 

  (3.96) (3.97) (3.81) (3.7) 
 

(5.11) (4.97) (5.13) (4.75) (4.77) 

 HC-LC 0.32 0.30 0.27 0.26 
 

3.23 2.60 2.82 3.97 3.19 

  (2.55) (2.57) (2.39) (2.36) 
 

(1.76) (1.64) (2.36) (2.88) (2.25) 

 

 

Panel C of Table 5.2 shows clearly that the pure change strategy generates significant 

profits for all K holding periods when the percentage change in the BM ratio is 
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measured over either 120 months or 132 months.
19

 For example, when the percentage 

change in the BM ratio is calculated over the past 120 months, the high change portfolio 

(HC) generates an average return of 1.28% per month whereas the low change portfolio 

(LC) produces an average return of only 0.96% per month with a six-month holding 

period. The difference of 0.33% per month between HC and LC is statistically 

significant (t-stat 2.59), and is marginally larger than the corresponding pure BM and 

contrarian profits of 0.28% per month.  In contrast, measuring the percentage change in 

BM ratios over 108 months produces less consistent results, with only the six-month 

holding period producing significant profits (0.27% per month, t-stat 1.99).  

 

Overall, the results in Table 5.2 suggest that the three alternative measures of value 

produce similar levels of profitability in single-sort strategies. The next section 

considers the results for the late-stage strategies. For the remainder of this chapter, both 

the pure change strategy and the late-stage change strategy will be based on measuring 

the percentage change in BM ratios over the past 120 months. 

 

5.4.2 Late-stage strategies’ results 

Chapter 4 in this thesis reports that the late-stage contrarian approach provides stronger 

evidence of an industry contrarian effect than does the corresponding pure contrarian 

effect. In this section, this chapter reports the results from extending the late-stage 

approach to value strategies in general. According to the late-stage approach, the late-

stage BM, late-stage contrarian and late-stage change strategies are all expected to be 

more profitable than the corresponding pure strategies because many industries that are 

showing no signs of being ready to reverse have been excluded from the late-stage long 

and short portfolios. Table 5.3 presents the results for the late-stage BM strategy (Panel 

                                                 
19

 For completeness, Tables 5A.1 and 5A.2 in Appendix A to this chapter provide the pure change 

strategy results for formation periods from J = 36 to 132 months. 



148 

 

A), the late-stage contrarian strategy (Panel B), and the late-stage change strategy based 

on a 120-month formation period (Panel C).  

 

Table 5.3 reveals that the average monthly returns of the three late-stage value strategies 

(HVRW-LVRL, LLRW-LWRL and HCRW-LCRL) are positive and statistically 

significant for all formation and holding periods. With a six-month holding period, for 

example, the late-stage BM strategy generates a return of 0.71% per month (t-stat 3.49), 

the late-stage contrarian produces a return of 0.65% (t-stat 3.02), and the late-stage 

change strategy yields 0.75% per month (t-stat 3.21). These three results are more than 

twice the corresponding six-month holding period profits produced by the three pure 

value strategies (HV-LV, LL-LW and HC-LC, respectively) that are reported in Table 

5.2.
20

 

 

In general, comparing the results in Table 5.3 with those in Table 5.2 reveals that the 

late-stage BM, contrarian and change strategy profits are always larger than the profits 

of the corresponding single-sort or pure value strategies. Clearly, the late-stage 

approach of taking into account recent short-term performance has succeeded in better 

identifying industries that are ready to reverse.   

 

  

                                                 
20

 Tables 5A.3 to 5A.6 in Appendix A to this chapter provide a larger range of late-stage change strategy 

results, with formation periods from J = 96 to 132 months and second-sort variable J2 from 3 to 12 

months . 
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Table 5. 3 Profitability of the Late-Stage Value Strategies. 
This table reports the average monthly holding period returns and the annual event-time returns in 

percentages of the long, short, and long-short portfolios for the late-stage BM strategy (Panel A), the late-

stage contrarian strategy (Panel B), and the late-stage change strategy (Panel C) applied to U.S. industries. 

Late-stage portfolios are derived from the corresponding BM, contrarian and change (with J = 120) 

portfolios described in Table 5.2. At the beginning of each month t, industries within the current HV, LL 

and HC portfolios and the current LV, LW and LC portfolios are further classified based on their most 

recent J2 = six-month returns. The 25% of industries in the HV, LL and HC portfolios with the largest 

recent J2 = six-month returns comprise the HVRW, LLRW and HCRW equal-weighted portfolios, 

respectively. Similarly, the 25% of industries in the LV, LW and LC portfolios with the worst J2 = six-

month returns comprise the LVRL, LWRL and LCRL portfolios, respectively. These late-stage portfolios 

are held for K = 3, 6, 9 and 12 months. Annual event-time returns (Year1, Year 2, Year 3, Year 4 and 

Year 5) are the average annual returns in percentages for the first five years following the portfolio 

formation date. The t-statistics are presented in parentheses. Holding period t-statistics are simple t-

statistics, while annual event-time t-statistics are based on the Newey-West (1987) correction for 

autocorrelation up to lag 11.  

 

Panel A: Late-Stage BM   

   Holding Period Returns  Annual Event Time Returns 

J J2  Portfolio K = 3 K = 6 K = 9 K = 12  Year1 Year2 Year3 Year4 Year5 

 6 HVRW 1.34 1.36 1.34 1.34  17.08 13.78 14.81 14.18 14.16 

   (5.43) (5.60) (5.62) (5.65)  (7.24) (5.78) (5.78) (5.72) (4.97) 

  LVRL 0.68 0.65 0.66 0.74  8.72 13.71 10.83 10.10 11.64 

   (2.55) (2.51) (2.57) (2.95)  (3.43) (5.64) (4.29) (4.00) (4.90) 

  HVRW-LVRL 0.66 0.71 0.68 0.59  8.36 0.08 3.98 4.08 2.52 

   (2.95) (3.49) (3.56) (3.24)  (4.25) (0.04) (2.22) (1.91) (1.20) 

Panel B: Late-Stage Contrarian 

120 6 LLRW 1.34 1.46 1.43 1.42  17.34 16.63 16.04 15.34 15.11 

   (4.90) (5.47) (5.38) (5.36)  (6.44) (6.45) (6.23) (5.66) (5.11) 

  LWRL 0.68 0.81 0.81 0.91  9.87 16.11 11.59 11.00 11.09 

   (2.21) (2.74) (2.76) (3.09)  (3.42) (5.52) (5.04) (4.05) (3.86) 

  LLRW-LWRL 0.66 0.65 0.61 0.51  7.48 0.52 4.46 4.34 4.02 

   (2.79) (3.02) (2.92) (2.48)  (2.93) (0.25) (2.32) (1.73) (1.61) 

Panel C: Late-Stage Change 

120 6 HCRW 1.46 1.53 1.47 1.49  18.37 16.56 13.44 16.26 17.37 

   (5.61) (5.99) (5.89) (6.03)  (7.21) (6.63) (5.2) (6.21) (6.06) 

  LCRL 0.88 0.78 0.77 0.87  9.71 15.42 11.56 12.05 13.09 

   (2.85) (2.64) (2.63) (3)  (3.45) (5.42) (5.14) (4.9) (4.75) 

  HCRW-LCRL 0.58 0.75 0.71 0.62  8.66 1.14 1.89 4.22 4.28 

   (2.22) (3.21) (3.28) (3.01)  (3.8) (0.55) (1.13) (1.65) (1.5) 

 

 

5.4.3 Post-holding period returns. 

As noted earlier, in the study sample the long portfolios of the three value strategies 

underperformed the corresponding short portfolios over the 120 months leading up to 

the end of the formation period. Thus the evidence in Tables 5.2 and 5.3 of significant 

profits for the value strategies in the subsequent holding periods indicates that some 

degree of reversal of past long-term performances has begun. In this section, this study 

uses annual event-time returns to examine how long such reversal of past performances 



150 

 

continues. In the last five columns of Tables 5.2 and 5.3  reports event-time returns (the 

average annual returns for each portfolio for the first five 12-month periods following 

the formation date), together with associated t-statistics that incorporate the Newey-

West (1987) autocorrelation correction for overlapping returns.  

 

Consider first the event-time returns for the zero-cost pure value portfolios (HV-LV, 

LL-LW, and HC-LC) in Table 5.2. While most of these event-time returns are not 

significant at the 5% level, they are all positive and only four are not significant at the 

10% level. This suggests that reversal continues throughout the first five years post-

formation. Moreover, the significance that is achieved is not just in Year 1. The pure 

BM strategy produces a statistically significant HV-LV return of 2.88% (t-stat 2.18) in 

the fourth year, the pure contrarian yields a significant LL-LW return of 3.55% (t-stat 

2.41) in Year 5, while the pure change strategy provides at least three significant 

HC-LC returns for each of the formation period lengths.  

 

The late-stage event-time returns in Table 5.3 tell a similar story. The HVRW-LVRL, 

LLRW-LWRL, and HCRW-LCRL event-time returns are all positive for the first five 

post-formation years. Comparing these results with the corresponding results in Table 

5.2 shows that the late-stage approach has much larger Year 1 returns and smaller Year 

2 returns. This suggests that the way that the late-stage approach achieves larger holding 

period profitability is by avoiding industries that would have not have reversed strongly 

until Year 2. 

 

The post-formation behaviour of the pure and late-stage strategies’ profits is also 

illustrated in Figure 1. Figure 1 depicts the post-formation cumulative returns of the 

pure BM strategy (HV-LV), the pure contrarian strategy (LL-LW), pure change strategy 
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(HC-LC, with J = 120), the late-stage BM strategy (HVRW-LVRL), the late-stage 

contrarian strategy (LLRW-LWRL), and the late-stage change strategy (HCRW-LCRL) 

using non-overlapping portfolios (K = 1) for the 60 months following the end of the 

formation period. For all six strategies depicted, it is evident that the reversals of long-

term past performances show no signs of slowing down by the end of the first 60 post-

formation months. 

 

Figure 5. 1 Cumulative Returns of Strategies.    
This graph presents the cumulative returns of the pure BM strategy (HV-LV), the pure change strategy 

(HC-LC), the pure contrarian strategy (LL-LW), the late-stage BM strategy (HVRW-LVRL), the late-

stage change strategy (HCRW-LCRL), and the late-stage contrarian strategy (LLRW-LWRL) for the 60 

months following the end of the formation period.  

 

 
 

5.4.4 Risk adjustments 

To investigate whether the profits of these strategies should be considered a reward for 

bearing risk, the profits of the pure and late-stage value strategies are risk adjusted using 

the Fama-French three-factor model. The three-factor model includes a market factor, a 

small minus big and a value minus growth factors as follows:  

                     pttptpmtpppt HMLhSMBsRRRR   )( ftft ,                   (5.1) 

where the dependent variable ftpt RR  is the monthly excess return of the strategy 
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portfolio p, ptR  is the monthly return of portfolio p at time t, and ftR
 
denotes the 

monthly risk-free rate, represented by the one-month U.S. T-Bill return at time t. For the 

independent variables, ftmt RR   denotes the CRSP value-weighted index’s monthly 

excess return for month t, while tSMB and tHML are the monthly Fama-French size and 

book-to-market factors at time t, respectively.  

 

The monthly returns for the Fama-French factors and the one-month T-Bill rate 

covering the full sample period from June 1963 to December 2010 are downloaded 

from Kenneth French’s website. The coefficients ppp hs  and , are the regression 

loadings corresponding to the factors of the model, while the intercept p (or simply 

alpha) represents the risk-adjusted abnormal returns of the portfolios over the estimation 

period. An alpha that is significantly different from zero is evidence of abnormal profits. 

Regression coefficient t-values are corrected for heteroskedasticity using White’s 

(1980) test. 

 

Table 5.4 presents the estimated regression coefficients and the associated t-values for 

the long, short and long-short portfolios for the six value strategies with six-month 

holding periods (K = 6). The alphas of the three pure value zero-cost portfolios (HV-

LV, LL-LW and HC-LC, respectively) in Panel A are small (0.105%, 0.042% and 

0.193% per month) and insignificant (t-stat 1.34, 0.36 and 1.76, respectively). In 

contrast, the corresponding late-stage alphas in Panel B are all large and statistically 

significant. Specifically, the late-stage BM strategy’s HVRW-LVRL alpha of 0.456% 

per month is significant at the 5% level (t-stat 2.33), the late-stage contrarian strategy’s 

LLRW-LWRL alpha of 0.416% per month is also significant (t-stat 2.05), as is the late-

stage change strategy’s HCRW-LCRL alpha of 0.707% per month (t-stat 3.08). Another 
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interesting feature of the late-stage change strategy results is that the long and the short 

sides of this strategy also produce significant abnormal returns. That is, the HCRW 

alpha of 0.403% (t-stat 2.89) and the LCRL alpha of -0.304% (t-stat -2.00) are both 

significantly different from zero. 

 

Clearly the results in Panel B show that there is an inter-industry value effect that 

cannot be explained by the Fama-French three-factor model. The obvious explanation 

for why the pure value strategies’ alphas are all insignificant is that the pure strategies’ 

profits have been weakened by including in their long and short portfolios a number of 

industries whose long-term performances do not appear ready to begin reversing. 

Indeed, the three pure value strategies’ unadjusted profits for the K = 6 case reported in 

Table 5.2 do not exceed 0.33% per month, whereas the three late-stage strategies’ 

unadjusted profits reported in Table 5.3 for this case are all much larger, ranging from 

0.65% to 0.75% per month.   
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Table 5. 4 Risk-adjusted strategy profits. 
This table presents the three-factor regression results for the monthly returns of the pure value, pure 

contrarian and pure change portfolios in Panel A. The late-stage value, the late-stage contrarian and the 

late-stage change results are reported in Panel B. These portfolios are described in Tables 5.2 and 5.3. The 

three-factor regression model is as follows: 
 

 Rpt – Rft = αp + βp(Rm – Rft) + spSMBt + hpHMLt + εpt 
 

where Rpt – Rft  
is the portfolio’s excess return, Rmt - Rft

  
is the excess return on the market, and SMBt and 

HMLt  
are the Fama-French size and book-to-market factors. The t-statistics presented in parentheses are 

corrected for heteroskedasticity using White’s (1980) test.  

 

Panel A: Pure BM,  Contrarian and Change Strategies 

 Three-Factor Model  

 
α β s h Adj R2 

Pure BM 
HV 0.072 0.999 0.109 -0.213 91.0% 

 
(1.07) (54.00) (3.18) (-6.12) 

 LV -0.034 1.089 0.258 0.542 91.6% 

 
(-0.54) (51.37) (6.44) (13.50) 

 HV-LV 0.105 0.090 0.149 0.755 54.5% 

 
(1.34) (3.45) (4.71) (18.71) 

 Pure Contrarian  
LL 0.013 1.040 0.313 0.395 85.5% 

 
(0.14) (35.20) (6.13) (6.60) 

 LW -0.029 1.100 -0.040 -0.031 92.8% 

 
(-0.41) (59.70) (-1.37) (-1.05) 

 LL-LW 0.042 -0.060 0.353 0.426 28.3% 

 

(0.36) (-1.88) (7.47) (7.19) 

 Pure Change  
HC 0.121 0.973 0.226 0.34 86.9% 

 
(1.44) (44.72) (5.33) (6.94) 

 LC -0.072 1.09 0.089 -0.04 86.9% 

 
(-1.01) (54.77) (2.82) (-1.31) 

 HC-LC 0.193 -0.117 0.137 0.38 27.6% 

 

(1.76) (-3.88) (3.77) (7.14)   

Panel B: Late-Stage BM, Contrarian and Change Strategies. 

Late-stage BM  
HVRW 0.178 1.105 0.241 0.498 77.3% 

 

(1.55) (32.88) (5.13) (8.50) 

 LVRL -0.277 1.079 0.163 -0.073 71.5% 

 
(-1.91) (26.48) (2.29) (-1.00) 

 HVRW-LVRL 0.456 0.026 0.078 0.570 10.9% 

 
(2.33) (0.46) (0.92) (5.73) 

 Late-stage Contrarian  
LLRW -0.014 1.065 0.340 0.359 47.3% 

 

(-0.06) (27.07) (3.46) (3.77) 

 LWRL -0.430 1.193 0.010 -0.119 53.4% 

 
(-1.65) (27.31) (0.09) (-1.20) 

 LLRW-LWRL 0.416 -0.127 0.330 0.479 15.1% 

  (2.05) (-2.24) (4.17) (4.69) 
 Late-stage Change  

HCRW 0.403 0.95 0.24 0.257 70.4% 

 
(2.89) (22.59) (4.73) (3.43) 

 LCRL -0.304 1.143 0.033 0.061 74.4% 

 
(-2.00) (26.7) (0.48) (0.88) 

 HCRW-LCRL 0.707 -0.193 0.207 0.196 5.6% 

  (3.08) (-2.72) (2.34) (1.63)   
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5.4.5 Subperiod analysis 

As a robustness check, this study investigates the performances of the pure change and 

late-stage change strategies over two sub-periods. The first sub-period extends from 

July 1963 to December 1990 and the second sub-period covers the period from January 

1991 to December 2010. These sub-periods divide the sample into approximately equal 

halves (after accounting for the 120 months used for the initial 120-month formation 

periods).  

 

Table 5.5 details the sub-period profitability of the pure change strategy in Panel A and 

of the late-stage change strategy in Panel B. Panel A of Table 5.5 shows that the pure 

change strategy in the first sub-period earns significant profits in all holding periods. 

For example, with a six-month holding period (K = 6) the pure change strategy 

generates a first sub-period profit of 0.49% per month (t-stat 2.97). In the second sub-

period, however, the pure change strategy did not produce significant profits for any K 

holding periods, although some evidence of profitability can be seen in the significant 

HC-HL event-time returns for Years 4 and 5 of 3.47% (t-stat 2.30) and 6.44% (t-stat 

3.33), respectively. 

 

The results in Panel B of Table 5.5 for the first sub-period show large and significant 

profits for the late-stage change strategy for all holding periods. For example, the late-

stage change strategy with a six-month holding period (K = 6) earns a significant profit 

of 0.88% per month (t-stat 3.20). For the second sub-period, the late-stage change 

strategy with a six-month holding period (K = 6) provides a profit of 0.68% per month 

(t-stat 1.85). Although the second sub-period late-stage change results are only weakly 

significant for the K = 6, 9 and 12 cases, the magnitudes of these unadjusted results are 
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still economically large, ranging from 0.55% per month to 0.68% per month. Therefore, 

we next examine the effect of risk adjusting the sub-period returns of the pure and late-

stage change strategies using the Fama-French three-factor model described in the prior 

section.     

 

Table 5. 5 Profitability of the Change Strategies in Sub-periods. 
This table presents in Panel A the average monthly holding period returns in percentages for the first and 

second sub-periods for the pure change portfolios (J = 120). Panel B contains the average monthly 

holding period returns in percentages for the late-stage change portfolios (J =120) for the first and second 

sub-periods. The first sub-period is from July 1963 to December 1990, while the second sub-period is 

from January 1991 to December 2010. The way these portfolios are formed is described in Tables 5.2 and 

5.3. Annual event-time returns (Year 1, Year 2, Year 3, Year 4 and Year 5) are the average annual returns 

in percentages for the first five years following the portfolio formation date. Holding period t-statistics are 

simple t-statistics, whereas the annual event-time t-statistics are based on the Newey-West (1987) 

correction for autocorrelation up to lag 11. 

 

Panel A : Pure Change   

Pure Change Sub-period 1: July 1963 to December 1990     

   Holding Period Returns  Annual Event Time Returns 

J J2  Portfolio K = 3 K = 6 K = 9 K = 12  Year 1 Year2 Year 3 Year 4 Year5 

120  HC 1.33 1.46 1.45 1.52  18.78 19.77 17.87 18.06 18.38 

   (3.53) (3.93) (3.89) (4.07)  (5.15) (5.66) (4.98) (4.59) (4.33) 

  LC 0.92 0.97 0.98 1.05  12.16 14.08 14.05 14.51 17.14 

   (2.22) (2.36) (2.35) (2.50)  (3.14) (4.06) (4.24) (4.51) (4.99) 

  HC-LC 0.42 0.49 0.47 0.47  6.62 5.69 3.82 3.55 1.23 

   (2.44) (2.97) (2.99) (3.00)  (3.83) (2.75) (1.61) (1.37) (0.46) 

Pure Change Sub-period 2: January 1991 to December 2010 

120  HC 1.09 1.09 1.09 1.09  13.05 12.09 10.55 12.96 14.46 

   (3.71) (3.68) (3.65) (3.69)  (4.65) (3.89) (3.05) (3.5) (3.57) 

  LC 0.89 0.89 0.85 0.79  10.73 9.84 9.72 9.49 8.02 

   (2.7) (2.68) (2.54) (2.38)  (3.08) (2.68) (2.62) (2.57) (2.05) 

  HC-LC 0.20 0.20 0.24 0.30  2.32 2.25 0.83 3.47 6.44 

   (1.04) (1.04) (1.35 (1.74)  (0.98) (0.97) (0.59) (2.30) (3.33) 

Panel B: Late-Stage Change  

Late-Stage Change sub-period 1: July 1963 to December 1990 

120 6 HCRW 1.49 1.63 1.62 1.69  21.69 20.13 17.59 17.73 18.74 

   (3.69) (4.05) (4.04) (4.27)  (5.11) (5.27) (4.76) (3.93) (3.99) 

  LCRL 0.86 0.74 0.70 0.88  10.14 18.22 11.47 15.22 19.63 

   (1.92) (1.75) (1.62) (2.00)  (2.58) (4.17) (3.67) (3.81) (4.00) 

  HCRW-LCRL  0.63 0.88 0.93 0.82  11.55 1.90 6.12 2.51 -0.89 

   (2.20) (3.20) (3.45) (3.16)  (4.31) (0.66) (2.54) (0.51) (-0.17) 

Late-Stage Change sub-period 2: January 1991 to December 2010 

120 6 HCRW 1.37 1.40 1.33 1.29  15.96 13.96 10.67 16.85 16.63 

   (4.04) (4.26) (4.13) (4.05)  (5.36) (4.1) (2.71) (4.48) (3.51) 

  LCRL 0.79 0.72 0.73 0.73  8.90 12.56 11.64 9.55 8.29 

   (1.86) (1.75) (1.79) (1.85)  (2.17) (3.35) (3.19) (2.69) (2.29) 

  HCRW-LCRL  0.58 0.68 0.60 0.55  7.06 1.40 -0.98 7.31 8.34 

   (1.38) (1.85) (1.79) (1.71)  (2.01) (0.50) (-0.43) (2.44) (2.11) 
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Table 5.6 reports the sub-period estimated regression coefficients and the associated 

t-values of the three-factor model for the long, short and long-short portfolios of the 

pure and late-stage change strategies with six-month holding periods (K = 6). In Panel 

A, the pure change strategy’s alpha for the first sub-period is a statistically significant 

0.30% per month (t-stat 2.08), while its alpha for the second sub-period is an 

insignificant 0.11% per month (t-stat 0.67). In Panel B, the late-stage change strategy’s 

alphas for both sub-periods are large and statistically significant. Specifically, the late-

stage change alpha for the first sub-period is 0.73% per month (t-stat 2.60), and its alpha 

for the second-sub-period is 0.74% per month (t-stat 2.12).    

 

In short, the late-stage change strategy produces strong risk-adjusted profits in both sub-

periods. Overall, the sub-period results in Tables 5.5 and 5.6 confirm the presence of an 

inter-industry value effect among U.S. industries.            
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Table 5. 6 Risk-Adjusted Change Strategies' Returns in Sub-periods. 
This table presents the Fama-French three-factor regression results for the monthly returns for the first 

and second sub-periods of the pure change portfolios with K = 6 in Panel A and of the late-stage change 

portfolios with K = 6 in Panel B. The first sub-period is from July 1963 to December 1990 while the 

second sub-period is from January 1991 to December 2010. These portfolios are described in Tables 5.2 

and 5.3. The three-factor regression model is as follows: 
 

 Rpt – Rft = αp + βp(Rm – Rft) + spSMBt + hpHMLt + εpt 
 

where Rpt – Rft  
is the portfolio’s excess return, Rmt - Rft

  
is the excess return on the market, and SMBt and 

HMLt  
are the Fama-French size and book-to-market factors. The t-statistics presented in parentheses are 

corrected for heteroskedasticity using White’s (1980) test. 

 

Panel A:  Pure Change  

Pure Change Sub-period 1: July 1963 to December 1990 

 Three-Factor Model  

Portfolio α β s h Adj R2 

HC 0.178 1.001 0.344 0.189 93.10% 

 
(1.75) (34.26) (7.67) (3.3) 

 LC -0.123 1.044 0.28 -0.23 95.40% 

 
(-1.39) (40.75) (6.88) (-6.93) 

 HC-LC 0.300 -0.043 0.065 0.419 27.80% 

  (2.08) (-1.06) (1.02) (6.16)   

Pure Change Sub-period 2: January 1991 to December 2010 

HC 0.109 0.901 0.202 0.405 81.50% 

 
(0.85) (27.11) (3.96) (6.65) 

 LC -0.003 1.10 0.029 0.022 91.60% 

 
(-0.03) (34.78) (0.83) (0.54) 

 HC-LC 0.112 -0.178 0.174 0.383 28.80% 

  (0.67) (-3.69) (3.32) (5.05) 

 Panel B: Late-Stage Change   

Late-Stage change sub-period 1: July 1963 to December 1990 

HCRW 0.371 0.996 0.439 0.082 85.50% 

 (2.23) (22.8) (6.21) (1.01) 

 LCRL -0.36 1.017 0.274 -0.159 81.20% 

 (-1.91) (16.5) (2.95) (-1.8) 

 HCRW-

LCRL  
0.732 -0.02 0.165 0.241 3.00% 

  (2.60) (-0.24) (1.25) (1.70)   

 Late-Stage Change sub-period 2: January 1991 to December 2010 

HCRW 0.493 0.843 0.178 0.318 56.70% 

 (2.33) (13.04) (2.56) (3.07) 

 LCRL -0.254 1.201 -0.061 0.116 70.30% 

 (-1.12) (18.86) (-0.72) (1.3) 

 HCRW-

LCRL  
0.748 -0.359 0.238 0.202 9.30% 

 

(2.12) (-3.14) (1.89) (1.20) 
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5.5 Conclusion  

Contrarian strategies and book-to-market strategies are approaches commonly used by 

researchers to investigate the existence of value effects. This study sets out to 

comprehensively investigate whether there is a value effect across U.S. industries and 

whether the interaction between the value and recent short-term past return strategies 

are able to derive superior returns. The research questions examined in this chapter are 

as follows: 

 Is there an inter-industry value effect? 

 Do industry-level pure value strategies produce significant abnormal profits? 

 Do industry-level late-stage value strategies outperform the corresponding 

industry-level pure value strategies? 

This chapter finds a significant inter-industry value effect that is highly consistent 

across three measures of value. The results also support the prior expectation that the 

late-stage approach of Malin and Bornholt (2013) can be applied successfully to value 

strategies in general. In every case, the late-stage value strategies produce consistently 

stronger evidence than do the corresponding pure value strategies. Among the late-stage 

strategies, the late-stage change strategy introduced in this chapter provides the largest 

risk-adjusted returns, averaging 0.71 % per month when applied to the full sample. This 

industry-level result raises the possibility that the percentage change in a firm’s book-

to-market ratio may be an effective variable to use when seeking to identify value 

stocks. This question will be addressed in future research. 

 

These findings show that it is possible to predict the future performance of industries 

that have extreme ratios of book-to-market equity, have experienced extreme changes in 

book-to-market equity or have experienced extremes in past long-term returns. Extreme 

changes in book-to-market equity at the industry level are associated with the strongest 
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predictability observed in this chapter. Such predictability in industry returns has 

important implications for investors, fund managers and researchers alike. For investors, 

they should consider whether the stocks that they invest in fall into one of the value 

categories. For example, should they remain invested in stocks in industries which the 

value strategies of this chapter suggest will underperform in the current years. In other 

words, investors need to think about whether the predictability in industry returns 

uncovered in this thesis will assist or hinder their investment performances.  As was the 

case with the contrarian strategies tested in Chapter 4, the value strategies reported in 

Chapter 5 should also be considered by those fund managers who engage in sector 

rotation strategies. 

 

There are also implications for academic research. Firstly, the returns of the industry-

level late-stage value strategies cannot be explained by the Fama-French three-factor 

model. This means that the value effect at the industry level needs further investigation 

in order to understand what is driving the inter-industry value effect. Is there a role for 

changing firm characteristics in any explanation of the inter-industry value effect, or is 

the predictability of future industry returns the result of investors systematically 

mispricing industries?    
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6. Conclusion 

 

6.1 Introduction and Overview 

This thesis has investigated industry cost of equity estimation and features of the 

dynamics of industry returns. Chapter 3 examined whether there are better ways than 

the standard CAPM approach to estimate industry cost of equity. Chapter 4 then 

investigated whether long-term return reversal is a feature of U.S. industry returns and 

the late-stage contrarian strategy outperforms the pure contrarian strategy. Chapter 5 

describes the final empirical study that examined whether or not there is an inter-

industry value effect and whether late-stage value strategies are superior to the 

corresponding pure value strategies.  

 

The literature review showed from the results of previous researchers that the estimates 

of the cost of equity (CE) are distressingly imprecise in individual stocks return. The 

aim of the first empirical chapter was to determine whether alternative betas would 

provide significantly better CE estimates than the CE estimates generated by the 

standard CAPM beta. Unlike prior research, the evaluation was conducted on an 

industry-by-industry basis. The findings reveal that the standard CAPM approach 

produces significantly biased CE estimates for some industries. In addition, the findings 

show that constant betas produce significantly better CE estimates than the standard 

CAPM CE estimates for a number of industries. For still other industries, constant betas 

produce economically meaningful reductions in MAE even if not statistically 

significant.  

 

The second empirical study reported in Chapter 4 aimed to fill a gap in the literature 

regarding whether or not there was long-term reversal of industry returns. The chapter 
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made the case for why we should not expect that the range of contrarian strategy 

formation lengths used in stock-level studies (36-month to 60-month) was too narrow 

for an industry-level study. The findings revealed strong evidence of long-term reversal 

in industry returns. 

  

The third empirical study in Chapter 5 tested for a value effect in industry returns using 

three different ways to determine value by ranking industries based on their book-to-

market ratios (BM), the percentage changes in their BM ratios (change), and their past 

long-term returns (contrarian). Motivated by the late-stage contrarian strategy developed 

by Malin and Bornholt (2013), this thesis proposed two new strategies: the late-stage 

BM strategy and the late-stage change strategy. The findings reveal strong evidence of 

an industry-level value effect for all three measures, with the strongest evidence being 

provided by the late-stage change strategy.  

 

6.2 Relevance 

This section discusses the relevance of the research in this thesis to the broader 

community. The study of industry cost of equity estimation is relevant for companies 

and regulators who need effective estimates of cost of equity in order to undertake 

project evaluation and capital budgeting. The utility industry, for example, is a regulated 

industry in many international jurisdictions. For the U.S. utility industry, this thesis has 

shown that the standard CAPM approach significantly underestimates this industry’s 

cost of equity, and that a constant beta = 0.9 produces significantly better CE estimates 

than does the OLS beta (which averages 0.54 in the sample period). This is just one 

example of the relevance of the cost of equity results in this thesis. 
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The second and third empirical chapters study aspects of the dynamics of industry 

returns and the results in these chapters are of particular relevance to professional 

investors. The existence of long-term return reversal of industry returns that differs from 

stock-level return reversal opens up new opportunities for investors and researchers 

alike, and raises the possibility that the industry-level value effect may also differ in 

some important respect from the stock-level value effect. The outperformance of the 

late-stage strategies compared to the single-sort strategies is also likely to be of interest 

to investors. In summary, the results in this thesis produce novel insights which are 

relevant to both academic researchers and professional practitioners.  

 

6.3 Research Contributions 

This study adds to the existing body of knowledge with a number of contributions in 

two main areas: the estimation of industry cost of equity and the dynamics of industry 

returns. In regard to the first area, this research proposed offers two important research 

contributions. 

(1) This thesis uses the notion of defensiveness to divide U.S. industries into three 

groups (defensive, medium-risk and high-risk industries) and finds that an industry’s 

degree of defensiveness provides useful information about the adequacy of CE 

estimates (the defensiveness of an industry is measured by the magnitude of its average 

monthly returns in down market months). The study finds that the standard CAPM 

approach produces defensive industry CE estimates that are too low and high-risk 

industry CE estimates that are too high. 

 

(2) This thesis proposes new methods for estimating cost of equity based on using 

various alternative betas within the CAPM. It also introduces a new methodology for 

assessing the predictive ability of cost of equity estimates that is more realistic and that 
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is more aligned with how CE estimates are used by practitioners. The findings reveal 

that, for some industries, constant betas generate significantly better cost of equity 

estimates than does the standard CAPM procedure. For many other industries, constant 

betas produce reductions in MAE that, although not statistically significant, are still 

large enough to be of interest to practitioners. An implication of these results is that 

recommendations about CE methods need to be industry-specific.  

 

Regarding the second main area included in this thesis, the second and third empirical 

studies in the thesis (Chapters 4 and 5) contribute to the existing body of knowledge in 

three ways.  

 

(1) The second study (Chapter 4) examined whether there is evidence of long-term 

return reversal in the returns of U.S. industries. This form of predictability is 

investigated through the use of both pure and late-stage contrarian strategies. This thesis 

documents strong evidence of long-term return reversal in industry returns from 

strategies with long formation period lengths of 108, 120 and 132 months, but not from 

strategies with the 36-month to 60-month formation periods commonly used in stock-

level studies. This result suggests that industry-level return reversal is not simply a 

reflection of the stock-level reversal.  

 

(2) Regarding the relative merits of the pure and late-stage contrarian strategies, the 

industry-level late-stage contrarian approach in Chapter 4 consistently produces 

stronger evidence of reversal. It seems that the late-stage contrarian strategy uses recent 

short-term performances to better identify those industries that are ready to (begin) 

reversing their long-term performances. Thus, this study confirms the superiority of the 
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late-stage contrarian approach in a different setting to that used by Malin and Bornholt 

(2013).  

 

(3) The third and final study of this thesis (Chapter 5) comprehensively investigated 

whether there is an inter-industry value effect. While prior research argues that the value 

effect is largely an intra-industry phenomenon, the results in Chapter 4 raised doubts 

about that conclusion since contrarian strategies and book-to-market strategies are 

approaches commonly used to test for value effects. Three alternative measures were 

used to determine value: the book-to-market equity ratio (BM), the percentage change 

in book-to-market equity (change) and long-term past return (contrarian). In addition, 

the study extended the late-stage approach to all three value measures. Contrary to prior 

research, this thesis documents strong evidence of an inter-industry value effect with all 

three measures. Specifically, the late-stage BM, change, and contrarian strategies 

produce significant abnormal returns of 0.46%, 0.71%, and 0.42% per month, 

respectively. Furthermore, the late-stage value strategies outperformed the 

corresponding pure value strategies. 

 

6.4 Limitations 

The cost of equity study in this thesis is at the industry-level rather than at the company-

level, and this could be considered a limitation by some. However, it seems highly 

likely that the techniques appropriate to estimating industry cost of equity will also be 

suitable for estimating company-level cost of equity. The second limitation is that all of 

the methods evaluated can be considered as being based on just one model: the CAPM. 

However, this limitation should not be troubling because previous research and this 

study’s investigation of industry size and book-to-market effects suggest that the Fama-

French three-factor model and the Cahart four-factor model would not have produced 
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significantly better estimates of cost of equity. The ICAPM and APT models are not 

included as they are only partially specified because they do not identify the factors that 

affect expected returns, and, consequently, they have not received much support 

amongst practitioners.  

 

The third limitation is that only one risk-free asset was used. It is not expected that the 

results of this study would change materially if a medium-term government bond is 

used in place of Treasury bills as the risk-free asset, since changing the risk-free asset 

has an offsetting effect on the market risk premium. A fourth limitation is the choice of 

the proxy for expected return when determining forecast error. The study used average 

return over the next five years as the initial proxy, and average return over the next eight 

years as a second proxy. However, a longer period, say ten years, may be relevant for 

users who wish to discount cash flows for projects that last ten years or more. This 

study calculates the average annual return over the next five years or eight years 

because calculating the average over a greater number of years would have led to fewer 

forecast errors to analyse (leading, possibly, to lower test power). 

 

Regarding the limitations of the second and third empirical studies, each portfolio return 

is an equal-weighted average of the value-weighted returns of the industries in that 

portfolio. Thus, concerns about the effects of small firms on the results are not an issue.  

 

One limitation of the non-parametric contrarian and value trading strategy results in this 

thesis is that no account has been taken of trading costs. Trading costs have been 

ignored because the object of this research is not to propose long-short trading strategies 

for investors to use but rather to use abnormal long-short profitability as evidence of the 

existence of long-term return reversal in one instance, or the existence of a value effect 
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more generally. A case can be made that trading costs are not relevant to the latter task. 

Consider a specific example, the 120/6 late-stage change strategy results in Table 5.3 in 

Chapter 5. The HCRW portfolio earns 1.53% per month on average, while the LCRL 

portfolio earns an average return 0.78% per month. This generates an average return of 

0.75% per month for the long-short HCRW-LCRL strategy. However, consider the 

relevance of these results to a long-only investor Sally. Sally has the choice of buying 

HCRW or of buying LCRL, and the trading costs will be the same whichever she 

chooses. Why should she earn an extra 0.75% per month on average without any 

additional trading costs if she chooses to buy HCRW rather than LCRL? This is the 

anomaly.  

 

6.5 Avenues for Future Research  

The findings from the empirical studies in this thesis and the limitations of this thesis 

suggest a number of avenues for future research. The significant improvements over 

standard practice for some industries identified in the first empirical study should 

encourage future research into methods to better estimate the cost of equity of the other 

industries. An important implication of the results is that recommendations about CE 

methods need to be industry-specific. A second line of research would be to see if those 

CE estimation techniques that performed well for some of the U.S. industries also 

perform well for the same industries in other countries. 

 

Regarding the findings in the second and third empirical studies, the strongest results 

were achieved with the late-stage value strategies. A second research area would be to 

explore the effectiveness of late-stage value strategies at the level of individual stocks 

rather than at the level of industries to see if stock-level value strategies can be 

enhanced. Related to this question is the way value is measured. This thesis introduced 
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the percentage change in an industry’s book-to-market ratio as one of the measures used 

to determine value, and this measure produced the largest abnormal return. This result 

raises the possibility that the corresponding stock-level measure (the percentage change 

in the firm’s book-to-market ratio) may prove effective in stock-level value research. 

 

The third area for future research would be a joint stock-level and industry-level study 

that considers the fundamental characteristics of the stocks in each industry to attempt 

to determine what is the source of the industry-level value effect. Is it due to investor 

overreaction, is it due to investor underreaction to structural changes in the industry, is 

there a risk-based explanation, or is there some other explanation? 

 

6.6 Conclusion  

In summary, the findings contained in this thesis are important because they contribute 

to our empirical understanding of cost of equity estimation and of industry return 

dynamics. This thesis has presented new empirical evidence showing that constant betas 

can produce significantly better cost of equity estimates for some industries than those 

produced by the standard CAPM approach. By reporting cost of equity results on an 

industry-by-industry basis, the findings also provide practitioners with valuable 

information to help them decide which method to adopt when estimating cost of equity.  

 

The second empirical study has identified long-term return reversal of industry returns 

that differs in an important respect from the return reversal in individual stocks 

observed in prior research. The industry-level return reversal is detected with contrarian 

strategies with long formation periods of 108, 120 and 132 months, whereas previous 

stock-level studies report long-term return reversal with contrarian strategies with 

shorter formation periods of 36, 48 and 60 months. This finding reinforces the view that 



169 

 

industry-level research has a valuable avenue of research for academics and investment 

professionals alike.  

 

The third empirical study in this thesis also provides strong evidence of an industry-

level value effect with each of three different measures to determine value. These 

measures rank industries on the basis of their book-to-market ratios, the percentage 

changes in their book-to-market ratios, and their past long-term returns. This thesis also 

extends the late-stage contrarian approach to late-stage value strategies, and finds that 

late-stage value strategies outperform the corresponding pure value strategies.  

 

In summary, this thesis contributes a number of new results to the current body of 

scholarly research. The industry cost of equity findings will be of interest to analysts 

faced with the difficult task of finding effective estimates of cost of equity. It is also 

clear that the existence of long-term return reversal and a value effect in industry returns 

should be of interest to professional investors.     
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Appendix A 

 

Table5A. 1 Profitability of the Pure Change Strategies (from 36 to 48-month). 
This table reports the average monthly holding period returns and the annual event-time returns in 

percentages of the long, short, and long-short portfolios for the pure change strategy applied to 48 U.S. 

industries. Portfolios are constructed as follows: At the beginning of each month t, the 48 industries are 

ranked based on the percentage changes in their BM ratios over the past J months for J = 36, 48, 60, 72 

and 84 months (for the change strategy). The high change equal-weighted portfolios (HC) contain the 

25% of industries with the largest change in BM, while the low change portfolio (LC) contain the 25% of 

industries with the lowest change in BM. The pure change strategy (HC-LC) portfolios are held for K = 3, 

6, 9 or 12 months. Annual event-time returns (Year 1, Year 2, Year 3, Year 4 and Year 5) are the average 

annual returns in percentages for the first five years following the portfolio formation date. Holding 

period t-statistics are simple t-statistics, while annual event-time t-statistics are based on the Newey-West 

(1987) correction for autocorrelation up to lag 11.  

 

  Holding Period Returns  
 

Annual Event Time Returns  

J Portfolio K=3 K=6 K=9 K=12 
 

Year 

1 
Year 2 Year 3 Year 

4 

Year 

5 36 HC 1.02 1.03 1.01 1.01 
 

12.99 12.91 11.92 13.15 13.90 

  (4.42) (4.46) (4.40) (4.42) 
 

(5.63) (6.02) (5.72) (6.18) (6.15) 

 LC 0.83 0.83 0.81 0.82 
 

10.99 11.58 12.03 11.75 11.75 

  (3.50) (3.49) (3.44) (3.46) 
 

(4.38) (4.62) (4.76) (4.61) (4.57) 

 HC-LC 0.19 0.20 0.19 0.19 
 

2.00 1.33 -0.12 1.40 2.15 

  (1.43) (1.59) (1.64) (1.66) 
 

(1.31) (0.91) (-0.09) (0.97) (1.67) 

48 HC 1.05 1.06 1.06 1.04 
 

13.16 12.58 12.48 14.07 14.19 

  (4.76) (4.84) (4.84) (4.75) 
 

(6.19) (6.07) (6.23) (6.42) (6.1) 

 LC 0.79 0.79 0.83 0.81 
 

10.61 11.79 13.46 12.85 11.56 

  (3.24) (3.22) (3.39) (3.3) 
 

(4.19) (4.52) (5.12) (4.88) (4.38) 

 HC-LC 0.26 0.27 0.23 0.23 
 

2.55 0.79 -0.98 1.22 2.63 

  (2.01) (2.19) (1.95) (2.00) 
 

(1.62) (0.55) (-0.71) (0.81) (1.74) 

60 HC 1.03 1.02 1.01 1.01 
 

12.30 12.25 12.94 14.54 15.02 

  (4.66) (4.60) (4.55) (4.59) 
 

(5.85) (6.45) (6.31) (6.61) (6.35) 

 LC 0.82 0.80 0.83 0.86 
 

10.76 12.67 13.99 11.87 11.71 

  (3.26) (3.22) (3.34) (3.46) 
 

(4.10) (4.83) (5.27) (4.38) (4.7) 

 HC-LC 0.21 0.22 0.17 0.15 
 

1.53 -0.42 -1.05 2.67 3.32 

  (1.69) (1.79) (1.49) (1.30) 
 

(0.93) (-0.27) (-0.75) (1.74) (2.51) 

72 HC 1.05 1.06 1.07 1.12 
 

13.02 13.71 14.30 14.56 15.41 

  (4.72) (4.77) (4.80) (5.07) 
 

(6.58) (6.95) (6.78) (6.29) (6.61) 

 LC 0.91 0.91 0.94 1.03 
 

12.07 12.71 12.28 11.28 12.04 

  (3.65) (3.65) (3.74) (4.13) 
 

(4.61) (4.69) (4.49) (4.24) (4.86) 

 HC-LC 0.14 0.15 0.13 0.09 
 

0.95 1.00 2.03 3.28 3.37 

  (1.10) (1.18) (1.05) (0.79) 
 

(0.55) (0.63) (1.42) (2.32) (2.52) 

84 HC 1.16 1.16 1.15 1.16 
 

14.55 14.91 14.41 14.97 15.67 

  (5.22) (5.25) (5.22) (5.29) 
 

(7.31) (7.05) (6.25) (6.09) (6.59) 

 LC 0.97 0.97 0.94 0.93 
 

12.32 11.33 12.23 11.97 11.97 

  (3.82) (3.83) (3.68) (3.66) 
 

(4.65) (4.21) (4.73) (4.80) (5.2) 

 HC-LC 0.18 0.19 0.21 0.23 
 

2.23 3.57 2.19 3.00 3.69 

  (1.42) (1.48) (1.74) (1.92) 
 

(1.31) (2.29) (1.57) (2.10) (2.64) 
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Table5A. 2 Profitability of the Pure Change Strategies (from 96 to 132-month).  
This table reports the average monthly holding period returns and the annual event-time returns in 

percentages of the long, short, and long-short portfolios for the pure change strategy applied to 48 U.S. 

industries. Portfolios are constructed as follows: At the beginning of each month t, the 48 industries are 

ranked based on the percentage changes in their BM ratios over the past J months for J = 96, 108, 120 

and 132 months (for the change strategy). The high change equal-weighted portfolios (HC) contain the 

25% of industries with the largest change in BM, while the low change portfolio (LC) contain the 25% of 

industries with the lowest change in BM. The pure change strategy (HC-LC) portfolios are held for K = 3, 

6, 9 or 12 months. Annual event-time returns (Year 1, Year 2, Year 3, Year 4 and Year 5) are the average 

annual returns in percentages for the first five years following the portfolio formation date. Holding 

period t-statistics are simple t-statistics, while annual event-time t-statistics are based on the Newey-West 

(1987) correction for autocorrelation up to lag 11.  

 

  Holding Period Returns  
 

Annual Event Time Returns  

J Portfolio K=3 K=6 K=9 K=12 
 

Year 1 Year 2 Year 3 Year 4 Year 5 

96 HC 1.19 1.17 1.14 1.13 
 

14.15 14.40 14.62 15.26 14.76 

  (5.37) (5.27) (5.10) (5.08) 
 

(6.50) (6.46) (6.46) (6.34) (6.03) 

 LC 0.93 0.92 0.90 0.91 
 

11.85 12.11 12.10 11.98 11.02 

  (3.60) (3.57) (3.51) (3.52) 
 

(4.31) (4.44) (4.67) (4.78) (4.75) 

 HC-LC 0.26 0.25 0.23 0.22 
 

2.30 2.29 2.52 3.27 3.73 

  (1.98) (2.02) (1.90) (1.82) 
 

(1.18) (1.40) (2.04) (2.41) (2.74) 

108 HC 1.15 1.17 1.18 1.22 
 

14.73 15.66 14.71 14.49 15.71 

  (4.99) (5.06) (5.13) (5.26) 
 

(6.39) (6.80) (6.22) (6.01) (6.22) 

 LC 0.89 0.90 0.94 0.99 
 

11.69 12.12 12.19 11.09 11.77 

  (3.38) (3.40) (3.56) (3.75) 
 

(4.42) (4.83) (5.02) (4.70) (5.15) 

 HC-LC 0.26 0.27 0.24 0.23 
 

3.04 3.54 2.52 3.40 3.94 

  (1.91) (1.99) (1.89) (1.87) 
 

(1.78) (2.28) (1.82) (2.37) (2.85) 

120 HC 1.24 1.28 1.27 1.31 
 

15.73 15.49 13.81 14.92 15.83 

  (5.26) (5.54) (5.49) (5.65) 
 

(6.94) (6.72) (5.79) (6.11) (6.22) 

 LC 0.94 0.96 0.95 0.97 
 

11.70 12.24 11.86 11.76 12.31 

  (3.62) (3.72) (3.68) (3.75) 
 

(4.58) (4.94) (5.00) (5.18) (5.11) 

 HC-LC 0.29 0.33 0.32 0.33 
 

4.03 3.24 1.95 3.16 3.52 

  (2.26) (2.59) (2.68) (2.86) 
 

(2.61) (2.05) (1.50) (2.41) (2.42) 

132 HC 1.33 1.31 1.22 1.19 
 

15.55 14.47 14.79 15.60 15.27 

  (5.75) (5.63) (5.34) (5.18) 
 

(6.54) (6.01) (6.09) (6.56) (6.23) 

 LC 1.01 1.00 0.95 0.93 
 

12.32 11.87 11.97 11.63 12.08 

  (3.96) (3.97) (3.81) (3.7) 
 

(5.11) (4.97) (5.13) (4.75) (4.77) 

 HC-LC 0.32 0.30 0.27 0.26 
 

3.23 2.60 2.82 3.97 3.19 

  (2.55) (2.57) (2.39) (2.36) 
 

(1.76) (1.64) (2.36) (2.88) (2.25) 
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Table5A. 3 Profitability of the Late-Stage Strategy (J=96). 
This table reports the average monthly holding period returns and the annual event-time returns in 

percentages of the long, short, and long-short portfolios for the late-stage change strategy applied to U.S. 

industries. Late-stage change portfolios are derived from the corresponding change (with J = 96) HC and 

LC portfolios described in Table 5.2. At the beginning of each month t, industries within the current HC 

portfolios and the current LC portfolios are further classified based on their most recent J2 = 3, 6, 9 and 

12-month returns. The 25% of industries in the HC portfolios with the largest recent J2 = 3, 6, 9 and 12-

month returns comprise the HCRW equal-weighted portfolios. Similarly, the 25% of industries in the LC 

portfolios with the worst J2 = 3, 6, 9 and 12-month returns comprise the LCRL portfolios. These late-

stage change portfolios are held for K = 3, 6, 9 and 12 months. Annual event-time returns (Year 1, Year 2, 

Year 3, Year 4 and Year 5) are the average annual returns in percentages for the first five years following 

the portfolio formation date. The t-statistics are presented in parentheses. Holding period t-statistics are 

simple t-statistics, while annual event-time t-statistics are based on the Newey-West (1987) correction for 

autocorrelation up to lag 11.  

 

   Holding Period Returns  Annual Event-Time Returns 

J J2  Portfolio K = 3 K = 6 K = 9 K = 12  Year1 Year2 Year3 Year4 Year5 

96 3 HCRW 1.12 1.25 1.28 1.27  15.75 14.94 13.98 15.57 15.16 

   (4.65) (5.19) (5.39) (5.39)  (6.90) (6.44) (5.99) (6.08) (5.78) 

  LCRL 0.79 0.77 0.73 0.81  9.65 14.10 12.09 11.96 11.23 

   (2.65) (2.73) (2.59) (2.89)  (3.45) (4.97) (4.64) (4.38) (4.34) 

  HCRW-LCRL  0.33 0.47 0.55 0.46  6.10 0.84 1.89 3.61 3.93 

   (1.51) (2.44) (3.11) (2.69)  (2.73) (0.41) (1.16) (1.87) (1.95) 

96 6 HCRW 1.18 1.32 1.27 1.26  15.73 15.03 13.93 16.04 15.25 

   (4.81) (5.51) (5.40) (5.43)  (6.52) (6.59) (6.09) (6.34) (5.78) 

  LCRL 0.68 0.67 0.67 0.81  9.17 15.37 12.24 11.91 11.38 

   (2.22) (2.27) (2.31) (2.82)  (3.08) (5.26) (4.59) (4.20) (4.20) 

  HCRW-LCRL  0.50 0.65 0.60 0.45  6.57 -0.34 1.69 4.13 3.87 

   (2.02) (2.98) (2.96) (2.35)  (2.62) (-0.16) (1.00) (1.84) (1.79) 

96 9 HCRW 1.30 1.38 1.32 1.25  15.72 15.15 14.10 17.02 16.00 

   (5.19) (5.59) (5.43) (5.21)  (6.41) (6.57) (6.04) (6.39) (6.32) 

  LCRL 0.68 0.72 0.76 0.90  10.24 15.28 12.30 12.18 10.35 

   (2.22) (2.42) (2.59) (3.11)  (3.4) (5.21) (4.56) (4.01) (3.93) 

  HCRW-LCRL  0.62 0.67 0.56 0.35  5.48 -0.13 1.80 4.83 5.65 

   (2.60) (3.02) (2.66) (1.78)  (2.17) (-0.06) (1.21) (1.87) (2.43) 

96 12 HCRW 1.42 1.39 1.31 1.25  16.00 15.27 14.48 16.49 15.78 

   (5.68) (5.62) (5.33) (5.14)  (6.30) (6.26) (6.07) (6.15) (6.13) 

  LCRL 0.68 0.75 0.84 0.97  11.60 14.81 11.66 12.01 10.53 

   (2.22) (2.49) (2.83) (3.35)  (3.76) (5.09) (4.40) (3.87) (3.99) 

  HCRW-LCRL  0.75 0.65 0.47 0.28  4.40 0.46 2.82 4.48 5.25 

   (3.10) (2.92) (2.23) (1.40)  (1.66) (0.22) (1.91) (1.81) (2.30) 
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Table5A. 4 Profitability of the Late-Stage Change Strategy (J=108). 
This table reports the average monthly holding period returns and the annual event-time returns in 

percentages of the long, short, and long-short portfolios for the late-stage change strategy applied to U.S. 

industries. Late-stage change portfolios are derived from the corresponding change (with J = 108) HC and 

LC portfolios described in Table 5.2. At the beginning of each month t, industries within the current HC 

portfolios and the current LC portfolios are further classified based on their most recent J2 = 3, 6, 9 and 

12-month returns. The 25% of industries in the HC portfolios with the largest recent J2 = 3, 6, 9 and 12-

month returns comprise the HCRW equal-weighted portfolios. Similarly, the 25% of industries in the LC 

portfolios with the worst J2 = 3, 6, 9 and 12-month returns comprise the LCRL portfolios. These late-

stage change portfolios are held for K = 3, 6, 9 and 12 months. Annual event-time returns (Year 1, Year 2, 

Year 3, Year 4 and Year 5) are the average annual returns in percentages for the first five years following 

the portfolio formation date. The t-statistics are presented in parentheses. Holding period t-statistics are 

simple t-statistics, while annual event-time t-statistics are based on the Newey-West (1987) correction for 

autocorrelation up to lag 11.  

 

   Holding Period Returns  Annual Event-Time Returns 

J J2  Portfolio K = 3 K = 6 K = 9 K = 12  Year1 Year2 Year3 Year4 Year5 

108 3 HCRW 1.14 1.24 1.35 1.37  16.72 16.61 14.56 15.43 15.84 

   (4.63) (5.14) (5.66) (5.77)  (7.08) (6.59) (5.74) (6.08) (5.95) 

  LCRL 0.80 0.80 0.77 0.87  9.90 13.94 11.92 11.61 12.61 

   (2.57) (2.71) (2.64) (3.06)  (3.70) (5.23) (4.62) (4.62) (4.91) 

  HCRW-LCRL  0.34 0.44 0.59 0.49  6.82 2.66 2.63 3.82 3.23 

   (1.41) (2.17) (3.10) (2.79)  (3.27) (1.36) (1.43) (1.94) (1.41) 

108 6 HCRW 1.27 1.39 1.39 1.40  17.19 17.44 14.69 15.73 16.54 

   (5.04) (5.66) (5.76) (5.86)  (7.08) (6.99) (5.90) (5.96) (6.4) 

  LCRL 0.68 0.60 0.68 0.85  9.04 15.33 11.35 11.31 12.34 

   (2.18) (2.02) (2.29) (2.90)  (3.24) (5.50) (4.30) (4.46) (4.78) 

  HCRW-LCRL  0.59 0.79 0.71 0.55  8.15 2.11 3.34 4.42 4.20 

   (2.35) (3.56) (3.45) (2.85)  (3.64) (1.00) (1.76) (1.91) (1.60) 

108 9 HCRW 1.38 1.43 1.42 1.41  17.18 17.36 15.01 16.71 16.70 

   (5.46) (5.78) (5.86) (5.81)  (7.06) (6.92) (5.95) (6.12) (6.50) 

  LCRL 0.58 0.67 0.79 0.94  10.14 14.52 11.39 11.75 12.27 

   (1.83) (2.17) (2.59) (3.15)  (3.62) (5.03) (4.24) (4.21) (4.74) 

  HCRW-LCRL  0.80 0.76 0.63 0.47  7.04 2.84 3.62 4.96 4.44 

   (3.14) (3.27) (2.86) (2.21)  (3.17) (1.38) (1.91) (1.84) (1.71) 

108 12 HCRW 1.37 1.41 1.40 1.40  17.33 17.19 15.34 16.60 16.74 

   (5.40) (5.62) (5.65) (5.67)  (6.79) (6.43) (6.00) (5.96) (6.58) 

  LCRL 0.66 0.75 0.89 1.05  11.64 14.18 11.51 11.56 12.62 

   (2.07) (2.41) (2.88) (3.50)  (4.07) (5.09) (4.43) (3.88) (4.92) 

  HCRW-LCRL  0.71 0.67 0.52 0.35  5.70 3.01 3.83 5.04 4.12 

   (2.82) (2.81) (2.28) (1.61)  (2.36) (1.48) (1.99) (1.78) (1.60) 
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Table5A. 5 Profitability of the Late-Stage Strategy (J= 120). 
This table reports the average monthly holding period returns and the annual event-time returns in 

percentages of the long, short, and long-short portfolios for the late-stage change strategy applied to U.S. 

industries. Late-stage change portfolios are derived from the corresponding change (with J = 120) HC and 

LC portfolios described in Table 5.2. At the beginning of each month t, industries within the current HC 

portfolios and the current LC portfolios are further classified based on their most recent J2 = 3, 6, 9 and 

12-month returns. The 25% of industries in the HC portfolios with the largest recent J2 = 3, 6, 9 and 12-

month returns comprise the HCRW equal-weighted portfolios. Similarly, the 25% of industries in the LC 

portfolios with the worst J2 = 3, 6, 9 and 12-month returns comprise the LCRL portfolios. These late-

stage change portfolios are held for K = 3, 6, 9 and 12 months. Annual event-time returns (Year 1, Year 2, 

Year 3, Year 4 and Year 5) are the average annual returns in percentages for the first five years following 

the portfolio formation date. The t-statistics are presented in parentheses. Holding period t-statistics are 

simple t-statistics, while annual event-time t-statistics are based on the Newey-West (1987) correction for 

autocorrelation up to lag 11.  

 

   Holding Period Returns  Annual Event-Time Returns 

J J2  Portfolio K = 3 K = 6 K = 9 K = 12  Year1 Year2 Year3 Year4 Year5 

120 3 HCRW 1.26 1.35 1.41 1.43  17.52 15.54 13.92 15.99 17.33 

   (4.96) (5.42) (5.73) (5.88)  (7.10) (6.01) (5.20) (6.41) (6.14) 

  LCRL 0.93 0.94 0.85 0.90  10.23 14.27 11.59 12.18 12.50 

   (3.10) (3.28) (3.00) (3.20)  (4.03) (5.28) (4.90) (5.01) (4.60) 

  HCRW-LCRL  0.32 0.41 0.56 0.53  7.29 1.27 2.33 3.81 4.83 

   (1.43) (2.00) (2.95) (2.99)  (3.78) (0.63) (1.45) (1.84) (1.95) 

120 6 HCRW 1.46 1.53 1.47 1.49  18.37 16.56 13.44 16.26 17.37 

   (5.61) (5.99) (5.89) (6.03)  (7.21) (6.63) (5.20) (6.21) (6.06) 

  LCRL 0.88 0.78 0.77 0.87  9.71 15.42 11.56 12.05 13.09 

   (2.85) (2.64) (2.63) (3.00)  (3.45) (5.42) (5.14) (4.90) (4.75) 

  HCRW-LCRL  0.58 0.75 0.71 0.62  8.66 1.14 1.89 4.22 4.28 

   (2.22) (3.21) (3.28) (3.01)  (3.80) (0.55) (1.13) (1.65) (1.50) 

120 9 HCRW 1.53 1.52 1.47 1.45  18.07 16.34 13.46 17.14 16.18 

   (5.79) (5.85) (5.82) (5.78)  (7.23) (6.45) (5.12) (6.41) (6.08) 

  LCRL 0.82 0.83 0.86 0.94  10.66 14.30 11.72 12.16 12.84 

   (2.64) (2.79) (2.88) (3.19)  (3.70) (4.97) (5.01) (4.60) (4.86) 

  HCRW-LCRL  0.72 0.68 0.62 0.51  7.41 2.04 1.74 4.98 3.34 

   (2.84) (2.88) (2.73) (2.34)  (3.11) (0.97) (1.00) (1.77) (1.26) 

120 12 HCRW 1.57 1.56 1.51 1.45  18.61 16.50 14.44 16.88 16.39 

   (5.94) (6.04) (5.92) (5.75)  (7.08) (6.17) (5.60) (6.22) (6.07) 

  LCRL 0.76 0.82 0.87 0.97  11.11 13.63 11.18 12.12 12.82 

   (2.44) (2.69) (2.87) (3.24)  (3.84) (4.87) (4.71) (4.12) (4.69) 

  HCRW-LCRL  0.81 0.74 0.64 0.49  7.50 2.87 3.27 4.76 3.57 

   (3.11) (3.03) (2.74) (2.15)  (2.81) (1.35) (1.83) (1.63) (1.32) 
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Table5A. 6 Profitability of the Late-Stage Change Strategy (J= 132). 
This table reports the average monthly holding period returns and the annual event-time returns in 

percentages of the long, short, and long-short portfolios for the late-stage change strategy applied to U.S. 

industries. Late-stage change portfolios are derived from the corresponding change (with J = 132) HC and 

LC portfolios described in Table 5.2. At the beginning of each month t, industries within the current HC 

portfolios and the current LC portfolios are further classified based on their most recent J2 = 3, 6, 9 and 

12-month returns. The 25% of industries in the HC portfolios with the largest recent J2 = 3, 6, 9 and 12-

month returns comprise the HCRW equal-weighted portfolios. Similarly, the 25% of industries in the LC 

portfolios with the worst J2 = 3, 6, 9 and 12-month returns comprise the LCRL portfolios. These late-

stage change portfolios are held for K = 3, 6, 9 and 12 months. Annual event-time returns (Year 1, Year 2, 

Year 3, Year 4 and Year 5) are the average annual returns in percentages for the first five years following 

the portfolio formation date. The t-statistics are presented in parentheses. Holding period t-statistics are 

simple t-statistics, while annual event-time t-statistics are based on the Newey-West (1987) correction for 

autocorrelation up to lag 11.  

 

   Holding Period Returns  Annual Event-Time Returns 

J J2  Portfolio K = 3 K = 6 K = 9 K = 12  Year1 Year2 Year3 Year4 Year5 

132 3 HCRW 1.36 1.38 1.36 1.31  16.69 14.27 14.48 16.22 16.60 

   (5.34) (5.47) (5.48) (5.33)  (6.63) (5.25) (5.57) (6.76) (6.24) 

  LCRL 0.99 0.94 0.80 0.82  10.73 12.81 12.15 11.26 12.58 

   (3.24) (3.28) (2.89) (3.00)  (4.16) (5.01) (5.32) (4.40) (4.55) 

  HCRW-LCRL  0.37 0.44 0.56 0.49  5.95 1.46 2.32 4.96 4.03 

   (1.53) (2.05) (2.79) (2.66)  (2.65) (0.72) (1.41) (2.55) (1.71) 

132 6 HCRW 1.45 1.54 1.43 1.36  17.76 14.71 13.82 17.55 17.17 

   (5.44) (5.80) (5.59) (5.39)  (6.88) (5.48) (5.37) (6.91) (6.16) 

  LCRL 0.92 0.76 0.67 0.72  9.38 14.04 12.65 10.18 12.87 

   (3.02) (2.57) (2.36) (2.54)  (3.34) (5.23) (5.39) (3.77) (4.56) 

  HCRW-LCRL  0.53 0.78 0.76 0.64  8.38 0.67 1.17 7.37 4.30 

   (2.01) (3.20) (3.37) (3.00)  (3.35) (0.31) (0.70) (2.90) (1.66) 

132 9 HCRW 1.58 1.53 1.42 1.33  17.31 14.61 14.30 18.11 17.23 

   (5.81) (5.78) (5.54) (5.24)  (6.85) (5.52) (5.70) (6.74) (5.86) 

  LCRL 0.78 0.78 0.74 0.76  9.89 13.25 12.38 9.74 12.10 

   (2.49) (2.59) (2.52) (2.62)  (3.46) (5.15) (4.81) (3.52) (4.65) 

  HCRW-LCRL  0.80 0.75 0.68 0.56  7.41 1.36 1.92 8.37 5.13 

   (2.96) (2.96) (2.84) (2.49)  (2.84) (0.63) (1.11) (2.87) (1.79) 

132 12 HCRW 1.50 1.47 1.34 1.25  16.35 14.70 14.64 18.50 16.45 

   (5.57) (5.54) (5.17) (4.86)  (6.34) (5.38) (5.65) (6.72) (5.49) 

  LCRL 0.80 0.79 0.78 0.82  10.73 13.21 12.19 10.30 12.14 

   (2.57) (2.57) (2.57) (2.74)  (3.66) (5.30) (4.76) (3.47) (4.59) 

  HCRW-LCRL  0.70 0.67 0.57 0.43  5.62 1.49 2.46 8.21 4.30 

   (2.55) (2.58) (2.27) (1.83)  (2.07) (0.75) (1.40) (2.64) (1.51) 
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