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Abstract 

Time-series predictability of asset prices has been one of the most debated subjects in the 

field of financial economics, both in an academic and practical context. It is generally 

accepted among financial economists that return predictability is present and a rational 

implication of dynamic asset pricing models.  

Although the empirical literature in financial economics has produced increased evidence of 

time-series return predictability, the evidence has mainly been relating to the aggregated 

return of an asset class. This is primarily relevant for multi-asset managers such as pension 

and endowment funds managers who can allocate between different asset classes. But equity 

only managers optimize within a single asset class space and hence cannot allocate funds to 

other asset classes. 

In this thesis the issue of equity sector return predictability and its link to the business cycle is 

addressed. The motivation of the thesis is to expand the return predictability debate to include 

sector return due to the potential importance for an equity only investor. The thesis explores 

the link between equity sector return and the business cycle. Furthermore, it explores whether 

it is possible to predict the nominal and excess return of a given sector based on lagged time-

series of a set of 15 theoretically and empirically motivated information variables. In addition, 

it is analyzed if the return predictability component is conditional on the business cycle. The 

thesis tests for in-sample and out-of-sample performance of the predictive regression models. 

To improve the out-of-sample results a forecast combination approach is applied. 

The overall conclusion from the thesis is that equity sector return contains a predictability 

component which is time-varying and linked to the business cycle. The predictability 

component is more evident in nominal return than in excess return and is more evident for 

cyclical sectors than for non-cyclical sectors. The investors can achieve utility gain from 

applying predictive regression models of equity sector return in the asset allocation decision. 

However, these gains shall be seen as a compensation for risk premiums and not as an 

opportunity for generating abnormal profit. Furthermore, there is a considerable number of 

econometric issues relating to return predictability and both the in-sample and out-of-sample 

goodness-of-fit are found to be relatively small.  
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1. Introduction 

Time-series predictability of asset prices has been one of the most debated subjects in the 

field of financial economics, both in an academic and practical context. Going back to before 

the 1980s it was generally believed among academic financial economists that asset prices 

followed a random walk and hence investors could not earn excess return by trying to predict 

the future return of a given asset or market. This approach to asset pricing assumes constant 

expected return dynamics and is associated with the efficient market hypothesis (EMH) 

described by Fama (1970a).1 The EMH reflects a theory where markets are said to be 

information efficient; i.e. all public information is incorporated in the asset price2. 

In the beginning of the 1980s the pre-dominant view on time-series predictability changed 

gradually after a number of academic articles showed evidence supporting some degree of 

predictability in stock returns based on prior information, specifically at long-horizons. The 

articles were motivated by the efficient market hypothesis and regressed lagged returns on 

realized returns, this is the mean-reversion literature, starting with Fama & French (1988) and 

Poterba and Summers (1988). Other articles extended the work of Fama & French (1988) and 

Poterba and Summers (1988) and used a set of information variables to predict the expected 

returns of the stock market.  

The first set of predictive variables was related to valuation of financial assets. Price-earnings 

ratio, book-to-market ratio and especially the price-dividend ratio were said to forecast future 

stock return, see, among others, Rozeff (1984), Fama & French (1988, 1989), Campbell & 

Shiller (1988), Pesaran & Timmermann (1995) and Kothari & Shanken (1997).  

The second set of predictive variables found in the literature was related to the state of the real 

economy.  Fama & Schwert (1977) and Campbell (1991) included the short-term interest rates 

as a regression variable. Yield spreads between long-term and short-term bonds and between 

low and high credit bonds where documented among others by Keim & Stamburg (1986), 

Campbell (1987) and Fama & French (1989) and Lettau & Ludvigson (2001) introduced the 

consumption-wealth ratio.  

Newer research has as well documented time-series predictability of asset prices by including 

other information variables and extending the time periods for the older research papers, see 

                                                            
1 In chapter 4 it is shown that the EMH can be expanded to take into account time-varying expected return  
2 Fama (1970a) defines three forms of market efficiency where the last and most strong form operates with 
private information 
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e.g. Gou (2006), Rangvid (2006), Rapach & Wohar (2006), Bollerslev et al. (2009), Henkel et 

al (2010) and Rapach et al. (2010).  The new regime is now almost a stylized fact within the 

empirical finance literature and is called a “new fact in finance” by Cochrane (1999a).  

The literature on the dynamics of expected returns links return predictability to the 

equilibrium asset pricing theory by Merton (1973) and Campbell and Cochrane (1999). The 

models states that a certain degree of return predictability is necessary to reward investors to 

invest in assets with dynamic risk factors associated with the business cycle. More formally, it 

is claimed that expected returns rises during an economic downturn (contraction periods) and 

falls during time of economic growth (expansion periods), so that expected returns are counter 

cyclical with respect to the real economy, see e.g. Fama & French (1989) and Chen (1991). 

Furthermore, it has been shown that the predictability component is as well time-varying and 

linked to the business cycle with predictability mainly being evident during recession periods 

(Henkel et al. 2010).  

The equilibrium asset pricing models are not explicit about which information variables 

should forecast return and hence the best predictive regression model is not given prior. This 

feature leads to data over fitting where predictive variables do well in in-sample forecasts and 

poor in out-of sample forecasts, see e.g. Bossaerts & Hillion (1999) and Goyal & Welch 

(2003; 2008), and return predictability still remains controversial as emphasized by Spiegel 

(2008). Hence, the practical use of predictive regression is questioned. 

Although the academic literature has produced growing evidence of time-series predictability 

of asset prices, the evidence has mainly been between broad asset classes; aggregated stock 

and bond markets. That is mainly relevant for multi-asset managers like pension and 

endowments funds managers who can allocate between different asset classes according to the 

expected risk and returns. But equity only managers optimize within a single asset class space 

and hence cannot allocate funds to other asset classes. However, they are still facing a demand 

for investors to deliver excess return above a given benchmark, which typically is a broad 

stock market index. For the equity only manager to outperform the benchmark, he/she most 

take active bets according to the benchmark which is done by e.g. over- and underweighting 

companies, sectors and countries in the portfolio compared to the benchmark allocation. 

This thesis will focus on the predictability of US equity sector return. The thesis explores if 

the expected nominal and excess returns of 12 sectors, defined by SIC codes and obtained 

from the Kenneth French data library, are time-varying and linked to the business cycle. 
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Further, it is explored if it is possible to predict the nominal and excess return of a given 

sector based on lagged time-series of a set of 15 information variables that are well known to 

predict the return of the aggregated stock market. The thesis tests for in-sample and out-of-

sample performance of the predictive regression model. The out-of-sample forecasting is done 

by applying a forecast combination approach which is well known from the empirical 

macroeconomic literature to produce superior forecasting results; see, among others, Clemen 

et al. (1986), Clemen (1989), Diebold (1989), Marcellino (2004) and Stock & Watson (2004). 

The forecast combination approach has recently been applied within the empirical finance 

literature when forecasting stock returns; see Guidolin & Na (2006) and Rapach et al. (2010).  

Furthermore, the thesis explores the academic literature and theoretical framework regarding 

return predictability, which has the purpose of identifying information variables that might 

serve as valid predictors.  

The thesis is structured as follows: Firstly; the investor’s asset allocation decision is put into 

context and linked to return predictability. Secondly; a review of the origins of return 

predictability is presented and the return predictability is linked to asset pricing models. 

Thirdly; the econometric framework for return predictability and the statistical issues related 

to the econometric model is analyzed. Fourthly; the expected equity sector return is linked to 

the business cycle using the OECD leading indicator as a business cycle proxy. Fifthly; the 

predictive regression models based on information variables derived in the theoretical section 

are constructed trying to forecast expected sector return both in-sample and out-of-sample. 

Furthermore, the section links the forecasting models to the business cycle to investigate if the 

predictability component is time-varying and conditional on the business cycle.  Finally, a 

summary and the overall conclusions of the thesis are presented. 
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1.1 Problem statement 
As mentioned in the introduction there is extended evidence within the empirical literature in 

financial economics that expected return on assets is time varying in a predictable manner and 

linked to the business cycle, with expected return being counter cycle. Furthermore, new 

research has shown that the predictability component is time-varying as well and is mostly 

significant during poor economic times.   

If asset returns to some degree are predictable compared to being a random walk, it impacts 

the optimal portfolio choice and allows for dynamic asset allocation strategies where the 

investors engage in market timing; allocate funds to the stock market when the expected 

return is high and less when the expected return is low, see e.g. Cochrane (1999b) and 

Campbell & Viceira (2002).   

Most empirical research on return predictability has focused on predictability of the broad 

stock market return and not on sector returns. However, an equity only investor optimizes 

within a single asset class space and hence cannot allocate funds to other asset classes despite 

a negative outlook for the equity market. Hence, the investor most allocate funds to e.g. 

sectors that are expected to perform better than the general market in the given state of the 

economy.  

Based on the above review of the return predictability debate and potential implication for the 

investors / asset management industry, the purpose of the thesis is to investigate the statistical 

and economical significance of short-horizon predictability of equity sector return. 

Furthermore, the purpose is to explore if the predictability component is time-varying and 

linked to the business cycle. The following key and sub questions are identified:  

 Does equity sector return contain a predictability component? – And can an 

investor benefit from predictable regression models of expected sector return? 

 What does the theoretical and empirical framework say about return 

predictability?  

 Is expected equity sector return conditional on the business cycle?   

 Can equity sector returns be predicted from standard predictors of stock 

market return? - An is the predictability component of sector return linked 

to the business cycle? 
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1.2 Delimitations 
The time period to be analyzed in this thesis is chosen based on several considerations: 1) 

covering so many business cycles as possible, 2) minimize structural breaks within the time 

series and 3) similar sector and business cycles pattern 

AD 1) the thesis links the time-varying return to the business cycle. Hence, as many business 

cycles as possible would improve the robustness of the results. There have been 33 business 

cycles in the US since the National Bureau of Economic Research started dating business 

cycles in 1857.   

AD 2) both financial and macroeconomic time-series is often argued to contain one or more 

structural breaks, see e.g. Stock & Watson (1996), Pastor & Stambaugh (2001) and Peseran et 

al. (2006). Structural breaks can happen because of changing technology, policy, i.e. the 

dividend pay-out policy3, or due to large macroeconomic shocks (Peseran et al. (2006). 

Structural breaks affect the forecasting model because the predictive variables are no longer 

stationary and hence the OLS assumption is violated4. Letteau & Nieuwerburg (2008) 

concludes that the price-dividend ratio is subject to a break in 1991 or two breaks in 1954 and 

1994. Hence, to avoid the possibility of more than one break within the time series the data 

series must begin after 1954. 

AD 3) new technologies and the globalization of the world trade has influenced the 

importance and structure of the sectors of the economy. In order to make the conclusion of the 

thesis reflecting the current economy and not being influenced of past structures, the time 

period considered most be relatively short in relation to the possible period covered by the 

data source. Furthermore, Stock & Watson (2002) argue that the duration of business cycles 

has changed after World War II. Fama (1975) points out that this can partly be attributed to 

change to adoption of the 1951 Federal Reserve Accord that allows the Federal Reserve Bank 

to moderate business cycle through interest rate adjustments. Combined with the increased 

industrialization of the economies and the gradually opening of the national markets for 

foreign trade the period from the mid 1960’es has been considered a relative stable and 

comparable period of time for the analysis. 

Taking the above mentioned considerations into account, the time period to be analyzed in 

this thesis covers the period 1964:12 to 2009:12, which gives in total 540 monthly 
                                                            
3 Fama & Frech (2001) argue that there has been a structural break in the firm `dividend policies, causing more 
firms to paying less dividends  
4 Structural breaks in relation to return predictability is explored in more depth in chapter 5.2  
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observations, 180 quarterly non-overlapping observations and 45 yearly non-overlapping 

observations. The time period starts in the middle of a business cycle, as shown in chapter 6.  

The thesis focuses on short-horizon predictability. This is chosen instead of long-horizon 

predictability due to that the different business cycle stages are typically short-lived events. 

The expected duration of the four business cycle stages, defined in chapter 6, ranges from 6,5 

month to 7,5 month. Hence, predictability regressions at more than annual horizons would 

include random combinations of different business cycle stages, and as a consequence any 

differences in the predictability component at different business cycle stages would be 

blurred. The aspect of time-horizons in predictive regression is analyzed in more depth in 

chapter 5.3. 

The thesis will focus only on classic Ordinary Least Squared (OLS) regression models with 

linear relationship between the dependent variable and explanatory variables. A few articles 

have also included non-linear regression models when testing for return predictability, see, 

among others, Rapach & Wohar (2006). However, this is considered out of the scope of this 

thesis. Furthermore, the standard OLS assumption, see e.g. Gujarati (2003), is generally 

assumed fulfilled as in line with the general assumption in the empirical finance literature, see 

Lewellen (2004). However, the relevant statistical issues when forecasting stock returns will 

be outlined in the thesis.  

The thesis focuses on the predictability of sector returns. Sector returns are selected instead of 

country returns, which also is relevant for an equity only manager with a global mandate, due 

to that sector allocation often is viewed as more important than country allocation; see, among 

others, Cavaglia et al. (2000) and Cavaglia & Moroz (2002).  

Due to size limitation of the thesis only the predictability of US equity sector returns will be 

tested. Other studies has as well documented return predictability in an international context, 

see e.g. Bekaert & Hodrick (1992), Ferson & Harvey (1993), Rapach et al. (2005), Ang & 

Bekaert (2007), Henkel et al. (2010) and Hjalmarsson (2010). Hence, it is assessed that the 

conclusion of this thesis can be transferred to international data as well.  

The thesis will only focus on short-horizon return predictability with a time frequency of one 

month, one quarter and one year. The aspects of short- and long-horizon return predictability 

are briefly discussed in chapter 5.3. Furthermore, only predictive variables that are well 

known from the empirical finance literature to forecast stock market returns are applied. 
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Hence, the predictive power of e.g. the relative valuation between the respective sectors and 

momentum variables will not be analyzed.  

1.3 Structure of the thesis 
To answer the questions outlined in the problem statement the thesis is organized into four 

parts: The purpose of part I is to give a general understanding of investor’s asset allocation 

decision and where sector allocation fits into this decision and to set up the theoretical 

framework for return predictability. The purpose with the latter is twofold: Firstly, it 

summarizes the origins of return predictability and outlines why expected return should be 

time-varying. Secondly, it serves to find theoretical motivated predictive variables to 

minimize the probability of model over-fitting. As Campbell (2008) puts it: “… One is more 

likely to predict stock returns successfully if one uses finance theory to reduce the number of 

parameters that must be freely estimated from the data …”   

Part II deals with the econometric framework for return predictability and the statistical 

issues related to forecasting models. The purpose with this part is to discuss the econometrical 

framework applied within empirical finance and to discuss if the components of return 

predictability found in earlier articles, and subsequently questioned by others, is due to that 

return predictability is in fact a real phenomenon or it is due to model over-fitting and data-

mining because of the time-series properties of the underlying predictive variables. 

Furthermore, the in-sample and out-of-sample test procedures are discussed.  

Part III links the equity sector return to the business cycle. The business cycle is divided into 

four stages as in line with DeStefano (2004). The stages are defined by applying the OECD 

leading indicator as a business cycle proxy. The purpose here is to analyze if expected sector 

nominal and excess return varies over the business cycle and to separate the sectors into 

cyclical and non-cyclical sectors. Furthermore, the purpose with part III is to define the 

respective business cycle stages to link the return predictability component to the business 

cycle in part IV.  

Firstly, part IV explores the empirical findings regarding the theoretical motivated categories 

of predictive variables that should predict expected return identified in part I. Secondly, the 

predictive econometric models are applied to tests the predictability of sector return based on 

the set of selected information variables. Both in-sample and out-of-sample predictability is 

analyzed. Furthermore, the predictive models are linked to the business cycle, to analyze if 

the power of return predictability is conditional on the business cycle.  
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2. Data 

In this chapter the definition and source of the equity sector return applied in the thesis is 

presented.  

2.1 Equity sector return data 
There is a large industry providing investors with benchmark data of sectors. They use Global 

Industry Classification Standard (GICS) which operates with a 10 sector classification (MSCI 

Barra; 2010): Energy, Materials, Industrials, Consumer discretionary, Consumer Staples, 

Financials, Health care, IT, Telecom services and Utilities. These sector groups can again be 

classified into 24 industry groups, 68 industries and 158 sub-industries.    

In this thesis equity sector return data is obtained from the Kenneth French data library 

because it is the only data source available offering data on sector return covering a long time 

period5.  The dataset is similar to those used by Fama & French (1997), Ferson & Korajczyk 

(1995), Ghysels (1998), Bansal et al. (2003), Hong et al. (2007) and Ammann & Verhofen 

(2008). The dataset divides the market into 12 sector/industry classification using the 

Standard Industrial Classification (SIC); Non Durable goods (NoDur), Durable goods (Durbl), 

Manufacturing (Manuf), Energy (Enrgy), Chemicals (Chems), Business Equipment (BusEq), 

Telecommunication (Telcm), Utilities (Utils), Shops, Healthcare (Hlth), Money and Other. 

The groups are formed from stocks registered on the three largest equity markets in the US 

(Koijen & Nieuwerburg; 2009) NYSE, AMEX and NASDAQ at the end of year t based on 

the four-digit SIC codes. Formation of the twelve sector/industry portfolios is described in 

appendix 1 which also contains the SIC codes used in each.  

As mentioned earlier the thesis focuses on predictability of monthly, quarterly (three month) 

and annually returns. The quarterly and yearly returns are calculated as the product of the one 

month returns such that the quarterly return is the product of the last three months returns and 

the one year return is the product of the last twelve months returns. Below summary statistics 

from the monthly market and sector nominal and excess returns since 1964:12 is presented. In 

appendix 2 the correlation of nominal and excess sector returns is given.  

                                                            
5 E.g. MSCI only provides sector return data beginning in the mid-nineties and Datastream from the mid-
seventies   
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Table 1 

 

Table 2 

 

Source: Own calculation based on data from Kenneth French data library  

Table 1 and table 2 reports summary statistics for US equity sector returns based on monthly 

observations over the time period 1964:12 to 2009:12. As it can be seen NoDur, Enrgy and 

Hlth have provided the investor with the highest average monthly return over the period. 

Durbl and BusEq have been the most volatile sectors with an average std. dev. of above 6% 

on nominal monthly return. However, Enrgy and Utils have had the most volatile excess 

return with a monthly std. dev. of around 4%. Furthermore, autocorrelation given by AR(1) 

does not seem to be a problem.  

Definition of returns: 
Within the literature of stock return predictability there is no general convention regarding the 

use of simple and log return in the predictive regression model. For example Campbell & 

Sector Mean Std. dev. Min Max AR(1) Obs.

Mkt 0,86% 4,56% ‐22,54% 16,56% 0,09           540

NoDur 1,06% 4,47% ‐21,61% 18,73% 0,12           540

Durbl 0,76% 6,28% ‐32,29% 42,54% 0,14           540

Manuf 0,96% 5,37% ‐28,55% 21,54% 0,10           540

Enrgy 1,07% 5,43% ‐18,83% 24,29% (0,03)         540

Chems 0,89% 4,77% ‐24,58% 20,19% 0,03           540

BusEq 0,96% 6,77% ‐26,20% 20,46% 0,07           540

Telcm 0,80% 4,76% ‐15,56% 22,12% 0,05           540

Utils 0,81% 4,17% ‐12,65% 18,80% 0,06           540

Shops 0,97% 5,39% ‐28,31% 25,80% 0,15           540

Hlth 1,04% 5,04% ‐20,47% 29,58% 0,00           540

Money 0,97% 5,56% ‐21,97% 21,02% 0,14           540

Other 0,77% 5,63% ‐29,14% 19,31% 0,14           540

Summary statistics ‐ Monthly nominal return

Sector Mean Std. dev. Min Max AR(1) Obs.

NoDur 0,20% 2,63% ‐11,01% 13,01% 0,12           540

Durbl ‐0,09% 3,74% ‐14,25% 31,48% 0,04           540

Manuf 0,10% 1,98% ‐6,88% 10,48% 0,06           540

Enrgy 0,21% 4,23% ‐14,32% 16,86% 0,07           540

Chems 0,03% 2,55% ‐13,38% 11,63% 0,06           540

BusEq 0,10% 3,74% ‐16,27% 14,77% (0,00)         540

Telcm ‐0,06% 3,42% ‐12,47% 14,62% 0,08           540

Utils ‐0,05% 3,96% ‐14,72% 17,70% 0,06           540

Shops 0,11% 2,80% ‐9,97% 11,64% 0,10           540

Hlth 0,18% 3,38% ‐14,90% 13,02% 0,02           540

Money 0,11% 2,79% ‐13,45% 11,60% 0,06           540

Other ‐0,09% 2,15% ‐6,60% 8,68% 0,12           540

Summary statistics ‐ Monthly excess return
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Thomson (2008) use the simple return approach while Welch and Goyal (2008) use log return 

and argue that the simple return approach in general improves the predictive power of most 

models. The reason is that high stock market volatility in 1920s and 1930s depressed log 

returns relative to simple returns (Campbell & Thompson; 2008). The monthly return data 

obtained from the Kenneth French data library is calculated as a simple return. Therefore 

simple returns are consistently applied throughout this thesis. The conclusion is not expected 

to have been significant different if log return has been used instead, see Lettau & Ludvigson 

(2010) for a comparison of the forecasting power of respectably the simple excess return and 

log return.   

Equation 2.1 shows the total return for a portfolio of sector i held from time t to time t-1, i.e. 

the return including dividends and capital gains. Pi,t denotes the price of the sector i at time t 

and Di,t is the dividend from sector i received by the investor during period t. 

,   ,   ,

,
 1       (2.1) 

The excess return is defined by the return in excess of the market portfolio: 

, ,   ,       (2.2) 

Where ,  is the excess return of sector i at time t, Ri,t is the return of sector i at time t, and 

Rm,t is the return of the broad market portfolio at time t.  

3.  Asset allocation in general  

In this chapter the investor’s asset allocation decision will shortly be described, to give an 

understanding of which part of the investment process the scope of this thesis focuses on. 

The goal for the portfolio manager is to obtain the best possible risk adjusted return. That is 

achieved through the asset allocation decision. It has been shown in the literature that the 

asset allocation decision is by large the dominant factor in portfolio performance. Looking at 

return performance data from large pension plans, Brinson et al. (1986, 1991) concludes that, 

on average, the asset allocation decisions explain more than 90% of the variation in quarterly 

returns. Their conclusion has been confirmed in a study by Ibbotson & Kaplan (2000).  

Generally, the asset allocation decision can be divided into two different types of decisions 

(Littermann; 2003):  1) asset allocation between different asset classes, e.g. stocks and bonds 



14 
 

and 2) asset allocation within one asset class, e.g. countries and sectors. As emphasized in the 

introduction this thesis will explore return predictability for a portfolio manager with an 

investment universe consisting of the US equity market, hence the asset allocation process is 

limited to a single asset class within a single country; the US equity market. Therefore this 

chapter will describe the second type of asset allocation. 

Dahlquist & Harvey (2001) distinguished between three levels of asset allocation: 1) 

Benchmarking, 2) Strategic Asset Allocation (SAA) and 3) Tactical Asset Allocation (TAA). 

AD 1) The benchmark asset allocation strategy replicates the investment weights of the 

benchmark index, and hence each security must enter into the portfolio with the same relative 

weight as in the benchmark. Normally, the benchmark would be a broad market index, like 

the Morgan Stanley Capital International (MSCI) World for a global portfolio manager or 

MSCI US for an US equity only manager. The benchmark asset allocation approach is often 

referred to as a passive or equilibrium asset allocation strategy. This is a derived implication 

of the Capital Asset Pricing Model (CAPM) by Sharpe (1964) and Litner (1965) which states 

that the investors hold the market portfolio in equilibrium6. 

AD 2) The Strategic Asset Allocation refers to the long-term asset allocation, typical a five 

year horizon. The portfolio manager makes active bets compared to the benchmark based on 

long-term expected return. The active deviation from benchmark introduces tracking error 

which can be determined as the standard deviation on the excess return of the managed 

portfolio relative to the benchmark, and hence the tracking error describes how well the 

portfolio can track the benchmark (Grinold & Kahn, 2000).  

AD 3) The Tactical Asset Allocation strategy implies that the portfolio manager takes short-

term bets, and hence deviates from the Strategic Asset Allocation weights. The Tactical Asset 

Allocation usually has a duration of one to three months. The TAA introduces tracking error 

as well. In practical many funds has a limit on how large tracking error the portfolio manager 

can introduce. That implicitly puts a limit on the maximum deviation from the benchmark and 

hence the maximum degree of active bet.   

The first level of asset allocation can be characterized as an unconditional investment 

strategy, which implies that the expected return is constant and is formed based on the 

                                                            
6 If this is not the case some assets would be in excess supply, and hence there would be a downward pressure on 
the price of the assets until the equilibrium conditions is satisfied. 



15 
 

average historical return. The two latter levels of asset allocation are conditional investment 

strategies which imply that the expected return is estimated from information variables 

available today, and hence the expected return will changes through time according to 

changes in the information variables (Dahlquist & Harvey; 2001). To understand this, 

consider a regression model of next period expected stock return with the dividend yield as 

the explanatory variable. The fitted value of expected return changes through time as the 

dividend yield changes. Hence, the next period expected return is conditional on the level of 

the dividend yield of today.  

Sector allocation lie within both SAA and TAA and refer to the idea to tilt the portfolio more 

heavily into sector groups that are expected to outperform the general market based on the 

portfolio manager’s assessment of the state of the business cycle (Bodie et. al. 2008).  

In the next section the impact of return predictability on the asset allocation is discussed in 

more details to conclude if it is reasonable to assume if the evidence of the small component 

of return predictability has an effect on the optimal asset allocation strategies. 

3.1 Asset allocation and return predictability 
It has long been well known that the optimal asset allocation for investors depends on the 

assumption of the return generating process; as will be discussed in chapter 4. Samuelson 

(1969) and Merton (1969, 1971, 1973) have shown that optimal portfolio choice when the 

return generating process is assumed to be time-varying deviates from the optimal portfolio 

choice if the return is assumed to be constant; a random walk. They show that with a changing 

investment opportunity set, a risk-averse investor will hold risky assets not only for the 

positive risk premium, but also for intertemporal hedging demand. However their conclusions 

and implication for optimal portfolio choice are rather complex and makes realistic 

applications of the multi-period framework practically impossible. 

Sharpe (1987) puts the asset allocation decisions into a more practical framework, when 

exploring the impact of the assumption of the return process. Sharpe (1987) argues that, if the 

expected return is constant, and the investors relative risk tolerance does not change, he/she 

will prefer a constant-mix investment strategy; implying that SAA and TAA is not optimal. 

However, if expected returns are time-varying the investor will prefer dynamic investment 

strategies; adjustment of the asset allocation over time. That us further supported by Cochrane 

(1999b) and Campbell & Viceira (2002) who argue that return predictability allows for 
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market-timing strategies, where the allocation to stocks is raised when expected returns are 

high, and lowered when expected returns are low. 

Kandel & Stambaugh (1996) also analyse the economic significance of time-varying expected 

returns on the asset allocation decision. They show that using predictive regression to update 

the investor’s prior beliefs on the probability distribution of expected returns has a significant 

impact on the asset allocation decisions. Their analysis suggest that evidence of return 

predictability of returns can be sufficient to have an economically significant impact on asset 

allocations, even though a null hypothesis of no predictability might not be rejected at 

statistical significance levels. Campbell & Thomsen (2008) also argue that despite predictive 

regression typically produce relatively small low R2 a mean-variance investor can obtain 

economically utility gains from return predictability regressions, also at short-horizons. These 

findings have been confirmed by Gou (2006), Cooper & Priestly (2008) and Rapach et al. 

(2010)7.  

3.2 Summary 
In this section the part of the investment process which this thesis focuses on has been 

outlined. It was argued that the asset allocation policy can be divided into three sub-

categories, where return predictability is relevant for the last two sub-categories. These two 

decision categories are strategic and tactical asset allocation and are characterized as being 

conditional asset allocation strategies where expected return is estimated from information 

variables. 

Furthermore, the impact of return predictability on the asset allocation decision was discussed 

from a theoretical point of view. It was argued that if expected return to some degree shows a 

predictable component then the optimal asset allocation strategies is changed from a constant-

mix investment strategy to a dynamic investment strategy, where the equity allocation is 

conditional on the expected return. In addition, it was argued that even as insignificant or 

small R2, investors can economically benefit from applying conditional investment strategies.  

   

                                                            
7 See also Marquering & Verbeek (2004) for the economic significance of return predictability 
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4. Understanding return predictability  

In the previous chapter the impact of return predictability on the optimal asset allocation 

decision was outlined. This chapter investigates the origins of predictability of asset returns 

and whether it is reasonable to assume that expected return are time-varying given the 

theoretical framework. Furthermore this chapter works as a foundation to identify theoretical 

motivated information variables that should forecast expected return to minimize the 

probability of model over fitting and data mining. 

The first section of the chapter gives a brief introduction to the origins of return predictability. 

The second section addresses the return predictability in relation to asset pricing models and 

why time variation in returns should be expected.  

4.1 The Efficient Market Hypothesis and return predictability 
Time-series predictability of asset prices has for a long time been one of the most debated 

subjects in the field of financial economics. As stated by Cremers (2002): 

“… Stock return predictability is arguably the most hotly debated issue of empirical asset 

pricing in the last decade and a half”. 

Going back to before the 1980es there was a general consensus within the asset pricing 

literature that the Efficient Market Hypothesis (EMH) was correct. In general the EMH, 

which can be dated to Fama (1970a), states that asset prices should equal their expected 

discounted cashflow. The EMH was proposed based on the intuitive approach that if returns 

were forecastable, investors would use them to generate unlimited profits. Hence the behavior 

of market participants induce returns that obey the EMH, otherwise there would be a “money-

machine” producing unlimited wealth, which cannot occur in a stable economy (Timmermann 

& Granger; 2004).  

Fama (1970a) divides the work on market efficiency into three categories: 1) weak-form, 2) 

semi-strong form and 3) strong form. 

AD 1) the early test of return predictability was motivated by the weak-form of market 

efficiency. The literature on weak form predictability was testing for positive or negative 

autocorrelation in stock returns in auto-regression models. 
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AD 2) Studies of semi-strong form predictability were testing if future stock returns can be 

predicted from public information like financial and economic variables. This thesis relates to 

the semi-strong form of predictability. 

AD 3) Test of strong form of market efficiency relates to testing if all information, public and 

private, are discounted in stock prices. It seems intuitive that test of the strong form is not 

feasible to implement because it will require access to all private information which by nature 

is not publicly available.   

The academic belief in the EMH as a good description of the way the financial markets 

worked was very strong. As Jensen (1978) expresses his confidence on the validity of the 

EMH the following way: 

“There is no other proposition in economics which has more solid evidence supporting it than 

the Efficient Market Hypothesis” 

The above expression was shared by most academics and the first empirical evidence of 

return predictability was seen as a departure from the assumption of rational expectations and 

interpreted as a sign of market inefficiency, since any mispricing or predictability of asset 

prices was seen as an arbitrage opportunity and would quickly disappear due to arbitrageurs 

(Shiller; 1984) and (Summers; 1986). It is important to state that the EMH does not say that 

all market participants are rational, but the aggregate agent should always be rational. Under 

the EMH, prices are thought to contain all relevant information about the future and be an 

unbiased estimate reflecting the expectation of the aggregate market. If the aggregate market 

has biased expectations about the future price of a given asset, this bias would eventually be 

detected, and agents would change behavior to correct this. Any price changes are seen solely 

as the result of new information becoming available to the market participants, and if such 

information is completely unpredictable, it would not be possible to earn excess return by 

trying to forecast the future return. This does not necessarily mean that all assets have the 

same expected return, rather it reflects that any cross-sectional variation in expected returns 

should be nothing more than a compensation for risk; the Capital Asset Pricing Model 

(CAPM) approach. 

The traditional EHM approach to returns assumed constant expected returns. Samuelson 

(1965, 1973) argues that the expected risk premium should be constant over time. This view 

gained further support by Mehra & Prescott`s (1985) conclusion on the equity premium 
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puzzle. They presented empirical evidence that the equity premium has been fairly constant 

over time. The empirical evidence of a constant risk premium and the general acceptance of 

the EMH made academics to conclude that asset prices had to follow a random walk. The 

random walk hypothesis implies that asset prices are Markov processes in which the only 

information relevant for the price at time t+1 is the price at time t. Because the realization of 

the price at time t+1 is random, the random walk hypothesis rules out any predictability 

component. 

4.2 Constant expected return 
As argued above the consensus of the market model of no predictability assumes constant 

expected returns; Et[Rt+1] = R. To understand the implications of the constant expected return 

/ risk premium approach the following linear present-value relation for stock prices is defined 

(Campbell et al.; 1997). Recall the return equation 2.1: 

  1     (4.1) 

Where Rt+1 denotes the return on the stock market held from time t to time t+1. Pt denotes the 

stock price at the end of period t. Taking expectations of the above identity and solving for Pt 

gives us the following relation: 

         (4.2) 

The expected return is now assumed to be equal to zero and constant; Et[Rt+1] = 0. Also the 

expected dividends are set to zero; Et[Dt+1] = 0. Under these conditions the following relation 

is present: Pt = Et[Pt+1]. This implies that the stock price follows a random walk - or a 

Martingale - and; Pt+1 = Pt + et+1, where et+1 equals Et[Pt+1] - Pt+1 is the expectation error. Due 

to the expectation of rational agents the expectation error will be unpredictable. As a 

consequence, the price observed today is the best predictor of the price tomorrow. This 

relation only holds if the expected return is constant and equals to zero (Engsted; 2006).  

However, the assumption about zero expected return is only relevant for high-frequency 

observations like daily or weekly; following Mehra & Prescott (1985) the equity premium has 

historically been positive and hence greater than zero.  

By allowing expected return to be greater than zero; Et[Rt+1] = K > 0, prices will follow a sub-

martingale where Et[Pt+1] = (1+K)Pt. As it can be seen the sub martingale process implies that 
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the expected return is greater than zero and deviation from the constant return – abnormal 

return - is unpredictable. That implies: 

0      (4.3) 

According to LeRoy (1989) abnormal return is a fair game process where the expected return 

is zero. An important implication of that the abnormal return is a fair game, is that no active 

trading strategies based on available information can generate a higher expected return than 

K. Hence investors should simply follow a buy-and-hold strategy as argued in chapter 3. 

In the long run, a stock cannot have a positive price and expected return, unless the stock is 

expected to pay dividends sometime in the future (Engsted; 2006). Taking the relation Et[Rt+1] 

= K > 0 and solving with to Pt  we get: 

∑         (4.4) 

This is the present value relation of stock prices. As it can be seen the stock price is derived 

from the expected present value of all future dividends discounted with the constant return. 

The equation implies that, if the dividend growth can be predicted, a predictable component in 

the future return of the stock price is present. The predicable return component and the 

dividends make up the constant “normal” return, K, such that abnormal returns are still 

unpredictable. As it can be seen from the present value relation the EMH states that the 

market derives the stock price at time t by optimally using the available information about 

future dividends on time t and discounts it with the constant expected return. 

4.3 Timevarying expected return 
The empirical literature arguing against the general consensus of rational agents, efficient 

markets, constant risk premium and no predictability of asset returns can be divided into two 

approaches: 1) The literature on stock market volatility and 2) the literature on permanent and 

transitory components of stock prices. 

AD 1) The first to challenge the general consensus was Leroy & Porter (1981) and Shiller 

(1981) who argued that the volatility of stock returns were too high to be a rational predictor 

of dividend growth and interest rates.  

AD 2) Fama & French (1988) and Poterba & Summers (1988) examined if stock prices 

exhibit autocorrelation over different holding periods over the period 1926 - 1985. In an 
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univariate regression setting, using the lagged stock return as explanatory variable, they found 

large negative autocorrelations of stock prices for return horizons beyond a year, indicating 

that stock returns have a transitory component and are predictable.  Furthermore Poterba & 

Summers (1988) found that stock returns showed positive autocorrelation over short horizons 

indicating some degree of momentum in stock indices.  

Above the present-value relation with constant expected return was derived. If the expected 

return however is time-varying, the stock price does not follow a (sub)martingale process.  

When expected returns are time-varying, then the relation between prices and return becomes 

non-linear (Campbell et al.; 1997). The non-linear properties make it much more difficult to 

work with the present-value relation. Hence, it is more convenient to use a log linear 

approximation, as suggested by Campbell and Shiller (1988).  

By transforming the present-value relation of stock prices into a log linear relation, the 

relation becomes an accounting identity: High prices must eventually be followed by high 

future dividends, low future returns, or some combination of the two, and investors` 

expectations must be consistent with this. Similar, high returns must be associated with 

upward revisions in expected future dividends, downward revisions in expected returns, or 

some combination of the two (Campbell; 1991) and Campbell et al. (1997).  The accounting 

identity makes it possible to calculate the asset price process independent of the assumption of 

the behavior of expected returns (Campbell et al.; 1997). 

In the following, it is convenient to take logs of the variables in equation 4.1, such that pt = 

log(Pt), dt = log(Dt ) and rt = log(Rt ). By applying the log linear approximation of the equation 

4.2 as done by Campbell et al. (1997), the log stock price can be expressed as follows: 

  1       (4.5) 

For simplicity the parameter of linearization is ignored as done in Engsted (2006). The 

parameter ρ is equal to the average of . If it is assumed that the stock pays no dividend, 

hence  ρ  is equal to 1 and rt+1 is equal to pt+1 - pt. Then equation 4.5 can be expressed as: 

Et pt+1 = pt + Et rt+1           (4.6) 

If the expected returns is constant as in equation 4.3 but different from zero, Et[rt+1] = k, then 

we get Et pt+1=pt + k. It can now been seen that the expected log of stock prices follows a 

random walk with a drift parameter equal to k. The implication of the random walk properties 
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is that the best predictor of the stock price at time t + 1 is equal to the stock price at time t plus 

a constant, which is equal to the expected return k. The future abnormal returns are then 

unpredictable since Et[rt+1 - k], hence the variation in future returns cannot be forecasted on 

basis of information on time t, because expected return, k, is a constant independent of time 

(Engsted; 2006).  

If we allow for time-varying expected returns, the equation 4.6 is no longer a martingale and 

the best predictor of the stock price at time t + 1 is no more the stock price at time t plus a 

constant. To illustrate what happens to the price when allowing for time-varying returns, the 

same approach as before is applied. Firstly, assume the stock pays dividends, and then solve 

for  pt recursively as done by Campbell et al. (1997). 

∑ 1        (4.7) 

Equation 4.7 is the Campbell-Shiller identity (Campbell & Shiller; 1988), and it states that the 

price at time t is a linear combination of aggregated expectation of future dividends and 

returns. If the expected return is constant the variation in stock prices is exclusively due to 

variation in expected future dividends. However, if expected returns are time-varying then 

higher (lower) expected return will lead to lower (higher) prices.  

Within the financial economics literature there are generally two different views on the source 

of return predictability, see e.g. Balvers et al. (1990), Pesaran & Timmermann (1995) and 

Torous et al. (2004): 1) the first view takes expected returns as roughly constant and argues 

that any predictability is evidence of inefficiencies in the way capital markets function. 2) The 

second view argues that it is possible that the predictable components in stock returns reflect 

time-varying expected returns. 

AD 1) the inefficiency view of returns predictability argues that, in an efficient market, 

investors would bid up prices of stocks with predictably high returns, thus lowering their 

return and removing any predictability at the new price (Samuelson; 1965). However, market 

frictions are assumed to impede such price-correction (arbitrage trading). Return predictability 

can thus emerge when there are significant market imperfections, like trading costs, taxes or 

information costs (Ferson; 2007). 

AD 2) the second view claims that a certain degree return predictability is necessary to reward 

investors to invest in assets with dynamic risk factors associated with the business cycle. In a 
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general equilibrium setting it can be shown that expected returns can be time-varying, even if 

markets are efficient (Chen; 1991), Fama (1991) and (Koijen & Nieuwerburg; 2009).  

Time-varying expected return in relation to rational asset pricing models is explored in the 

next section. 

4.4 Asset pricing models and timevarying expected return 
Above the origins of return predictability and the implication of the assumption of constant 

and time-varying expected returns has been discussed. In this section the theoretical 

motivation for return predictability is presented. The section also serves to find theoretical 

motivated predictive variables, to minimize the probability of model over-fitting and data-

mining, when setting up the predictive regression model in part III. 

Most asset pricing models are a special case of the fundamental pricing equation below and 

are commonly used in empirical asset pricing tests; see e.g. Campbell et al. (1997), Campbell 

(2000) and Cochrane (2005): 

       (4.8) 

Where Pt is the price of the asset at time t, and mt+1 is the stochastic discount factor (SDF) 

also known as the marginal rate of substitution, and Dt+1 is the amount of dividends or interest 

received at time t+1. As it can be seen from equation 4.8, the prices of a given asset is 

obtained by discounting the pay-offs with the SDF as discount factor.  

Assuming nonzero prices, equation 4.8 is equivalent to: 

1  = 1    (4.9) 

Where Rt+1 is the return as defined in chapter 2.1. The expected excess return is a function of 

the risk factors that create variation in the SDF. To understand this argumentation consider 

the return of asset I, Ri,t+1, and a reference return which in this case is the risk free rate, Rf, t+1. 

Because both assets are priced with the same SDF, the excess return is then defined as ri,t+1 = 

Ri,t+1 – Rf, t+1. If the above equation 4.9 holds for both assets then it implies: 

, 0           (4.10) 

Use the definition of covariance to expand the above equation 4.10 into the product of 

expectations plus the covariance, obtaining, see Cochrane (2000): 
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,  
, ,            (4.11) 

The above equation 4.11 implies that the expected return is a function of risk, as measured by 

the negative covariance with the SDF, divided by the expected SDF or equivalently the price 

of a riskless asset. The risk function is a measure of systematic risk. The risk is systematic in 

the sense that any fluctuations in the asset return that are uncorrelated with fluctuations in the 

SDF are not priced, meaning that these fluctuations do not command a risk premium. An asset 

whose covariance with the SDF is large and negative tends to have low returns when the SDF 

is high, meaning when the marginal utility is high. In equilibrium such an asset must have a 

high excess return to compensate for its tendency to do poorly in “bad” states where wealth is 

valued high by investors (Campbell; 1999, 2000). Such states could be when the economy is 

in recession.  

One of the first equilibrium asset pricing models was the Capital Asset Pricing Model 

(CAPM), derived by Sharpe (1964) and Litner (1965). The CAPM states that expected return 

of a given asset i is given by a linear function of asset i`s beta, which is the regression 

coefficient against the market portfolio. The Arbitrage Pricing Theory (APT) followed the 

CAPM and was introduced by Ross (1976) as an alternative to CAPM. The APT model can 

be viewed as a more general asset pricing model than CAPM because it allows for many risk 

factors but without explicitly stating which and the number of risk factors. The CAPM and 

ATP models were initially meant to explain the cross-section variation in asset returns 

(linking the expected unconditional return to the unconditional risk premia), but some of their 

properties can be generalized to time-series analysis as well. Firstly, both models show that 

the expected return of a given asset should equal the risk free return plus a risk premium. 

Hence, the models state that the expected return is time-varying if the expected risk premia 

are time-varying. Secondly, the models show that expected return of sector i is depending on 

the sector loadings with the respective risk premia, such that expected return from sectors 

with high risk loadings should be high when risk premia are high and vice versa for sectors 

with low risk premia loadings. This motivates to categorize sectors into cyclical and non-

cyclical sectors. That is done in chapter 6.4.3. 

Despite that the CAPM and APT insight into time-varying expected returns, these models 

take the risk premium as exogenous factors and hence the price of risk is determined outside 

the model (Campbell et al.; 1997).  
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A model that takes the risk premium as an endogenous parameter is the Consumption CAPM 

(CCAPM), see e.g. Campbell et al. (1997), Campbell (1999) or Cochrane (2005) for a more 

detailed derivation of the CCAPM. 

,     ,   , , ∆            (4.12) 

The CCAPM relation states that the required excess return to any risky asset varies positively 

with the coefficient of relative risk aversion and the covariance between the return and the 

consumption growth. This implies firstly that the more risk averse the investor is, the higher 

excess return is required to hold the risky asset. Secondly it implies that assets, which are 

highly correlated with innovation in consumption, which is a proxy for the business cycle8, 

must provide a higher expected return (Campbell; 1999). The CCAPM relation states that 

time variation in the expected excess return could be predicted, if the components can be 

predicted; the coefficient of relative risk aversion and the riskiness of return which is 

measured as the correlation with consumption growth. Hence the CCAPM tie the dynamic 

behavior of expected excess return to the risk aversion parameter and the real economy.  

4.4.1 What generates timevarying return? 
Both the CAPM, CCAPM and APT are static models where the investors optimize only one 

period ahead of time, and hence do not tell anything about what generates time-varying 

excess returns. In this section the potential existence of time-varying expected returns is 

explained from two theoretical models: 1) Habit formation consumption model and 2) 

Intertemporal Capital Asset Pricing Model (ICAPM)   

AD 1) Campbell & Cochrane (1999) has developed a rational expectations model that offers 

an intuitive explanation to why expected return varies over time. They argue that the time 

variation in expected returns is due to “Habit Formation”, where habit is a slow-moving 

nonlinear average of past aggregate consumption. In short, the underlying assumption of the 

model is that the expected aggregated utility of consumption in the economy depends on some 

level of past consumption. When there is a decline in consumption, e.g. due to business cycle 

fluctuation, the risk aversion increases as the consumption closes in on the habit-formation 

consumption. Accordingly, the risk aversion drops when the consumption increases compared 

to the habit-consumption. This implies that when the economy is in a bad state, and hence the 

                                                            
8 The consumption is the largest component of GDP 
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consumption is low relative to the habit consumption, investors then demand a higher risk 

premium and vice versa when the economy is in a good state.  

The implication of the habit-consumption model is that risk-aversion is time-varying and 

negatively correlated with the business cycle and hence the expected return is counter-cycle 

and time-varying. Brandt & Wang (2003) finds in at set-up similar to Campbell & Cochrane 

(1999), that time-variation in risk aversion is economically and statistical significant and 

relates to the business cycle. This implication seems intuitive because investors should be 

more sensitive to additional negative shocks in aggregate stock prices (and hence additional 

negative shocks in consumption) in recession periods where the marginal utility of 

consumption is high and vice versa in economic expansion (Maio; 2009).    

AD 2) Fama (1970b) shows that the one-period (C)CAPM can no longer apply to a multi-

period setting if the consumption and investment opportunity or investors preferences change 

over time. In the multi-period asset pricing model of Merton (1973), investors in equilibrium 

are compensated in terms of expected return for exposure to two types of risk: 1) market risk 

premium and 2) changes to the future consumption and investment opportunity set (Merton; 

1973). The first type is equal to the CAPM risk premium and relates to the current period 

meanwhile the latter relates to future periods.  

The ICAPM of Merton (1973) is often used as argumentation for rational existence of return 

predictability in equilibrium; see, among others, Fama & French (1989), Chen (1991), Fama 

(1991), Flannery & Protopapadakis (2002), Bansal et al. (2003), Ozoguz (2008) and 

Bollerslev et al. (2009). Merton`s (1973) ICAPM shows that when consumption and 

investment opportunities vary over time, investors adjust their investment to hedge against 

unfavorable shocks to the consumption and investment opportunity set. This induces 

additional risk premia associated with the covariance between asset returns and unanticipated 

changes in state variables that describe the time-variation in the consumption and investment 

opportunity set. Accordingly, when the representative investor has a risk aversion coefficient 

greater than one, assets that covary positively with future consumption and investment 

opportunities have higher average expected returns. The investors demand a higher risk 

premium from these assets because they reduce the agent`s hedging ability when consumption 

and investment opportunities deteriorate. Hedging demand refers to the component of asset 

demand that is determined by investors` responses to changing consumption and investment 

opportunities (Campbell; 1999). This implies that state variables that forecast change in 
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consumption and investment opportunities are priced risk factors and hence affect the 

expected return (Merton; 1973), (Chen; 1991) , (Ozoguz; 2008) and (Bali & Engle; 2010). 

4.5 Theoretical motivation for selection of information variables 
The Habit formation consumption model and the ICAPM relation lead to that it is intuitive to 

assume that expected return is counter cycle with respect to the business cycle / real economy, 

such that expected return rises during an economic downturn (recession) and falls during time 

of economic growth (expansion). Hence, variables that capture the dynamics of expected 

return must also be proxies for business cycle risk, investor risk aversion or other source of 

risk premium. If this is the case, return predictability is consistent with the EMH hypothesis 

described in chapter 4.1, see also e.g. Fama & French (1989) and Fama (1991).  

This theoretical insight motivates the use of the following information variables to forecast 

expected return9:  

1) Valuation variables: The theoretical motivation to include valuation ratios as predictive 

variables can be divided into three arguments. Firstly, valuation ratios can be motivated based 

on the Campbell-Schiller identity showed in chapter 4.3. Recall equation 4.7: 

∑ 1      (4.13) 

The above equation can be rewritten such that the log dividend-price ratio is isolated on the 

left side of the equation. The right side of the equation now consists of expectations to 

dividend growth and future returns. 

∑                                (4.14) 

The above equation shows that there is a fundamental relation between the price-dividend 

ratio, the expected return and the change in dividends. It says that under time-varying 

expected returns and rational expectations the price-dividend ratio will have predictive power 

of future returns and dividend growth. The price-dividends ratio can only vary if it forecasts 

changing dividends growth or if it forecasts changing returns (Cochrane; 2005). Cochrane 

(2005, 2008) argues that if this was not the case, then present value relation would imply that 

the price-dividend ratio was constant, which is not the case. This fact implies that price and 

                                                            
9 The argumentation for the empirical motivation of the selection of the information variables is explored in 

chapter 7.1.     
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dividends are cointegrated; since the dividend yield is stationary, either the dividend growth 

or the price growth most be forecastable to bring the dividend yield back following a shock. 

Cochrane (2008) further shows that all variation in the price-dividend ratio corresponds to 

changes in expected excess returns and none corresponds to news about future dividend 

growth. 15) 

Secondly, the price-dividend can be motivated from the general conditional asset pricing 

relation explored in chapter 4.4. Recall equation 4.11: 

,  
, ,               (4.15) 

Following Engström (2003) and substituting Ri,t+1 with the return definition defined in chapter 

2.1,    
, the equation 4.15 can be manipulated to elucidate the role of the 

dividend-price ratio in determining the equity risk premium: 

,  
,

 
 
  

  

 
,   ,  

       (4.16) 

It is clear from the second part of equation 4.16 that the dividend-price ratio ( ) is a 

component in measuring the equity risk premium. The equation decomposes the equity risk 

premium into two components (Engström; 2003). The first term of the equation captures the 

risk related to capital appreciation of the stock market. The second term of the equation 

captures the component of the equity risk premium which is related to fundamental (dividend) 

growth. 

Thirdly, it has been argued that valuation ratios track time-variation in business cycle risk 

such that valuation ratios change symmetric in response to variations in economic conditions 

(and asymmetric in response to expected excess return); this leads to high valuation ratios in 

good times and low valuation ratios in bad times (it takes a higher risk premium to get 

investors to hold stocks at the bottom of a recession), see e.g. Fama & French (1989) and 

Mele (2007).  
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In addition, valuation ratios take into account information about the fundamental strength of 

the corporations by including dividends or earnings in the denominator and the aggregated 

stock price is included in the numerator which gives information about the market price of the 

fundamentals. Hence, the price-dividend and price-earnings ratio can be seen as a proxy for 

the market risk premium (Rozeff; 1984). 

2) Macroeconomic variables: In general, macroeconomic variables are obvious candidates to 

forecast expected stock returns both in a CCAPM and ICAPM framework. Merton (1973) 

suggests the short-term interest rate as a relevant state variable risk that is proxy for shifts in 

the investment opportunity set. Petkova (2006) applies an ICAPM model where the short-

term interest rate, term spread and default spread are state variables and Chen et al. (1986) 

derives an APT model where macroeconomic variables are priced risk factors. 

Macroeconomic variables are also proxies for shock to firms` cash flow risk and they 

influence the risk-adjusted discount rate as in line with the habit formation consumption 

model (Perez-Quiros & Timmermann; 2000), (Flannery & Protopapadakis; 2002) and (Bali & 

Engle; 2010). 

Macroeconomic variables have largely been applied in the empirical macroeconomic 

literature to forecast business cycles see, among others, Levanon (2010). Hence 

macroeconomic variables can be considered as state variables in dynamic asset pricing 

models, because they are proxies for changes to consumption risk and investment 

opportunities. Specifically the term spread, (the spread between the interest rate of long 

maturity and short maturity government bonds) and the credit spread (the spread between 

interest rate on corporate bonds with low and high credit rating) capture short-term cyclical 

business conditions and forecast recession periods, see, among others, Harvey (1988), Fama 

& French (1989), Chen (1991), Chauvet & Potter (2005) and Ang et al. (2006). Polk et al. 

(2006) further argue that the term spread should predict excess returns on stocks because it 

predicts excess returns on long-term bonds. As stocks are also long-term assets, the term 

spread should also forecast excess stock returns, if the expected returns of long-term assets 

move together.   

Furthermore, Fama (1981) argues that an unobserved negative shock to the growth in real 

economic activity induces a higher nominal T-bill rate (short-term interest rate) through an 

increase in the current and expected future inflation rate. The t-bill serves as a state variable 

proxying for the markets participant’s expectations of future economic activity. Furthermore, 
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the short-term rate also serves as a proxy for firms interest costs (Perez-Quiros & 

Timmermann; 2000). 

Brandt & Wang (2003) argue that inflation is a valid determinant of risk-aversion in a cross-

sectional analysis with bonds and stocks. The intuition is that an unexpected rise in inflation 

leads to negative shocks in real financial and non-financial wealth, which leads to higher risk 

aversion.  

3) Proxies for risk aversion and hedging demands: Indicators of the representative agent’s 

risk aversion and hedging demands are also likely candidates to forecast expected stock 

returns because they are proxies for consumption and investment opportunity risk as in the 

theoretical framework of Campbell & Cochrane (1999) and Merton (1973).  

Bollerslev et al. (2009) and Bollerslev et al. (2010) link the variance risk premium, which is 

the difference between implied variance from traded S&P 500 options and realized stock 

market variance, to the coefficient of risk aversion for the representative investor. Drechsler 

(2010) and Drechsler & Yaron (2010) link the variance risk premium to macroeconomic 

uncertainty and argue that time-variations in the variance risk premium reflects variation in 

the level of investor uncertainty. 

Two of the most empirical investigated hedging risk factors in the ICAPM context is the 

Fama & French (1993) value premium (HML) and small cap premium (SML) (Guo et al; 

2009). HML corresponds to the return of a portfolio long in high book-to-market stocks and 

short in low book-to-market stocks. SML corresponds to the return of a portfolio long in small 

cap stocks and short in large cap stocks. Campbell & Vuolteenaho (2004a) finds that the 

ICAPM explains the average returns of value and growth stocks better than the standard 

CAPM. They argue that they are proxy for two different equity risks premia and hence are 

proxy for shocks to investment opportunities and hence should be a good predictor of 

aggregate stock returns (Fama & French; 1993), (Petkova; 2006) and (Campbell; 2008).    

Perez-Quiros & Timmermann (2000) argue that movements in SML are closely related to the 

state of the economy. The SML premium is small or negative prior to and during the early 

recession phase. Perez-Quiros & Timmermann (2000) argue that as recession growth deepens, 

small firms rapidly loose collateral and hence become more risky which leads the investors to 

require higher risk premiums for small cap stocks. In addition Liew & Vassalou (2000) have 

showed that HML and SMB factors forecast future rates of economic growth and Chordia & 
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Shivakumar (2002) confirms that HML and SML are correlated with variables that track the 

business cycle. Hence, the value and small cap premium can also be perceived as proxy for 

real macroeconomic risks.  

Also stock return variance is said to be a hedging risk factor component in the ICAPM, see, 

among others, Gou & Whitelaw (2006). Furthermore, there is strong evidence that stock 

return variance is linked to the business cycle. Schwert (1989) finds that volatility being 

higher during recessions than during expansions. 

Applying hedging factors that are priced risk factors in cross section models in time-series 

analysis is a desirable feature because it links time-series and cross sectional findings. This 

makes the conclusions less vulnerable to data mining (Fama; 1991) and (Campbell; 1996).   

4.6 Summary 
In this chapter an overview of the origins and theoretical foundation of stock return 

predictability has been given. The purpose was to give an understanding of return 

predictability and to find theoretical motivated predictive variables to minimize the 

probability of model over-fitting in the empirical part of the thesis.  

It was argued that in the beginning of the EMH era rational equilibrium asset pricing was 

associated with the constant expected return paradigm that did not allow for return 

predictability. The growing evidence against the statement that asset returns followed a 

random walk, made academics to question the constant return paradigm. In the chapter it was 

shown that the common stock price relation could be expanded to a dynamic relation that 

allows for time-varying expected return. 

Secondly, it was shown from dynamic asset pricing models that time-varying expected return 

was due to 1) time-varying countercyclical risk aversion that increases in “bad” states of the 

economy and decreases in “good” states and 2) hedging demands from investor’s response to 

changes in the future consumption and investment opportunities set. Hence, variables that 

capture 1) changes in risk aversion and 2) changes in further consumption and investment 

opportunities should be expected to forecast expected returns. In addition, it was argued that if 

the variables that forecast expected returns are a proxy for business cycle risk or other risk 

factors, time-varying expected return can be seen as a rational feature of equilibrium 

condition and thus not violating the EMH. In other words, return predictability is a 

consequence of systematic risk premium factors and does not result in abnormal return. 
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The theoretical framework leads to derivation of three sub-categories 1) Valuation variables, 

2) Macroeconomic variables and 3) proxies for risk aversion and hedging demands that 

should be theoretical valid predictors of expected return. Valuation variables can be motivated 

by valuation models like the Campbell-Schiller identity and dynamic asset pricing relation. 

Macroeconomic variables can be seen as important state variables describing the risk to shifts 

in the consumption and investment opportunity set. Proxy variables can as well be derived 

from the asset pricing theory to be valid forecasting variables based on hedging arguments 

and as proxies for the aggregated risk aversion.  

Furthermore, the cross-sectional insight from the CAPM and APT motivated to categorize 

sectors into respectively cyclical and non-cyclical sectors, which is conducted in chapter 6. 

5. Testing for Predictability of Asset Returns 

Chapter three outlined investor’s asset allocation decision when asset prices contain a 

predictability component. Chapter four outlined the theoretical motivation for return 

predictability. This chapter discusses the econometric framework regarding return 

predictability commonly applied within the empirical finance literature. Firtsly, the 

econometric model is presented. Secondly, the potential econometric issues regarding return 

predictability are outlined. Thirdly, the aspect of short- and long-horizon return predictability 

is discussed and fifthly, the differences in in- and out-of-sample predictability tests are 

discussed.   

5.1 Linear Forecasting Models  
Many empirical studies within financial economics have tried to estimate the relationship 

between a set of information variables and the expected return on the stock market by linear 

regression models. They focus on assessing the level of predictability through statistical 

measures. The most common notation of the linear regression models is as follow: 

rM,   ,   , µ       (5.1) 

Where , ,   ,  is the excess return of a given asset in period t, ,  is the market 

nominal or real return including dividends (as defined in chapter 2.1), ,   is the nominal 

or real short-term risk-free rate,  is a valuation or macro variable that is believed to predict 

future returns lagged by one period or more, and µ  is the regression`s disturbance term. From 

the above equation it can be seen that at time t-1 the conditional expected excess return is 
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given by: E rM,   ,   , . The predictive regression model is typically 

estimated using linear OLS procedure; see e.g. Stambaugh (1999), Rapach & Wohar (2006) 

and Pastor & Stambaugh (2009)10.  

The above predictive regression equation has normally been tested on the aggregated stock  

market where xt-1 is the price dividend ratio, price- earnings ratio or a function of interest 

rates. The above regression has also been applied in a number of studies to forecast excess 

bond returns in the fixed income market and excess currency return in the foreign exchange 

market11, see e.g. Mark (1995), Kilian & Taylor (2003) and Cochrane & Piazzesi (2005). 

The predictive variables enter into the regressions lagged by one period or more, because they 

must be known at the beginning of the forecasting period. The challenge of predictive 

regressions is to find information variables with significant predictive power. The predictive 

ability of the information variable is typically assessed by examining the robust t-statistics of 

the OLS estimated slope coefficient, β, and the adjusted goodness-of-fit (adj. R2)  If the 

classic interpretation of the EHM with constant expected return, as discussed in chapter 4, 

holds, the slope coefficient, β, must be equal to zero under the null hypotheses of no 

predictability, and hence the expected return follows a random walk.   

The predictive variable is often assumed to follow a stationary first-order autoregressive 

(AR(1)) process. 

        (5.2) 

The autoregressive coefficient is often close but strictly less than one, which means that the 

predictive variable is highly persistent12 (Lewellen; 2004). In fact, Cochrane (2005) argue that 

the slow movement of valuation ratio means that return predictability is an open question.  

When using the predictive model 5.1, in return predictability tests, the empirical finance 

literature has generally applied three methodological approaches. The first and most widely 

used approach, which is also applied in this thesis, tests the predictive power of one single 

predictive variable. Xt and β are (1 x 1)-vectors. For example Rozeff (1984) tests the statistical 

significance of the dividend yield to forecast the equity risk premium, Lettau & Ludvigson 

                                                            
10 Wohar & Rapach (2005) argue for an alternative approach to return predictability assuming non-linearity in 
the underlying data-generating process. As outlined in section 1.2, this thesis only focuses on linear predictive 
regression models and hence non-linearity models will not be analyzed further. 
11 This thesis only explore time-series predictability within the stock market 
12 The econometric issues regarding forecasting of stock returns is discussed in chapter 5.2. 
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(2001) test the predictive power of the consumption-wealth ratio, and Rapach & Wohar 

(2006) test the predictive power of nine different valuation and economic variables.  

The second approach applies multiple regression models, where Xt is a (N x 1)-vector and β is 

a (1 x N) - vector, where N is the number of predictive variables. For example Chordia & 

Shivakumar (2002), Petkova (2006) and Welch & Goyal (2008) apply this kind of multiple 

regression model. Welch & Goyal (2008) call their approach for “Kitchen Sink” regressions. 

The third approach, which is the least used method within the literature, makes use of model 

selection criteria. Predictions from several models, with a varying number of variables, are 

estimated at time t. The estimated model with “best” predictive value is chosen based on 

model selection criteria such as the adj. R2, the Akaike criterion, or the Schwarz criterion. 

Example of articles applying the model selection criteria approach is Pesaran & Timmermann 

(1995) and Bossaerts & Hillion (1999).  

The above regression model 5.1 is a rather simple econometric model; however the statistical 

issues when testing for return predictability are manifold. Standard statistical tests rely on 

first-order asymptotic distribution, which implies that t-statistics are approximately standard 

normal distributed in large samples. However, different properties of the information variable 

and econometric problems may violate the assumption of first-order asymptotic and lead to 

the power of the information variables appear more significant than they really are and the 

null hypothesis of no predictability is rejected too often; suggesting return predictability when 

in reality there is no return predictability. The econometric issues when forecasting returns are 

discussed next.    

5.2 Econometric issues when forecasting returns 
As mentioned above there are several potential econometric issues when forecasting stock 

returns. The issues is linked to each other and include 1) Persistent and predetermined 

predictive variables, 2) Spurius regressions, 3) Data-mining, 4) Overlapping data and 5) 

Stationarity and Structural breaks.  

AD 1) as mentioned above most of the applied predictive variables are highly persistent with 

an autoregressive coefficient close to one and furthermore they are not exogenous but lagged 

endogenous (predetermined) variables. These two facts result in that the disturbance term, µt, 

is correlated with the forecasting variables xt. That leads to violation of the OLS assumption 
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of independence at all leads and lags. To understand this, recall the predictive regression 

system 5.1 and 5.2: 

rM,   ,   , µ    

   

If the predictive variable is a valuation ratio, and hence is a function of the stock price, then 

the innovation term in the predictive variable ηt will be negative correlated with the 

innovation term µt in returns. This occurs because e.g. dividends are smoother than stock 

prices. Thus, an increase in stock prices is typically accompanied by a less than proportional 

increase in the valuation ratio so that the price increase drives down the valuation ratio while 

at the same time driving up the current period return, thereby generating a negative correlation 

between ηt and µt. If the predictive variable is serial correlated then it implies that it will be 

correlated with past values of its innovations. This leads to that the forecasting variables are 

merely predetermined and not exogenous (Lettau & Ludvigson; 2010). 

Nelson & Kim (1993) and Stambaugh (1999) have pointed out that, under these 

circumstances, the predictor coefficient, β, will be biased up and positive skewed in finite 

samples, and more variable than suggested by OLS, leading to sizeable over rejection of the 

null hypothesis using conventional critical values. Notationally, as shown in Campbell et al. 

(1997), Stambaugh (1999) and Lewellen (2004), these biases can be summarized as: 

        η   η           (5.3) 

Where T is the sample size, σµη ≡ Cov(µt,ηt ) the covariance between the innovations µt and ηt, 

and  ≡ Var(µt) the variance of µt,    = (1 - δ2) ,  ≡ Var(xt). 

The potential problem with persistent predictive variables is most relevant for long-horizon 

forecasts (Cochrane; 2005). Hence, it is not considered as a significant issue in this thesis. 

However, to take into account the potential problem with persistent predictive variables all 

interest series are detrended as recommended, among others, by Ang & Bakaert (2007). This 

makes the time-series stationary. In addition robust t-statistics which takes into account 

autocorrelations in the error term is applied when assessing the statistical significance of 

return predictability  
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AD 2) Spurious regression was studied by Granger & Newbold (1974) and Yule (1926) on 

economic data. They warned that spurious relations may be found between levels of non-

stationary time series that are actually independent. That is, if two variables are highly 

persistent over time, a regression model of the two variables will likely result in a slope 

coefficient with statistical significant t-statistics, despite that the variables are completely 

unrelated. In relation to forecasting stock returns, it would be obvious to argue that spurious 

regression is not an issue because stock returns only exhibit small autocorrelations, as 

illustrated in table 1 and 2, and hence is not a persistent variable. Indeed, when there is no 

persistence in the true expected returns, the spurious regression phenomenon is not a concern, 

even when the predictive variable is highly persistent, as valuation ratios as argued above. 

This implies that spurious regression would not constitute a problem when testing the null 

hypothesis that expected returns are unpredictable, even if a highly autocorrelated predictive 

variable is used. However, Lettau & Nieuwerburgh (2008) argue that the extreme persistence 

of valuation ratios implies that expected returns have to be extremely persistent as well. 

Furthermore, as pointed out by Ferson et al. (2003), there is a good reason to expect that the 

expected returns may be persistent from the asset pricing models explored in section 4.4. 

They linked the expected excess returns to the function of expected economic growth rate and 

state variables that are likely to be persistent. If the true expected return is a highly persistent 

autoregressive time series, then there is a potential risk for spurious regression. Ferson et al. 

(2003) advocate stochastic detrending and use of robust t-statistics. This approach is also 

applied in this thesis.         

AD 3) Lo & MacKinlay (1990), Foster et al. (1997) and Ferson et al. (2003), among others, 

show that repeated visit of the same dataset leads to a problem that is referred to as model 

overfitting; the tendency to discover spurious relations when applying tests that are inspired 

by evidence from previous work13. These articles point out that a specification search over 

even a small number of predictive variables can bias standard procedures for drawing 

inferences, and may produce spurious predictability with the same significance as reported in 

earlier articles. Moreover, Ferson et al. (2003) have shown that highly persistent time-series 

are more likely to be found significant in the search for predictive variables, implying a kind 

of spurious regression bias, even outside the classic setting of Granger & Newbold (1974) and 

Yule (1926). As a consequence, if past articles use similar data, the possibility of decades of 

data mining could cloud any inference regarding return predictability.  

                                                            
13 Lo & MacKinlay (1990) call it data-snooping 
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One way to eliminate the potential possibility of data-mining is to apply the same test of 

predictability to other markets and time periods, see e.g. Solnik (1993). However this 

approach leads to a potential problem if the return of the other market is highly correlated 

with the previously examined market, which might derive false confidence of no problems 

with data-mining (Foster et al.; 1997).  Other ways to deal with the issue of data-mining is by 

examining longer time series and sub-samples (Goetzmann & Jorion; 1995) or make use of 

out-of-sample tests (Clark; 2004). 

The concern of data-mining is not expected to be a potential problem in this thesis, because 

the selection of the applied predictive variables is based on a solid theoretical foundation 

explored in chapter 4. However, to eliminate the possibility of data-mining the predictive 

models are also applied on sub-samples and the out-of-sample performance is tested as well.  

AD 4) the main concern with long-horizon regressions follows from the use of overlapping 

data. This causes the error term to be strongly serially correlated. As a result, OLS standard 

errors understate the variance of the least-squares estimator of the predictive slope coefficient, 

β. The evidence for long-horizon predictability thus critically depends on the choice of 

standard errors for making statistical inference. 

The predictive regressions in this thesis uses non-overlapping data observations to avoid the 

potential problem discussed above.  

AD 5) to make use of time-series models the predictive variables most be stationary. 

Economically predictive variables should be stationary, unless there is an explosive bubble in 

stock prices (Campbell et al.; 1997), (Lewellen; 2004) & (Cochrane; 2008). To understand 

this, suppose, for example, that the predictive variable is the price-dividend ratio. Then the 

price-dividend ratio is stationary if prices and dividends are co-integrated, implying that, in 

the long run, dividends and prices grow at the same rate. From both a theoretical and 

empirical perspective the existence of bubbles in asset prices can be ruled out, see e.g.  

Campbell et al. (1997) for arguments against bubble behavior in stock prices.    

Stambaugh (1999), Lewellen (2004) and Campbell & Yogo (2006) explicitly exclude the 

possibility that predictive variables follow explosive non-stationary processes. However, 

Torous et al. (2004) argue that the a priori assumption of stationarity is not completely 

satisfied for many predictive variables. They showed that rational expectations can imply 

non-stationarity in predictive variables that are functions of asset prices, which is true for 
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valuation ratios. In particular since rational expectations must not be expected to change, 

otherwise they are not rational (Samuelson; 1965), an expectation about a future quantity 

must follow a random walk if innovations in expectations are independent and identically 

distributed (iid) (Roll; 2002) 14. Since asset prices are functions of expectations about future 

quantities, then predictive variables which are functions of asset prices will also follow a non-

stationary random walk. This is further supported from theargumentation in AD 2.  

Furthermore, the predictive variable might exhibit other forms of non-stationarity, if there has 

been a structural break within the time-series (Lewellen; 2004). Jagannathan et al. (2000) and 

Fama & French (2002) have argued that the equity premium have dropped sharply in the post-

war II data and Campbell (1999) notes that the relationship between stock prices and 

fundamentals in the 1990s appears to have changed. If the drop is permanent and not due to 

transitory sentiment or the business cycle, it should lead to a permanent drop in the valuation 

ratio and hence non-stationary properties; the valuation ratio will not return to its mean and 

hence is not co-integrated.  However, if the drop in the valuation ratio is really caused by a 

permanent drop in the risk premium and, for instance, not because of change in dividend 

payout policies, then it is acknowledged that the valuation ratio tracks changes in expected 

returns (Lewellen; 2004). 

Letteau & Nieuwerburg (2008) examine the possibility that the price-dividend ratio has been 

exposed to a structural break. They conclude that the null hypothesis of no break against the 

alternative hypotheses of structural breaks is strongly rejected in favour of a break in 1991 or 

two breaks in 1954 and 1994. They point out that the question of whether the price-dividend 

ratio is subject to one or two breaks does not have a clear answer. They find similar results for 

the price-earnings ratio. The conclusion of a structural break in the price-dividend ratio in the 

nineties is further supported by Timmermann et al. (2005). They also argue that the short 

interest rate is subject to a structural break in 1974 and the term spread and default premium 

in 1975.  

                                                            
14 Roll (2002) also argues that the increments does not necessary have to be iid to be non-stationary, if, for 
example, the volatility is time-varying.  
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   Source: Letteau & Nieuwerburg (2008) 

As mentioned in chapter 1.2 it is general assumed that the predictive variables applied in the 

thesis fulfill the OLS assumptions, as in line with the empirical finance literature. However, to 

avoid drawing inference from non-stationary time-series, the predictive variables applied in 

the predictive regression models are tested for containing a unit-root in chapter 8.1. 

Furthermore, the interest rate series is stochastically detrended and robust t-statistics which 

takes into account autocorrelation in the error term is used as suggested by Ang & Bakaert 

(2007). In addition, to take into account structural breaks within the data series, regression 

results based on sub-samples ranging from 1991:12 to 2009:12 is presented. 

5.3 Short vs. Longhorizon predictive regressions 
The general consensus concerning stock return predictability is that the predictability is most 

significant at long multi-year horizons. Campbell (1999) shows that the explanatory power of 

the dividend-price ratio as predictive variable in a regression on stock returns, increases from 

around two percent at a monthly frequency to 18 per cent at an annual frequency and 34 per 

cent at a two year frequency. Cochrane (2005; 2008) comes to similar results and states that 

“The 4-7% R2 do not look that impressive, but the R2 rises with horizon, reaching values 

between 30 and 60%, depending on time period and estimation details”.  

The main reason why long-horizon regressions exhibit a higher degree of predictability is due 

to that the information variables in many cases are highly persistent. If short-term returns are 

slightly predictable by a slow-moving (persistent) variable, the predictability component adds 

up over the long-horizons resulting in higher and more significant slope coefficient and R2 

(Cochrane; 2005). Furthermore, it is argued that long-horizon regression models produces 

more accurate results by strengthening the signal coming from the data while eliminating the 

noise (Campbell; 2001) and (Valkanov; 2003).  

However, it is important to notice that long-horizon forecasts contains the same information 

as short-horizon forecasts, but the high autocorrelation (persistency) in the predictors are the 
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main driver of return predictability. Hodrick (1992) argues that when adjusting for 

overlapping returns there are almost no differences between short- and long-horizon forecasts. 

This is confirmed by Ang & Bakaert (2007) who argue that the significant long-horizon return 

depends on the choice of standard errors. The evidence for long-horizon predictability 

disappears when corrected for heteroskedasticity and removing the moving average 

component in the error term. Boudoukh et al. (2008) provide evidence based on simulation 

that long horizon predictability may result from highly correlated sampling errors.   

Furthermore, Ang & Bakaert (2007) show in a non-linear Gordon growth model that long-

horizon regression models do not capture the dynamics of expected return better than short- 

horizon regression models. In addition, a number of studies has found significant evidence of 

short-horizon return predictability see, among other, Lewellen (2004), Gou (2006), Ang & 

Bakaert (2007), Cooper & Priestley (2009), Bollerslev et al. (2009),  Bollerslev et al. (2010) 

and Henkel et al. (2010).  

As outlined in chapter 1.2 the thesis is deliminated to short-horizons predictability. Based on 

the above discussion it is assessed that the choice of time-horizon does not necessarily 

influence the conclusions of the thesis.   

5.4 Insample vs. Outofsample return predictability 
Predictability tests can be conducted based on the in-sample fit of the regression model or 

they can be based on the out-of-sample fit obtained from recursive or rolling regressions. In 

the first case, the full sample is used when estimating the regression model. In the second 

case, it is attempted to mimic the data constraints faced by a real-time investor. The investor 

estimates next periods return from the predictive regression model. Where the in-sample tests 

normally relies on standard test statistics such t-tests or F-tests, as discussed in chapter 5.1, 

out-of-sample tests are tests of equal predictive accuracy and tests of forecast encompassing 

(Inoue & Kilian; 2004). 

The first articles that provided evidence of time variation in expected returns were mainly 

concerned about in-sample tests of predictability. Despite of the econometric issues 

concerning in-sample tests of predictability, as discussed above, it was general accepted 

among financial economist that stock returns exhibit some degree of predictability. Cochrane 

(1999) calls it “a new fact in finance” and Campbell (2000) concludes as follows: 
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 “Despites these difficulties, the evidence for predictability survives at reasonable if not 

overwhelming levels of statistical significance. Most financial economists appear to have 

accepted that aggregate returns do contain important predictable component”. 

However, to model valid predictive regression equations and explore potential economic 

benefits of time variation in expected returns in a practical setting, it must also be evident in 

out-of-sample tests, see e.g. Ashley et al. (1980). Campbell (2008) puts it this way:“The 

ultimate test of any predictive model is its out-of-sample performance”. Furthermore it is a 

common perception within the literature that the out-of-sample prediction is more reliable 

than in-sample prediction, and in-sample tests are more exposed to spurious predictability and 

data mining than out-of-sample tests (Clark; 2004), (Inoue & Kilian; 2004) and (Rapach & 

Wohar; 2006)15. 

5.4.1 On the Outofsample return predictability 
One of the first articles to question the evidence of return predictability from in-sample tests 

was Bossaerts & Hillion (1999). They concluded that the out-of-sample forecasting power of 

the best in-sample forecasting model showed no significant evidence of out-of-sample return 

predictability. The result was confirmed by Goyal & Welch (2003) who found that the 

dividend-price ratio was able to beat the historical average in-sample prior to 1990, but that 

this evidence disappeared in out-of-sample tests. Goyal & Welch (2008) investigated a large 

number of predictive variables for stock market returns using a “kitchen sink” model. They 

concluded that many of the variables that are able to forecast in-sample returns fail to perform 

out-of-sample. They showed that the out-of-sample mean-square prediction error is higher 

when using many predictor variables than when using the simple historical mean (the constant 

expected equity premium model discussed in chapter 4) to forecast expected return. They 

concluded that:  

“the profession has yet to find some variable that has meaningful and robust equity premium 

forecasting power”  

and advocated for using the historical mean as a benchmark instead of attempts to forecast 

returns from predictive regressions.  

                                                            
15 This will be questioned in more details later in the section  
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These conclusions lead some financial economists to conclude that the evidence of return 

predictability argued in the earlier papers was due to spurious regressions and data-mining 

(Inoue & Kilian; 2004), (Rapach & Wohar; 2006) and (Goyal & Welch; 2008). 

However, on the contrary of the above stated conclusions several studies have been able to 

document out-of-sample return predictability for a number of financial end economic 

indicators. For example Lettau & Ludvigson (2001) and Guo (2006) find that the 

consumption-wealth ratio (CAY) predicts stock returns out-of-sample. In addition, Guo 

(2006) also concludes that stock market volatility has strong forecasting power of excess 

return. Rapach & Wohar (2006) found that certain financial variables, such as the equity 

share, the term spread and the short-term interest rate, have significant in-sample and out-of-

sample predictive ability. The predictability of the short-term interest rate has also been 

confirmed by Ang & Bakaert (2007). 

Furthermore, in response to the above stated conclusions against out-of-sample stock return 

predictability, Campbell & Thompson (2008) argued that a real time investor can benefit from 

using predicting regressions even out-of-sample, once economic sensible restrictions have 

been imposed on the signs of the predictions. Campbell & Thompson (2008) argue that a 

regression estimated over a short horizon can generate negative coefficient leading to a 

negative equity risk premium which in general is not consistent with asset pricing theory. 

Merton (1980) argues that the equity risk premium should usually be positive because of risk 

aversion. In equilibrium, risk-averse investors would not hold risky assets if the expected risk 

premium is negative16.    

The case of out-of-sample return predictability becomes much stronger when these constraints 

have been imposed. Pettenuzzo, et al. (2007) also argue in favour of imposing restriction on 

the slope coefficient and find a substantial improvement in the out-of sample forecasting 

performance when imposing constraints on the equity premium.  

Another article that argued for improved forecasting methods in response to the lack of 

evidence of out-of-sample predictability is Rapach et al. (2010). They propose a simple 

forecast combination approach, which has also been applied within the macroeconomic 

forecasting literature with respect to forecasting inflation and real output growth; see e.g. 

Stock & Watson (2004). When applying forecast combination methods Rapach et al. (2010) 

                                                            
16 In special cases where the asset i has a negative correlation with the risk premium, then the expected return of 
asset i could be negative (Cochrane; 2005) 
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found significant support of out-of-sample return predictability using the 15 economic 

variables from Goyal & Welch (2008). 

5.4.2 The robustness of insample and outofsample tests  
It is interesting why predictive models that work in-sample fail to show out-of-sample 

evidence. One reason could be the potential statistical pitfalls that arise in interpreting these 

forecasting tests as discussed in chapter 5.2. The prevailing evidence of predictability may 

then simply reflect the fact that conventional tests reject too often (Elliott & Stock; 1994). For 

example Torous et al. (2004) reject return predictability at long-horizons once corrected for 

persistent behaviour in the explanatory variables. Furthermore, the significant in-sample tests 

could be due to spurious regression and data-mining. As earlier mentioned it is commonly 

accepted within the literature that in-sample tests are more affected by spurious regression and 

data-mining, leading to that in-sample tests have a tendency to reject the “true” null 

hypothesis of no predictability more often than they should at the chosen significant level.  

However, there is no direct evidence on the extent of data mining because it is difficult to 

detect data-mining, so it is not possible to know if data mining empirically is more of a 

problem for in-sample tests than for out-of-sample tests. Furthermore, Inoue & Killian (2004) 

argue that data-mining could as well be a problem in out-of-sample tests because the 

researcher is free to use as many predictive variables until he/she finds out-of-sample 

significant variable which makes the out-of-sample tests not “truly” out-of-sample. Inoue & 

Killian (2004) show that, if appropriate critical values are used, in-sample and out-of-sample 

tests of return predictability are equally reliable against data mining under the null hypothesis 

of no predictability. In fact, Inoue & Killian (2004) favour in-sample over out-of-sample tests 

of predictability, as in-sample tests typically are more powerful. Based on simulation they 

show that out-of-sample tests reach between 53% and 98% of the power of the in-sample t-

tests. 

If it is assumed that the lag of out-of-sample predictability is not due to spurious regression or 

data-mining, another argument could be that the relative low R2 reported in in-sample tests 

simple means that the model lags power, and the slope coefficients in reality is statistical 

insignificant. However Bossaerts & Hillion (1999) argue that the insignificant out-of-sample 

tests are not due to lag of high R2 in the in-sample tests. They find that with a R2 of 6% the 

probability of rejecting the true null hypothesis of predictability, if in fact there was actually 

predictability, is 0,3%.   
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5.5 Summary 
In this chapter the econometrical framework commonly applied within the empirical finance 

literature when testing for return predictability was outlined. The typical regression model is 

estimated via classic OLS methods, which will also be the model applied in the following 

empirical part of the thesis. Furthermore, the statistical issues and significance concerning 

return predictability were discussed. The general conclusion is that evidence of return 

predictability is an open question with predictive models showing low R2 in in-sample tests 

and in many cases failing to show out-of-sample performance questioning if return 

predictability is real or due to spurious and/or data-mining. Furthermore, there are several 

econometric problems associated with forecasting stock returns, such as overlapping data and 

many of the variables applied in predictive regressions are highly persistent and potentially 

contain a stochastic trend which makes them non stationary. Furthermore, many predictive 

variables contain a structural break which spoils the Campbell-Schiller identity explored in 

chapter 4.3. 

However, the choice of data frequency applied in this thesis minimizes the econometric issues 

associated with long-horizon regression and overlapping observations. Furthermore, some 

approaches were suggested to overcome potential econometrical problems with non-

stationary variables such as applying stochastic detrended time-series. Hence, this approach 

will be applied on the interest rate time series in the empirical part. In addition, it was argued 

that several articles have documented out-of-sample performance when applying improved 

forecasting methods such as simple forecast combination. As in line with these conclusionsa 

forecasting combination method will be applied when testing for out-of-sample performance 

in chapter 8.3. 

The chapter also addressed the differences between short- and long-horizon predictive 

regressions. It showed that the choice of time-horizon investigated in this thesis in general 

differs from the empirical evidence of return predictability in the literature that in general has 

showed that the predictive models ability to forecast returns rises with the investment horizon. 

However, it was argued that this is primarily due to very persistent variables and in fact there 

are no differences between one period forecasts and multiperiod forecasts when accounting 

for overlapping data. In addition, some articles have argued that return predictability is only 

presented at short-horizons. Hence, the choice of time horizon set out in the introduction in 

this thesis will not be influenced.     
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6. Linking expected return to the business cycle 

In chapter 4 the theoretical framework of return predictability was explored. The asset pricing 

models linked the predictable component in stock returns to business cycle risk premium 

factors. In the empirical finance literature there is evidence that expected stock returns vary 

counter cyclically with the business cycle, implying that risk-premia are higher in recessions 

than they are in expansions (Chen et al.; 1986), (Fama & French; 1989, 1990), (Barro; 1990) 

and (Chen; 1991).  Fama & French (1989), Cochrane (1999a, 2007) and Maio (2009) argue 

that heightened risk aversion during economic downturns demands a higher risk premium, 

thereby generating return predictability. Furthermore, Fama & French (1989) and Ferson & 

Harvey (1991) explored the correlation between risk premia and the business cycle by 

plotting fitted values of the expected risk premium on the aggregate stock market and found 

that it increases during economic contractions and peaks near business cycle troughs. Lettau 

et al. (2008) attributes the lower equity risk premium to reduced volatility in real economic 

variables. 

If there in fact is cyclical variation in expected returns, it would be expected to find evidence 

from predictive regressions of returns on macroeconomic variables over business cycle 

horizons. However as emphasized by Cochrane (2007), Campbell & Diebold (2009) and 

Lettau & Ludvigson (2010) the most widely investigated predictive variables have not been 

macroeconomic variables, but instead financial valuation variables such as the dividend-price 

and earning-price ratio.  

Within the asset management industry the conventional wisdom is that the relative 

performance of different sectors varies according to the stages of the business cycle. For 

example it would be expected that sectors with high correlation to the business cycle would 

tend to outperform other sectors, and hence the general market, at the beginning of the 

business cycle and in contrast sectors with low correlation to the business cycle will tend to 

outperform the general market at the end of the business cycle (Bodie et al. 2008).    

In the following it is explored how the expected equity sector return is linked to the real 

economy through an investigation of the correlation between sector returns and the business 

cycle. Firstly, the term business cycle is defined. Secondly, the expected sector nominal and 

excess return is linked to the business cycle through a composite leading indicator index that 

serves as a proxy for the business cycle. 
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6.1. Definition of Business cycles 
The Business cycle is a broad term that relates to the fluctuation in economic activity. The 

general working definition within the business cycle literature follows Burns & Mitchell 

(1946) definition: 

“Business cycles are a type of fluctuation found in the aggregate economic activity of nations 

that organize their work mainly in business enterprises: a cycle consists of expansions 

occurring at about the same time in many economic activities, followed by similarly general 

recessions, contractions and revivals which merge into expansion phase of the next cycle” 

The fundamental idea of the above definition is that the business cycle can be divided into 

several phases. The expansion phases are periods when economic activity is trending upwards 

while recession phases are periods when economic activity is trending downwards. Leading 

and coincident indicators play an important role in signaling the different phases of the 

business cycle (Levanon; 2010). The business cycle phases are characterized by co-

movements of several macroeconomic variables, but the cycle component of GDP is often 

used as the business cycle measure; see e.g. Harding & Pagan (2005). The business cycle is 

persistent, and it is possible to partially predict real economic growth (Campbell; 1999) and 

(Dahlquist & Harvey; 2001).  

In U.S. the National Bureau of Economic Research (NBER) is responsible for dating business 

cycles. The NBER dates a turning point, which is defined as the shift between the expansion 

and recession phase, in the business cycle when a consensus is reached by the Business Cycle 

Dating Committee that a turning point in the economy has occurred. The NBER looks for 

clustering in the shifts in the component of the Conference Board`s index of coincident 

indicators which consist of four economic indicators; Industrial production, Real income, 

Employment and retail sales (Chauvet & Piger; 2008).  

The NBER defines periods of recession and expansion by publishing peak and trough dates in 

economic activity. Periods of expansion begin at the trough date and end at the peak date, and 

periods of recession begin at the peak date and end at the trough date (DeStefano; 2004). The  

NBER business cycle reference dates as well as the duration are listed below. The recession 

that began in December 2007 has not yet official been ended by NBER. However according 

to the Federal Bank of St. Louis (St. Louis Fed) the recession ended in July 2009. 

Consequently, July 2009 is applied as trough date in this thesis. 
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Source: NBER & St. Louis Fed; Tracking the Economy 

As it can be seen from the above table the data period applied in this thesis begins in an 

expansion phase and hence in the middle of a business cycle.  According to NBER, there have 

been seven business cycles since 1965:1, which is approximately 21%17 of all business cycles 

since NBER started to date business cycle in 1857.  The average duration of the business 

cycles since 1960 is approximately 77 month. This is above average of all business cycles but 

below average of the post war II business cycles18.  

6.2 Defining business cycle stages  
To investigate if the equity sector returns are conditional on the business cycle, past realized 

nominal and excess return must be divided into different business cycle stages. An obvious 

method is to separate the realized return into two regimes based on the NBER dates; 

expansion regime and recession regime. This methodology is, among others, applied by 

Perez-Quiros & Timmermann (2000), Ozoguz (2008), Henkel et al. (2010) and Bakaert & 

Engstrom (2010). Flannery & Protopapadakis (2002) separate the return into three regimes 

based on four economic indicators. Rapach et al. (2010) follow Liew & Vassalou (2000) and 

apply periods of “good”, “normal”, and “bad” economic growth to separate regimes.  

DeStefano (2004) divides the NBER defined business cycle into four stages, two stages of 

expansion (early/late) and two stages of recession (early/late).  

                                                            
17 Own calculation. According to NBER have there in total been 33 business cycles since 1857.  
18 Own calculation based on NBER data 

Peak  Trough Contraction Expansion

Peak to trough Previous trough to this peak Through from previous through Peak from previous peak

April 1960 (II) February 1961 (I) 10 24 34 32

December 1969 (IV) November 1970 (IV) 11 106 117 116

November 1973 (IV) March 1975 (I) 16 36 52 47

January 1980 (I) July 1980 (III) 6 58 64 74

July 1981 (III) November 1982 (IV) 16 12 28 18

July 1990 (III) March 1991 (I) 8 92 100 108

March 2001 (I) November 2001 (IV) 8 120 128 128

December 2007 (IV) July 2009 (III)* 20** 73** 92** 81**

** Own calculations

Cycle

Quarterly dates are in parentheses

Business Cycle Reference Dates Duration in Months

* The NBER has not yet determined the end of the recession that began in December 2007. The date July 2009 has been substituted as an estimate. This estimate business cycle turning 

points developed by Marcelle Chauvet and Jeremy Piger (2008)
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Following the methodology of DeStefano (2004), the realized sector nominal and excess 

return is divided into four different business cycle stages. However, instead of applying 

NBER defined business cycle turning points to separate the respective business cycle stages a 

business cycle proxy is applied instead. This is done because the NBER defined business 

cycle turning points only works ex-post of the NBER dating, due to that the business cycle 

peak and trough dates must be known before they can be deviated into business cycle stages. 

Hence, this approach does not work for real-time investors. Alternatively the current business 

condition can be measured by an indicator that serves as a proxy for the business cycle. There 

are several economic data series which is said to be proxies for the business cycle like 

coincident indicators as e.g. the industrial production used by DeStefano (2004) among 

others. However, empirical findings have shown that in general the stock markets lead the real 

economy because stock prices are determined among other by expectations about changes in 

future economic activity, see e.g. Fama & French (1989), Hamilton & Lin (1996) and 

Chauvet & Potter (2000). The Composite of Leading Indicators (CLI) is applied as proxy for 

the business cycle. The CLI is convenient to use because it consists of both real economic and 

financial data series and is constructed to forecast the economic conditions six month ahead 

(Marcellino; 2006) and (OECD; 2008). Furthermore, as emphasized by Levanon (2010) 

leading indicators play an important role in signaling the different stages of the business 

cycle. 

Two CLI for U.S. is available; U.S. Conference Board (CB) CLI and OECD CLI. The latter is 

applied in this thesis. The reason for the choice of the latler is that the OECDs CLI is easy and 

freely available from the OECD homepage19. The correlation between CB CLI and OECD 

CLI is 0,89 (Marcellino; 2006). Hence, the conclusion drawn from the OECD CLI is not 

expected to be different if CB CLI has been used instead.  

OECD CLI is an amplitude adjusted indicator20, which means that the actual level is adjusted 

for the long-term trend. An index level at above 100 indicates that the economy is in an 

expansion phase, below 100 indicates that the economy is in a contraction phase, and at 100 

the innovation in the economy is expected to be neutral (OECD; 2008). The figure below 

shows how the development in the CLI is divided into four stages: 

                                                            
19 http://stats.oecd.org/Index.aspx?datasetcode=MEI_CLI 
20 OECD CLI consists of seven underlying indicators: 1) net new orders for durable goods, 2) share price index, 
3) consumer sentiment indicator, 4) weekly hours of work, 5) manufacturing, 6) purchasing managers index and 
7) interest rate spread (OECD; 2008) 
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Figure 1 

 

Source: Own creation with inspiration from DeStafano (2004) 

As it can be seen from the above figure the different business cycle stages are separated 

depending on two factors; the absolute level of CLI and the first difference of the CLI. Below 

the historical development in the OECD CLI since 1965 with relation to NBER recession 

periods is shown.  

Figure 2 

 

Source: OECD 

From the above figure it is shown that the OECD indicator is very cyclical and in general 

leads the NBER dated recessions. The OECD CLI in bottoms out before the NBER recession 

periods end. Hence, the respective stages defined from the two approaches will not be 

correlated. NBER recession periods (stage 3 and 4) would be more correlated with the stage 1 
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and 4 of the OECD defined business cycle. In appendix 4 the stages from the two approaches 

conditional on time is shown.   

Below the descriptive statistics for the OECD CLI defined business cycle stages is presented: 

Table 3 

 

Compared to the NBER defined business cycle, see appendix 3, the number of observations 

for the different stages is more even distributed for the OECD CLI defined business cycle. 

Furthermore, the average legth of each business cycle stages are much shorter when applying 

the OECD CLI than NBER turning points, see also appendix 4.  

6.3 Business cycle conditional equity sector returns  
Below the sector returns and excess returns as well as the standard deviation of the two 

returns is illustrated for the OECD CLI business cycle defined stages. In appendix 3 the sector 

return conditional on the NBER defined business cycle stages is shown.  

Table 4 

 

Note:*Excluding market returns. Hence, the average nominal return is equal to the equal weighted Mkt return. 

Economic stage Observations Relative
Number of 

periods

Average 

length

Standard 

deviation

Stage I 111                      20,6% 17                     6,5 3,41

Stage II 151                      28,0% 21                     7,2 4,03

Stage III 150                      27,8% 20                     7,5 4,54

Stage IV 128                      23,7% 17                     7,5 3,78

Ekspansion periods 

(stage I & stage II)

Industry

Average 

annualized 

nominal return

Average 

annualized 

excess return

Standard 

deviation of 

nominal return

Standard 

deviation of 

excess return

Average 

annualized 

nominal return

Average 

annualized 

excess return

Standard 

deviation of 

nominal return

Standard 

deviation of 

excess return

Non Dur 32,05% 0,52% 13,13% 8,11% 14,36% ‐4,73% 11,90% 7,94%

Durbl 47,38% 15,85% 22,40% 16,18% 20,33% 1,24% 15,79% 9,63%

Manuf 36,86% 5,32% 15,43% 7,12% 24,19% 5,10% 14,19% 5,88%

Enrgy 24,74% ‐6,79% 14,13% 13,16% 21,33% 2,23% 17,10% 14,50%

Chems 32,30% 0,77% 14,88% 7,73% 16,76% ‐2,34% 14,01% 7,45%

BusEq 40,28% 8,75% 20,54% 12,54% 24,18% 5,08% 18,67% 11,49%

Telcm 17,73% ‐13,80% 16,26% 11,41% 15,56% ‐3,53% 12,93% 10,10%

Utils 19,54% ‐11,99% 12,43% 11,68% 10,65% ‐8,45% 12,12% 12,31%

Shops 41,06% 9,53% 16,51% 9,44% 14,95% ‐4,14% 13,68% 8,41%

Hlth 25,81% ‐5,72% 15,88% 10,36% 13,59% ‐5,51% 14,79% 10,94%

Money 36,08% 4,54% 16,84% 8,60% 18,45% ‐0,64% 13,45% 8,13%

Other 33,19% 1,66% 16,91% 7,45% 21,04% 1,94% 14,40% 6,91%

Mkt 31,53% 12,87% 19,10% 11,52%

Average* 32,25% 0,72% 16,28% 10,32% 17,95% ‐1,15% 14,42% 9,47%

OECD CLI business cycle conditional return

Stage I Stage II
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The average excess return does not equal zero because it is an equal weighted average and the Mkt return is a 
capitalized weighted average 

Source: Own calculations 

Table 3 illustrates the historical average return in expansion periods; stage I & stage II. The 

overall expected return given the CLI index is highest in stage I, which is when the economy 

ends recession and economic condition starts to improve with the second derivative of the 

CLI being positive. The expected return in stage II is still positive however less than in stage 

I. Furthermore, it is shown that the volatility of both nominal and excess return is slightly 

higher in stage I than in stage II.  

Looking at the sector return it is shown in the table that Durbl, Manuf and BusEq have a 

positive excess return in both periods indicating the these sectors perform better than the 

market when the economic conditions are positive. Telcm, Utils and Hlth have been 

historically underperforming the market in these periods.    

Table 5 

 

Note:*Excluding market returns. Hence, the average nominal return is equal to the equal weighted Mkt return. 

The average excess return does not equal zero because it is an equal weighted average and the Mkt return is a 
capitalized weighted average 

Source: Own calculations 

Conctraction periods 

(stage I & stage II)

Industry

Average 

annualized 

nominal return

Average 

annualized 

excess return

Standard 

deviation of 

nominal return

Standard 

deviation of 

excess return

Average 

annualized 

nominal return

Average 

annualized 

excess return

Standard 

deviation of 

nominal return

Standard 

deviation of 

excess return

Non Dur 6,05% 4,00% 15,45% 8,75% 1,93% 10,74% 19,42% 10,94%

Durbl ‐6,74% ‐8,79% 20,29% 12,04% ‐18,50% ‐9,69% 24,24% 13,18%

Manuf 0,75% ‐1,30% 17,80% 6,84% ‐12,87% ‐4,06% 23,00% 7,45%

Enrgy 10,38% 8,33% 19,03% 14,47% ‐4,75% 4,06% 22,70% 16,02%

Chems 1,40% ‐0,64% 15,85% 9,14% ‐4,53% 4,28% 19,34% 10,69%

BusEq 0,08% ‐1,97% 21,71% 12,20% ‐15,04% ‐6,23% 29,27% 15,31%

Telcm 6,64% 4,59% 14,55% 11,68% ‐1,24% 7,57% 21,50% 13,48%

Utils 10,03% 7,98% 12,94% 12,94% ‐0,24% 8,57% 19,17% 16,61%

Shops 1,81% ‐0,23% 19,07% 9,69% ‐6,48% 2,33% 22,29% 11,00%

Hlth 8,48% 6,43% 15,95% 10,32% 4,05% 12,86% 22,31% 14,14%

Money 3,25% 1,20% 18,67% 10,55% ‐7,61% 1,20% 24,91% 11,05%

Other ‐1,33% ‐3,37% 18,68% 7,01% ‐12,98% ‐4,18% 24,54% 8,43%

Mkt 2,05% 15,10% ‐8,81% 20,38%

Average* 3,40% 1,35% 17,50% 10,47% ‐6,52% 2,29% 22,72% 12,36%

Stage III Stage IV

OECD CLI business cycle conditional return
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Table 4 illustrates the historical average return in contraction periods; stage III & stage IV. 

The average expected return is still positive in stage III but less than in stage I and II. In stage 

IV the expected return is negative and the volatility is highest in that stage.  

Furthermore, it is shown in table 4 that in general the sectors that have a negative excess 

return when the economic conditions are positive have positive excess return when economic 

conditions are slowing and the economy enters recession.  

As expected the sector return conditional on the business cycle proxy is different from the 

sector return conditional on the NBER defined business cycle.  

Both the sector return conditional on NBER defined business cycle and the CLI defined 

business cycle have a clear business cycle component indicating that variables that forecast 

fluctuations in the business cycle should also forecast equity sector returns, as discussed in 

chapter 4.  

6.3.1 Identifying cycle and noncycle sectors 
As argued in chapter 4 the cross-sectional insight from the CAPM and APT motivates to 

categorize sectors into cyclical and non-cyclical. Relating this to the business cycle excess 

return from sectors with high (low) risk loadings should be positive (negative) when business 

conditions improves. To identify cyclical and non-cyclical sectors, the correlation between a 

sector’s excess return and the monthly change in the OECD CLI is estimated. If the 

correlation is positive then it indicates that the sector generates a higher return than the 

general market when business conditions improves; expansion periods. Sectors with a positive 

correlation are defined as cyclical sectors and sectors with a negative correlation are defined 

as non-cyclical sectors. Below the correlation coefficient between the monthly excess return 

of the respective sectors and the monthly change to OECD CLI is presented. Cyclical sectors 

are indicated by a red frame: 

Table 6 

 

Source: Own calculations 

As shown in the above table Durbl, Manuf, BusEq, Shops, Money and Other has a positive 

correlation coefficient and hence are defined as cyclical sectors. The correlation coefficient 

NoDur Durbl Manuf Enrgy Chems BusEq Telcm Utils Shops Hlth Money Other

Corr. Coef. ‐0,14         0,22           0,19           ‐0,08         ‐0,04         0,11           ‐0,19         ‐0,21         0,04           ‐0,21         0,02           0,14          

Correlation of sector return and OECD CLI
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for Shops and Money is only slightly above zero and hence is not strongly cyclical. The 

excess return of NoDur, Enrgy, Chems, Telmc, Utils and Hlth is negatively correlated with 

the monthly change to OECD CLI and hence are defined as non-cyclical sectors. Erngy and 

Chems are weak non-cyclical due to a correlation coefficient close to zero. 

6.4 Summary 
In chapter 6 the expected equity sector return was linked to the different business cycle stages. 

That was done because in chapter 4 it was argued that variables could rational forecast 

expected return if it captured some kind of time-varying macroeconomic risk factor. Hence, if 

expected equity sector return is counter-cycle it is expected that these variables could forecast 

sector returns. Sub-ordinate the purpose with the chapter was to identify cyclical and non-

cyclical sectors which is later applied when analyzing the results of the predictive regression 

model.  

It was argued to use the CLI defined business cycle stages because the NBER defined 

business cycle turning points only works ex-post of the NBER dating, and hence is not 

relevant for real-time investors. 

It was shown that equity sector returns have a clear business cycle component with sectors 

such as Durbl, Manuf and BusEq performing better than the general market during good 

economic times and sectors such as Telcm, Utils and Hlth generating positive excess return 

during bad economic times. The first sectors were categorized as cyclical sectors meanwhile 

the later sectors were categorized as non-cyclical sectors. 

7. Predictive variables 
In chapter 4.5 the theoretical motivation for the selection of predictive variables was 

presented. It was argued that variables that capture the dynamics of expected return must also 

be proxies for business cycle risk, investor risk aversion or other sources of risk premium. It 

was argued  that: 1) valuation variables, 2) macroeconomic variables and 3) variables that are 

proxy for investors risk aversion and hedging demands should be valid predictors of expected 

return and hence should be included as information variables in predictive regression model.  

In this chapter, the empirical findings regarding the valuation, macroeconomic and proxy 

variables to be included in the analysis in chapter 8 are presented.  



54 
 

7.1 Empirical motivation of choice of information variables 
Many articles within the empirical finance literature has tried to identify information variables 

that significantly predict stock return. Cremers (2002), Avramov (2002), Rapach & Wohar 

(2006), Goyal & Welch (2008), Campbell & Thomson (2008), Lettau & Ludvigson (2010) 

and Rapach et al. (2010) examine the most commonly used predictive variables to forecast 

stock returns. In the following sub-chapters the empirical motivation of choice of information 

variables for respective three sub-categories identified in chapter 4.5 is presented. 

7.1.1 Valuation variables  
The most examined forecasting variables are the price-dividend and price-earnings ratio. 

Fama & French (1988), Campbell & Shiller (1988), Campbell (1991), Hodrick (1992) 

Campbell & Shiller (2001) and Rapach & Wohar (2005), among others, find that the ratios of 

price to dividends and earnings have predictive power for expected returns. Rangvid (2006) 

finds that the price-output ratio exceeds the price-dividend and price-earning in forecasting 

power on yearly horizons. The Campbell-Shiller identity explored in chapter 4.4 can be 

expanded to take into account both earnings and GDP, see Campbell et al. (1997), Rangvid 

(2006) and Bekaert & Engstrom (2010). 

Polk et al. (2006) argue for using the cross sectional risk premium, which they define as the 

relative valuation of high and low beta stocks. They measure the cross sectional risk premium 

by regressing the dividend yields on betas and expected dividend growth. This approach to 

measure the cross sectional risk premium involves estimation of many data series which is 

considered too ambitious for this thesis. However, Polk et al. (2006) finds that their cross 

sectional risk premium is highly correlated with the Fed Model with a correlation coefficient 

of 0,8. The Fed model is the earnings yield (the inverse price-earnings ratio) minus the long-

term constant maturity Treasury bond21 and postulates that the earnings yield on stocks should 

equal or be highly correlated with the yield on nominal treasury bonds. Hence, when the Fed 

model has a high positive value it indicates that the stock market is undervalued relatively the 

long-term government bonds. Furthermore, the Fed model is widely applied by investment 

professionals (Bekaert & Engstrom; 2010). In light of the above, the Fed model is used as a 

proxy for the cross sectional risk premium. 

The general empirical findings on valuations ratios estimates a negative relationship between 

expected return and the valuation ratios such that a high (low) ratio indicates low (high) 

                                                            
21 This measure is called the FED Model, because the Federal Reserve Board supposedly uses the model to judge 
the level of equity prices (Polk et al.; 2006) 
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expected return as in line with the theoretical relation discussed in chapter 4.4. It should be 

noted that the opposite applies to the Fed model because this model includes the inverse 

price-earnings ratio. Furthermore, the empirical findings on valuation ratios show that the 

predictability power increases with the time-horizons. One explanation as argued in chapter 

5.3 is that the valuation ratio is very persistent. Fama & French (1989) also adds that the 

valuation ratios are business conditions variables that track long-term development in the real 

economy and span several measured business cycles. Despite that the thesis primarily focuses 

on short-horizon return predictability the valuation ratios are included as information variable 

due to the strong theoretical appeal, as argued in chapter 4.5. Furthermore, Ang & Bakaert 

(2007) have shown that the dividend-price ratio significantly predicts returns over short-

horizons, when the short-term interest rate is included in the predictive regression.  

Construction method: The price-dividend and price-earnings variables are constructed from 

prices, dividends and earnings on the S&P500 index. As suggested by Campbell & Shiller 

(1988) and Fama & French (1989) the cyclical adjusted price-earnings ratio (P/E10) is 

applied. The numerator in P/E10 is 10 year average of earnings. It is argued that that the 

cyclical adjusted price-earnings ratio is a less noisy predictor than the price-earnings ratio 

constructed from current earnings, because corporate earnings temporarily can get depressed 

or negative in recession periods, which is not related to the real value of the stock market 

Campbell & Shiller (1988).   

The Fed Model is calculated from the inverse S&P 500 P/E10 (E/P10) minus the 10 year 

government bond rate obtained from the Schiller database.  

The P/Y ratio is as in line with Rangvid (2006) based on the S&P 500 index and the nominal 

GDP. Because the GDP figure only is reported quarterly it is necessary to create a monthly 

P/Y ratio. This is done be letting the denominator component (GDP) to be repeated three 

times. Furthermore, the GDP component is lagged by one month, to allow for publishing 

delay, meaning that quarter’s t GDP figure is not available before the end of the first month in 

the quarter. Hence, the P/Y ratio at the beginning of quarter t is constructed based on the 

previous quarter GDP figure and the price of S&P500 at time t. The P/Y ratio at the beginning 

of the second month in quarter t is constructed based on the GDP figure from quarter t and the 

stock price at t+1 and so on. 

The time-series of the valuation ratios is illustrated below: 
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Figure 3 

 

 

 

Figure 4 

 

As shown in figure 4, the valuation ratio looks very persistent and containing long-term 

trends, as in line with the discussion in chapter 5.2 and 5.3. The Fed model seems to be less 

persistent than the other valuations ratios. Furthermore, it is shown that the P/D, P/E and P/Y 

is highly correlated. That is primarily due to that the all ratio contains a stock price 

component in the denominator. The Augemented Dickey-Fuller test for unit-root is presented 

in section 8.1. 
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7.1.2 Macroeconomic variables  
Fama & Schwert (1977), Campbell (1987), Campbell (1991), Hodrick (1992), Ang & Bekaert 

(2007) find that short-term interest rate contains predictable power of expected stock return.  

The term spread, which is a proxy for the yield curve slope, has been applied by Keim & 

Stambaugh (1986), Campbell (1987) and Fama & French (1989).  

Keim & Stambaugh (1986) and Fama & French (1989) study the forecasting power of the 

term and credit spread. Inflation has been applied in predictive regression, among others, by 

Fama & Schwert (1977), Fama (1981) and Campbell & Vuoleenaho (2004b). 

Lettau & Ludvigson (2001) use a log-linear approximation of a the representative investors’ 

consumption-wealth ratio to show that deviations from the cointegrating relation for log 

consumption, log asset wealth and log labor income is a potential predictor of expected stock 

market returns. Gou (2006) and Lettau & Ludvigson (2010) support the findings that CAY is 

a strong predictor of stock market returns. The intuition of the CAY is that investors wish to 

sustain a steady consumption stream over the life-cycle. This is done by smoothing out the 

temporary fluctuations in asset wealth arising from time-varying expected returns. When an 

investor expects high return on asset wealth, the investor will respond by increasing 

consumption today. At the same time, the asset wealth has not yet increased causing the 

consumption to move above the common trend with labor income and asset wealth. The 

opposite movement happens when an investor has low expectations about the future return on 

asset wealth.  

Cooper & Priestley (2009) argue for using a prime business cycle variable such as the output 

gab as a predictor. They find a statistical significant negative relation between the output gab 

and expected return at short-horizons. The results are significant both in-sample and out-of-

sample. They estimate the output gab from the total industrial production index published by 

the Federal Reserve. They consider four ways to calculate the output cap, see Cooper & 

Priestley (2009) for the differences in the methods.   

Construction method: The interest rate and inflation variables are straight forward to apply 

and are available at high frequency. As pointed out in section in section 5.2 the interest and 

inflation series is detrended to avoid potential problems regarding persistent variables. This 

procedure implies that the current value is subtracted from the past 12 month average: 
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  ∑  . In the out-of-sample test the detrended inflation variables is lagged 

one month due to publishing delay.  

CAY is as the GDP component in the P/Y ratio only reported quarterly and is subject to 

publishing delay. Hence, a similar method is applied do create a monthly CAY, implying that 

the CAY value at the start of quarter t is equal to CAY value at quarter t-1. At the beginning 

of the second month in quarter t, CAY is equal to the CAY value at quarter t and so forth.  

The output cap is constructed by a simple linear trend estimate:  , where yt is 

the industrial production index, t is the time (1,2,3 ...) and vt is the error term at time t and 

represent the output cap at time t. As in line with Cooper & Priestley (2009) the full sample 

period is applied when estimation of the deterministic trend coefficient in the in-sample test. 

In the out-of-sample test the output cap is estimated by a recursive estimation window 

beginning 1947:12 and using only data available for a real-time investor at time t. 

Below the macroeconomic time-series are illustrated:    

Figure 5 
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Figure 6 

 

Figure 7 

 

From the above figure it can be seen that all the macroeconomic variables fluctuates around a 

constant mean but show signs of persistence. In figure 7 it is shown that the in-sample output 

cap and the out-of-sample output cap in the beginning of the period is not identical. That is 

because, as mentioned earlier, the in-sample period uses the full sample period to estimate the 

output gab. The out-of-sample output gab is estimated via a recursive expanding estimation 

window. As the recursive estimation window is approaching the end of the period the output 

cap two time-series becomes identical. The Augemented Dickey-Fuller test for unit-root is 

presented in section 8.1. 
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7.1.3 Proxies for risk aversion and hedging demands  

Bollerslev et al. (2009) provided evidence of significant predictability of short-horizon stock 

return by the difference between “model-free” implied and realized variance; the variance risk 

premium (VRP). They find a positive relation between expected return and the VRP. 

Furthermore they find that the VRP dominates other popular predictors at quarterly horizon.  

Most empirical work on the HML and SML factors has been applied to cross sectional studies 

of expected returns, see e.g. Fama & French (1993) and Campbell and Vuolteenaho (2004). 

However, the HML and SML factors have also been applied to time-series analysis as well. 

Liu & Zhang (2005) finds that the HML weakly predicts the aggregate stock returns. This is 

in line with Eleswarapu and Reinganum (2004) who finds that the previous 36-month HML 

predicts the annual stock market return. Avramov (2002) finds that SML predicts quarterly 

return but find no evidence for HML. 

French et al. (1987), Gou & Whitelaw (2006) find a positive relation between conditional 

expected return and volatility and Gou (2006) argue that the lagged stock variance (SVAR) 

forecast stock returns at quarterly horizon. Schwert (1989) showed that the stock variance is 

linked to the business cycle with high volatility in recession periods and low volatility in 

expansion periods.    

Construction method: 

The VRP is calculated as the difference on the end of month “model-free”22 implied variance 

and the monthly realized variance from the S&P500 index. The implied variance is obtained 

from the new Chicago Board of Options Exchange (CBOE) volatility index VIX and the 

realized stock variance is calculated as summation of the 78 intraday five-minute squared 

returns. 

The HML and SML variables is calculated as the previous 3 month return on the HML and 

SML factor. It is chosen to use 3 month past return instead of 36, as suggested by Eleswarapu 

and Reinganum (2004), to better capture the short term business cycle dynamics in the HML 

and SML premium. 

Following the literature the SVAR is calculated as the 30 day squared return from the S&P 

500 index.     
                                                            
22“ Model free” refers to that the implied volatility measure is not calculated from a specific pricing model like 
the Black-Scholes option model and hence is not depended  model assumptions. The new CBOE VIX index is a 
“model free” index.      
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Below the proxy variables are illustrated: 

Figure 8 

 

Figure 9 

 

The HML and SML variables seem to fluctuate randomly around a constant mean with some 

few spikes. The SVAR and VRP seem as well to fluctuate around a constant mean. However, 

more significant spikes are present in their time-series. The Augemented Dickey-Fuller test 

for unit-root is presented in section 8.1. 

7.2 Descriptive statistics and sources of the information variables 
Based on the theoretical and empirical motivation, presented respectively in chapter 4.5 and 

7.1, 15 financial and economic variables has been selected to predict sector nominal and 

excess return, see table 7.  
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The valuation ratios are all based on data from the Schiller database23, except for the PY 

where the nominal GDP is downloaded from Bloomberg. Most macroeconomic time series 

can be obtained from the FRED II database of the Federal Reserve Bank of St. Louis24. The 

Variance risk premium is downloaded from Hao Zhou homepage25. The stock variance is 

calculated from daily returns of the S&P 500 downloaded from Bloomberg. The value and 

small cap premium is downloaded from Kenneth French database26 and the CAY is 

downloaded from Martin Lettau`s homepage27. 

All variables except the variance risk premium are available for the entire time period. The 

variance risk premium is available from 1990:1.  Below summary statistics regarding the 15 

information variables are shown. The correlation matrix can be found in appendix 5. 

Table 7 

 

Note: the AR coefficient is calculated on monthly data. Using a longer time frequency would decrease the 

autocorrelation coefficient, see Lewellen (2004) 

As is is shown in table 7 many of the predictive variables have an autocorrelation close to 

one. As discussed in chapter 5.2 this may lead to potential econometric problems when 

estimating the predictive regression models. This issue is addressed further in chapter 8.1 and 

the Augmented Dickey-Fuller test for unit-root is applied to analyze if the information 

variables follows a stationary process. 

                                                            
23 http://www.econ.yale.edu/~shiller/data.htm 
24
 http://research.stlouisfed.org/fred2/ 

25 http://sites.google.com/site/haozhouspersonalhomepage/ 
26 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html 
27 http://faculty.haas.berkeley.edu/lettau/data.html 

Predictive variables Mean Std. dev. Min Max AR(1) AR(10) Obs. Source

Price‐dividend P/D 38,27        17,56        16,03        90,25        0,9957      0,9400      540            Schiller database

Price‐earnings P/E 19,31        8,55           6,64           44,20        0,9963      0,9366      540            Schiller database

E/P ‐ 10Y CM FED Model (0,01)         0,02           (0,04)         0,05           0,9763      0,6804      540            Schiller database

Price‐output P/Y 0,08           0,03           0,03           0,15           0,9970      0,9370      540            Schiller database & Bloomberg

Output gab Out (0,59)         5,07           (9,83)         11,18        0,9950      0,8596      540            FRED II database

Detrend CPI CPI (0,00)         0,01           (0,04)         0,03           0,9369      0,1481      540            Schiller database

Detrend 3M T‐Bill 3M t‐bill (0,04)         1,19           (4,48)         4,71           0,9120      0,2184      540            FRED II database

Detrend 10Y CM 10Y CM (0,01)         0,75           (2,95)         2,89           0,9123      0,0736      540            FRED II database

Credit spread CS 1,06           0,48           0,32           3,38           0,9684      0,5662      540            FRED II database

Term spread (10Y‐3M T‐bil l) TS 1,49           1,31           (2,65)         4,42           0,9540      0,5227      540            FRED II database

Variance risk premium VRP 19,92        16,09        (8,80)         95,30        0,3551      0,1454      239            Hao Zhou Homepage

Stock variance SVAR 0,14           0,08           0,04           0,68           0,9115      0,2919      540            Bloomberg

Value premium HML 0,01           0,06           (0,20)         0,26           0,7317      0,0015      540            Kenneth French database

Small  cap premium SML 0,01           0,06           (0,27)         0,36           0,6744      0,0359      540            Kenneth French database

Consumption‐Wealth ratio CAY (0,00)         0,02           (0,04)         0,04           0,9645      0,7483      540            Martin Lettau Homepage

Summary statistics ‐ Predictive variables (monthly frequency)
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8. Estimation of the regression models   
In chapter 4 and 5 the theoretical and econometrical framework regarding return predictability 

was presented. In chapter 6 the expected sector returns was linked to the business and in 

chapter 7 the empirical motivation for the selection of information variables that should 

forecast expected return was outlined. The purpose with these chapters was to outline the 

framework for the predictive regression models. In this chapter the relationship between 

expected sector return and information variables are estimated and linked to the business 

cycle. Firstly, the time-series properties of the information variables are tested. Secondly, the 

in-sample tests are presented and linked to the business cycle. Thirdly, the out-of-sample tests 

are presented. 

8.1 Stationarity 
As discussed in chapter 5.2, an important aspect of the validation of the regression model 

forecast accuracy is, whether the predictive variables of the models are stationary or not, 

because information variables with non-stationary properties leads to biased estimated 

parameters and statistical tests and unreliable inference, which may lead to spurious 

regression and data-mining. To guard against the risk of these potential problems, when 

estimating the predictive regression models, it is investigated if the predictive variables 

follows a stationary process.  

A variable is said to be stationary if the first and second moment are time invariant. Written 

more formally xt is stationary if both of the following conditions are satisfied: 1)    

and 2)   ∑ . The first statement says that all x must have same 

unconditional finite mean, µ, and the later statement says that the auto covariance between the 

two time periods should depend only on the lag between the two time periods (Gujarati; 2003) 

For the predictive variable to be stationary there can be no stochastic trend or shift in neither 

means nor the auto-covariance matrix, and there can be no seasonal patterns in data. If the 

underlying data generating process is not stationary, the data is said to contain a unit root. In 

practice it is commonly accepted that most time series is non-stationary. The problem of non-

stationary time-series can in general be solved by taking difference of the data series or 

detrend the time-serie as discussed in chapter 5. If the data series in levels are non-stationary, 

but the first-differences of the data are stationary, the data series are said to be integrated of 

order one, denoted I(1).  In chapter 7.1 the respective information variables was illustarted 

and it was argued that some of the variables seem to be very persistent, especially the 

valuation ratios. Furthermore, table 6 in chapter 7.2 showed that some variables have an high 
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AR coefficient close to 1. These facts could indicate that some of the information variables 

are non-stationary. To formelly test if the information variables are stationary the 

Augemented Dickey-Fuller test is applied which involves running the following regression 

model for each information variable i and test the null hypothesis that 0 and 0. 

∆          (8.1) 

The parameter  = (ρ - 1) where -1≤ρ≤1, and ∆ is the first difference of the explanatory 

variable. The null-hypothesis can not be assessed by standard t-statistics procedure because it 

does not follow a standard distribution. Instead the test must be performed using critical 

values from the Dickey-Fuller distribution (Gujarati; 2003). 

Table 8 

 

The Augumented Dickey Fuller test confirms that the valuation variables contain a unit root. 

The Fed Model is only insignificant at lag 0. Also the output gab seems to contain a unit root 

and CAY is only significant at 5% level. These is been taking into account when accessing 

the regression results. The Augemented Dickey-Fuller test shows that the detrended time serie 

and proxy variables clearly follows a stationary process.   

8.2 Insample tests of the predictive regression model 
In the in-sample test of return predictability the full sample period, ranging from 1964:12 to 

2009:12, is used to draw statistical inferences. Further, the full sample period is divided into 

one sub-period to take into account structural break and to guard against potential risk of 

spurious regression and data-mining as discussed in chapter 5.2. The sub-sample period 

covers 1991:12 to 2009:12.  

Variables Lag 0 Lag 1 Lag 2

P/D ‐0,94 ‐1,22 ‐1,15

P/E ‐1,08 ‐1,33 ‐1,27

FED Model ‐2,34 ‐3,12* ‐2,98*

P/Y ‐1,8 ‐1,95 ‐1,9

Output gab ‐0,88 ‐1,29 ‐1,69

CAY ‐3,11* ‐3,13* ‐3,15*

CPI ‐3,52** ‐5,35** ‐5,62**

3M t‐bill ‐4,98** ‐7,24** ‐5,84**

10Y CM ‐4,94** ‐6,88** ‐5,51**

Credit spread ‐3,2* ‐4,26** ‐3,69**

Term spread  ‐3,37* ‐4,46** ‐3,63**

Vol  risk premium ‐10,71** ‐6,78** ‐6,11**

SVAR ‐5,07** ‐7,25** ‐7,27**

HML ‐9,13** ‐11,32** ‐12,37**

SML ‐10,18** ‐12,08** ‐13,82**

tvalues 5%= ‐2,87 1% = ‐3,44

* indicates significance at 95%, ** indeicates significance at 99%

Augumented Dickey Fuller test
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The applied predictive regression model is the same as the one discussed in chapter 5.1 and 

standard OLS estimation procedure is applied28 see e.g. Campbell et al. (1997) and Gujarati 

(2003).  

r ,   ,   , µ            (8.2) 

The statistical power of the predictive models is assessed by using robust t-statistics, as in line 

with Newey & West (1987) and Lund (2006), on the slope coefficient. The explanatory power 

of the regression models is assessed by calculation the adjusted R2 (adj. R2).   

In chapter 5.1. three different estimation methods commonly applied in the empirical finance 

literature was outlined. In this thesis the first estimation method is applied. Individual 

regression models with a single predictor are applied instead of a multiple or “kitchen sink” 

regression model to assess the individual information variables statistical performance. 

Furthermore, it set-up the foundation for the out-of-sample tests where a forecasting 

combination approach is applied.   

Both the nominal sector and market return and the excess sector return are regressed on the 

set of 15 predictive variables. Also including the sub-sample estimate that gives in total 13 x 

15 x 3 x 2 = 1170 individual regression models of nominal return and 12 x 15 x 3 x 2 = 1080 

individual regression models of excess return29. The residual analysis is provided in appendix 

630. 

The in-sample forecasting results of the individual predictive regression models are shown in 

next chapter. 

8.2.1 Insample results 

The in-sample regression results are presented in the following tables. Robust t-statistics 

significant at 90% level is indicated with a red color. Robust t-statistics significant at 95% 

level is indicated with a green color. Robust t-statistics significant at 99% level is indicated 

with a yellow color.  

  

                                                            
28 The regression model is estimated in excel by matrix algebra 
29 The forecast of the market return is included when forecasting nominal return. That is the reason for the higher 
number of nominal prediction models. 
30 Due to limits the residual analysis is only shown for the Mkt return 
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Table 9 
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Table 10 
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Table 9 and 10 shows the results of the predictive regression models respectively for nominal 

and excess returns. As shown from the tables above both nominal and excess returns contain a 

predictable component with adj. R2 ranging from -0,06 to 0,23 for both nominal returns and 

excess returns and significant robust t-statistics. All the coefficients for the nominal return are 

in line with expectation. For the excess return the coefficients are more mixed with 

information variables showing both negative and positive coefficients for different sectors.  

Furthermore, the tables show that the predictability rises with the horizon. The predictability 

regression for the one year horizon in general generates the highest adj. R2. That is in line 

with the discussion in chapter 5.3 and is due to the persistency of the information variables. 

However, the robust t-statistics for the coefficient seems to be independent on time horizons 

except for the valuation variables which have an increasing t-statistics with the horizon in line 

with expectations, see also appendix 7.  

In addition, it is shown in table 9 and 10 that the respective sectors have a higher significant 

robust t-statistics for nominal returns than for excess returns, indicating that the predictability 

component is more evident in nominal return than in excess return. Below the number of 

statistical significant coefficients for the respective information variables at each time-horizon 

are shown. Red box indicates that the information variable significantly forecasts more sector 

returns than the average information variables at each horizon. 

Table 11 

 

Note: Nominal return also includes the Mkt return  

1M 1Q 1Y Total 1M 1Q 1Y Total

P/D ‐    2        8        10        1         2         2         5        

P/E ‐    2        6        8          1         1         2         4        

FED Model ‐    1        3        4          1         1         3         5        

P/Y 2        6        8        16        2         1         1         4        

Output gab 10      10      9        29        2         2         2         6        

CAY 12      12      12      36        2         2         2         6        

CPI 12      10      5        27        3         4         5         12      

3M t‐bill 11      7        2        20        5         5         5         15      

10Y CM 13      13      3        29        3         4         4         11      

Credit spread 2        2        9        13        2         2         4         8        

Term spread  3        1        4        8          2         2         2         6        

Vol  risk premium 7        9        1        17        4         5         3         12      

SVAR ‐    ‐    6        6          1         2         4         7        

HML 1        1        5        7          2         2         ‐      4        

SML 3        11      1        15        3         2         3         8        

Total 76      87      82      245      34       37       42       113    

Average 5,1     5,8     5,5     16,3     2,3      2,5      2,8      7,5     

Nominal return

Number of significant information variables

Excess return
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As shown in table 11 the total number of significant coefficients are respectively 245 and 113 

for nominal and excess return. The information variables in general predics nominal return 

more significant than excess return. E.g. the output gap, CAY and the detrend 10Y CM 

statistical significantly forecasts nominal returns for most sectors but only forecasts excess 

returns for a couple of sectors. Furthermore, the t-statistics for all predictors are generally 

lower for the excess returns than for the nominal returns as illustrated in appendix 7. 

Furthermore, it is shown in table 11 and appendix 7 that the macroeconomic variables in 

general contain a higher predictability power than valuation variables and proxies for hedging 

demands and risk aversion. CAY is by far the information variable with the highest number of 

predictions for the nominal return, which is expected given the conclusion from the empirical 

finance literature discussed in chapter 7.1. However, as shown in chapter 8.1 the null 

hypotheses for non-stationarity for the CAY was only rejected at 5%-level and hence the 

results must be taking with some caution. The same applies for the output gab which is one of 

the best performing variables. It is interesting to notice that CAY despite the significant 

nominal return predition only predicts few excess sector returns.  

The detrended economic time-series mostly predicts return at short horizons which is in line 

with the conclusion of Ang & Bakaert (2007) as discussed in chaper 5.3 and 7.1. As expected 

the P/Y ratio is the best performing predictor of the valuation variables for the nominal return. 

As similar to the findings in Bollerslev et al. (2009) VRP predicts returns at short horizons. 

For the hedging factors the SML is the most significant predictor. However, the prediction 

ability of the SML is mainly concentrated around 1Q return. 

The regression results also show that some sectors only display a small degree of 

predictability. E.g. only the detrend 10Y CM statistical significantly forecasts the nominal 

monthly and quarterly return for Erngy and only HML forecast the yearly return. Similar 

patterns apply to Manuf and Utils where only few predictors significantly forecast returns. For 

the excess returns the pattern is more evident.  

Looking at cycle and non-cycle sectors the results do not strongly indicate that the 

predictability components are biased towards cycle or non-cycle sectors. Table 11 shows the 

number of significant sector returns. Cyclical sectors are indicated with blue line. 
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Table 12 

 

As shown in table 12 the cyclical sectors seem to be more predictable than non-cycle sectors 

but the results are not strong. On average 17,3 information variables predict non-cycle sectors 

nominal return at all horizons and 20,7 for the cycle sectors. For the excess return the 

numbers are respectively 8,5 and 10,3. In appendix 7 the robust t-statistics are shown for the 

sectors. Also here, do it indicates that the cyclical sectors contain a more robust predictability 

component than non-cyclelical sectors. The average robust t-statistiss for the cyclical setors at 

all horizons are respectively 1,7 and 1,1 for nominal and excess return. Meanwhile for the 

non-cyclical sectors the average robust t-statistics is 1,4 and 1 respectively.  

8.2.1.1 Subsample results 

In appendix 8 the sub-sample regression results are presented which expand from 1991:12 to 

2009:12. As shown in the appendix it seems that the predictability component has diminished 

in recent data. The adj. R2 ranging from -0,06 to 0,39 for nominal returns and -0,06 to 0,46 for 

excess returns which is higher than for the full-sample, however the statistical significance is 

significantly lower. The total number of significant coefficients is respectively declined to 

106 and 92 for nominal and excess return. As argued in chapter 1.2. and 5.2 there has been a 

structural break in the price-dividend ratio around 1991. However, in general the valuation 

variables seem to perform worse in the sub-sample than in the full-sample period. The same is 

the case for the macroeconomic variables. The robustness of the predictability of the proxy 

variables seems to be higher in the subsample period.   

1M 1Q 1Y Total 1M 1Q 1Y Total

Mkt 6              8                7               21            

NoDur 7              9                8               24             2             1              ‐             3              

Durbl 6              8                12             26             6             5              7                 18            

Manuf 5              7                5               17             3             2              5                 10            

Enrgy 1              1                1               3                5             6              8                 19            

Chems 7              6                9               22             2             2              3                 7              

BusEq 6              7                3               16             2             4              2                 8              

Telcm 7              9                8               24             3             1              1                 5              

Utils 5              4                4               13             3             5              2                 10            

Shops 8              9                11             28             5             6              3                 14            

Hlth 7              6                1               14             1             1              5                 7              

Money 5              5                6               16             ‐         ‐          3                 3              

Other 6              8                7               21             2             4              3                 9              

Average 5,8           6,7            6,3            18,8          2,8          3,1          3,5             9,4           

Number of significant sector returns

Nominal return Excess return
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8.2.1.2 Linking the predictability component to the business cycle 

As outlined in chapter 6 several articles has argued that heightened risk aversion during 

economic downturns demands a higher risk premium, thereby generating return predictability. 

This could indicate the return predictability component is time-varying and linked to the 

business cycle. In fact, Henkel et al. (2010) finds that the in-sample predictability component 

of stock market return in the US and in sixth other countries is linked to the business cycle. 

They find that the average R2 is about 15% in recession periods and less than 1% in expansion 

periods. These results are similar to Rapach et al. (2010) who find that the out-of-sample 

predictability is concentrated around periods of low economic growth. As outlined in chapter 

6.2 they use the NBER dated recessions and hence the results are not directly convertible. 

To investigate if the return predictability component of sector returns is time-varying and 

linked to business cycle fluctuations, the adj. R2 from the in-sample results is separated over 

the four OECD CLI defined business cycle stages discussed in chapter 6. For simplicity only 

the one month adj. R2 is reported. Furthermore, results are only reported for NoDur and Durbl 

who represented respectively non-cyclical sectors and cyclical sectors as discussed in chapter 

6.3.3. The results for the other sectors are reported in appendix 9.  
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Table 13 

 

As shown in the table above the predictability component is mainly concentrated around 

business cycle stage I and II. In chapter 6 it was shown that in these economic stages the 

expected returns are high indicating that predictive regression does not capture expected 

negative returns.   

8.3 Outofsample test of the predictive regression model 
In chapter 8.2 it was concluded that sector return contains a predictability component. 

However, as argued in chapter 5.4 out-of-sample tests most be conducted to mimic the data 

constraints faced by a real-time investor. Furthermore, it was argued that many significant in-

NoDur

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D ‐0,01         0,04           ‐0,00         ‐0,01         ‐0,01         0,11           0,00           0,01          

P/E 0,00           0,05           ‐0,00         ‐0,01         ‐0,01         0,11           ‐0,00         0,00          

FED Model 0,04           0,03           0,01           ‐0,00         ‐0,00         0,03           0,02           0,00          

P/Y ‐0,01         0,04           ‐0,01         ‐0,01         ‐0,01         0,07           ‐0,01         0,01          

OutputCab ‐0,01         0,02           ‐0,01         0,01           ‐0,01         0,07           ‐0,01         0,00          

Detrend CPI 0,00           ‐0,00         0,06           ‐0,01         ‐0,01         ‐0,01         0,01           0,01          

Detrend 3M T‐Bill 0,06           ‐0,00         ‐0,01         ‐0,00         ‐0,01         ‐0,01         ‐0,01         ‐0,00        

Detrend 10Y CM 0,05           0,03           0,02           0,01           ‐0,00         0,01           ‐0,01         ‐0,01        

Credit spread 0,06           0,01           0,02           ‐0,01         ‐0,01         ‐0,01         0,02           0,00          

Term spread ‐0,00         ‐0,01         ‐0,01         ‐0,01         ‐0,01         ‐0,00         ‐0,01         ‐0,01        

SVAR 0,01           ‐0,00         ‐0,00         0,00           0,05           0,03           ‐0,01         ‐0,00        

HML ‐0,01         0,02           ‐0,01         0,00           0,04           0,08           0,01           ‐0,01        

SML ‐0,01         0,04           ‐0,01         0,01           ‐0,00         0,01           0,01           ‐0,00        

CAY ‐0,01         0,00           0,01           0,03           ‐0,01         ‐0,00         ‐0,01         0,01          

Durbl

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D ‐0,01         0,01           ‐0,00         ‐0,01         ‐0,01         0,03           ‐0,00         ‐0,00        

P/E 0,00           0,01           ‐0,01         ‐0,01         ‐0,01         0,04           ‐0,00         ‐0,00        

FED Model 0,10           0,02           ‐0,00         ‐0,00         0,05           0,03           ‐0,00         0,00          

P/Y ‐0,00         0,02           ‐0,01         ‐0,01         ‐0,01         0,03           ‐0,00         ‐0,00        

OutputCab ‐0,00         0,01           ‐0,01         0,02           ‐0,01         0,04           ‐0,01         ‐0,01        

Detrend CPI 0,01           0,01           0,04           ‐0,01         0,01           0,01           0,01           0,01          

Detrend 3M T‐Bill 0,02           0,02           ‐0,01         ‐0,00         ‐0,01         0,02           ‐0,00         ‐0,00        

Detrend 10Y CM 0,03           0,05           0,01           0,02           ‐0,01         0,05           ‐0,01         ‐0,00        

Credit spread 0,09           0,02           0,00           0,00           0,03           0,02           ‐0,00         ‐0,01        

Term spread 0,02           ‐0,00         ‐0,00         ‐0,01         0,04           0,01           0,01           ‐0,01        

SVAR 0,09           0,00           ‐0,00         0,01           0,04           ‐0,00         ‐0,01         ‐0,00        

HML 0,01           0,00           ‐0,01         ‐0,01         ‐0,00         0,03           0,00           ‐0,00        

SML ‐0,01         0,02           ‐0,00         0,01           0,00           0,01           0,02           ‐0,01        

CAY ‐0,01         0,00           ‐0,00         0,01           ‐0,01         0,00           ‐0,00         0,00          

Predictive explanatory power  contional on business cycle stages

Nominal return Excess return

Nominal return Excess return
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sample tests has failed to work out-of-sample. In this chapter the out-of.sample results of the 

predictive regression models are presented. 

Following e.g. Campbell & Thompson (2008), Goyal & Welch (2008) and Rapach et al. 

(2010) the out-of-sample return forecast is generated for sector i using a recursive expanding 

estimation window:  

r ,   α ,  β , x        (8.3) 

Where α ,  and β ,  are the OLS estimates of α  and β . The next period out-of-sample forecast 

is then given by: 

r ,   α ,  β , x          (8.4)  

The first 10 years of the sample period (1965:1 - 1975:1) is used to estimate the out-of-sample 

regression model so that the first out-of-sample return forecast is the 1975:2 return. The 

estimation period for the next out-of-sample return forecast (1975:3) is one month longer than 

the first forecast ranging from 1965:1 – 1975:2 and so on. 

Following Campbell & Thompson (2008), Goyal & Welch (2008) and Rapach et al. (2010), 

the historical average forecast, r , ∑ r ,  is used as the benchmark forecast. This 

benchmark corresponds to a random walk or constant expected return model. Intuitively, if x  

contains information useful for forecasting r , , the predictive regression forecast, which is 

conditional on x  , should provide superior forecasts relative to the constant expected return 

model. Goyal & Welch (2008) show that the historical average forecast is a stringent 

benchmark. The out-of-sample forecasting is done by applying a forecast combination 

approach as in line with Rapach et al. (2010). The forecasting combination approach is 

discussed in the next section.  

8.3.1 Forecast combination 
To improve the out-of-sample forecast performance, methods utilizing information across 

individual forecasts via forecast combining methods are applied in this thesis. Combinations 

of individual forecasts pool information from individual predictive regression models, so that 

combining individual forecast improves the information content (Rapach et al; 2010). 

Forecast combination is well known from the empirical macroeconomic literature to produce 

superior forecasting results; see i.e. Bates & Granger (1969), Clemen & Winkler (1986), 



76 
 

Clemen (1989), Diebold (1989), Marcellino (2004) and Stock & Watson (2004). The forecast 

combination approach has recently been applied within the empirical finance literature when 

forecasting stock returns out-of-sample, see Guidolin & Na (2006) and Rapach et al. (2010).   

Rapach et al. (2010) applied the forecasting combination approach in response to the general 

pure out-of-sample results from multiple regression models. They found that the forecasting 

combination approach with statistical significance outperformed the “kitchen sink” model 

applied by Goyal & Welch (2008) in out-of-sample tests.  

Timmermann (2006) outlined three main reasons31 why forecast combination approach would 

produce better out-of-sample forecasts on average than regression models taking into account 

correlations of forecasting errors; multiple regression models: 1) diversification, 2) data 

instabilities and 3) complex data-generating process. 

AD 1) the forecasting combination approach stabilizes the individual predictive regression 

model forecasts of next periods return and lowers the forecast variance relative to any of the 

individual models, much like diversification across many assets reduces the variance of the 

portfolio. 

AD 2) as pointed out in chapter 5.2 forecasting variables may be exposed to instability such 

as structural breaks, which can only be detected ex-post. Some models may adapt to breaks 

quickly and only temporarily while others may have parameters that will only adjust slowly to 

the post structural breaks. By combining forecasts from different models the forecasts are 

more robust to these instabilities. 

AD 3) the complexity of the data generating process leads to that the best predictive 

regression model may change over time in ways that can be difficult to track. Combining 

forecasts of different predictive regression models is more robust against these changes. 

Linking this to forecasting stock returns, it was argued in chapter 4 that the predictive 

variables may be proxy for different risk premia. If the exposure between equity return and 

the different risk premia changes through time, such that equity return is correlated with 

different risk premia conditional on the business cycle stage, predictability  of each predictors 

are time-varying. Forecasting combination approach takes time-varying predictability better 

into account than models with fixed parameters such as multiple regression models.  As was 

                                                            
31 Timmermann (2006) actually emphasizes four reasons in favor of forecast combinations. However, only the 
three most relevant for the subject of this thesis are discussed.   
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shown in chapter 8.2.1.2 the predictability component is time-varying and linked to the 

business cycle, which speak in favour of the combination approach. 

The combination forecast of the next periods expected return of sector i, , , made at time t-1 

is the simple weighted averages of the N individual predictive models based on equation 10.1.  

r ,  ∑ ,   ̂ , ,       (8.5) 

Where r ,  is the next periods excess return of sector i conditional on the predictive variable 

n. ωi,t-1 are the ex ante combining weights formed at time t-1. The weights are formed based 

on simple averaging of the predictive variables, hence ωi,t-1 = 1/N.  

More advanced forecast combination methods using in-sample model fit have been applied in 

the literature e.g. in Stock & Watson (2004). However, these more advanced methods have in 

general performed poorly compared to the simple averaging approach (Timmermann; 2006) 

and (Rapach et al.; 2010). 

8.3.2 OutofSample Forecast evaluation 
As in line with Campbell & Thompson (2008), Henkel et al. (2010) and Rapach et al. (2010) 

the out-of-sample R2 statistics, , is applied to compare the predicted return with the 

historical average benchmark; constant expected return. The predicted return is generated 

from a forecast combination model based on the predictive regression model 8.3 as explained 

in chapter 8.3.1. The  is akin to the in-sample R2 statistics and is given by: 

1  
∑ ̂

∑
         (8.6) 

The  statistics measures the reduction in mean squared prediction error (MSPE) for the 

predictive regression model or combination forecast relative to the historical average forecast 

according to the MSPE metric. Further, it is tested whether the predictive regression model or 

combination forecast has a significantly lower MSPE than the historical average benchmark 

forecast, which is the same as testing the null hypothesis that 0 against the alternative 

hypothesis that 0  (Rapach et al.; 2010). 

8.3.3 Outofsample results 

The table below shows the out-of-sample results: 
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Table 14 

 
 

As was the case with the in-sample results the out-of-sample results is much stronger for the 

nominal return than for the excess return with   from -0,02 to 0,17 for the nominal return 

and -0,09 to 0,1 for the excess return which are smaller than for the in-sample tests. The 

 are in general rising with the forecasting horizons as was the case for the in-sample 

results. The  statistics also indicates that the cyclical sectors contain a higher predictability 

component than non-cyclical sectors, as in line with the in-sample results.  

8.4 Summary 
In this chapter the regression results has been presented. Firstly, the chapter addressed the 

issue concerning stationarity of the information variables and tested if they followed a 

stationary process. By running the Augumented Dickey Fuller test it was shown that the null 

hypotheses of no unit-root could not be rejected for the valuation variables and the output cap 

at 5% significance level. Furthermore, it was shown that the null hypotheses for the CAY of 

no unit-root could not be rejected at 1% significance level. And hence the results from these 

variables must be taking with some caution.  

Secondly, the in-sample regression results was presented. It was shown that both the nominal 

excess sector return contain a predictability component. However, the predictability 

component for the excess return are general less significant than for the nominel returm. 

Furthermore, the adj. R2are in general small indicating a large degree of model uncertainty.  

1M 1Q 1Y Average 1M 1Q 1Y Average

Mkt 0,02           0,03           0,07           0,04          

NoDur 0,02           0,04           0,15           0,07           0,00           ‐0,00         ‐0,05         ‐0,02        

Durbl 0,02           0,05           0,17           0,08           0,01           0,03           0,10           0,05          

Manuf 0,01           0,01           0,04           0,02           ‐0,00         ‐0,00         ‐0,00         ‐0,00        

Enrgy ‐0,00         0,00           ‐0,02         ‐0,01         0,00           0,00           0,02           0,01          

Chems 0,02           0,02           0,12           0,05           ‐0,00         ‐0,01         ‐0,09         ‐0,03        

BusEq 0,01           0,02           ‐0,02         0,00           0,00           0,01           ‐0,03         ‐0,01        

Telcm 0,01           0,02           0,04           0,02           0,00           ‐0,00         ‐0,04         ‐0,01        

Utils 0,01           0,02           0,04           0,03           ‐0,00         ‐0,00         ‐0,08         ‐0,03        

Shops 0,03           0,05           0,14           0,07           0,01           0,03           0,03           0,02          

Hlth 0,00           ‐0,00         ‐0,02         ‐0,00         0,00           0,01           0,03           0,01          

Money 0,01           0,01           0,04           0,02           ‐0,01         ‐0,01         ‐0,02         ‐0,01        

Other 0,02           0,03           0,06           0,04           0,01           0,03           0,03           0,02          

Average 0,01           0,02           0,06           0,03           0,00           0,01           ‐0,01         ‐0,00        

Nominal return Excess return

OOS R‐squared 
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The most robust predictors were the macro economic variables. Especially, CAY and the 

detrended time-series significantly forecasted most sector returns. However, their forecasting 

ability was mainly concentrated around the 1M and 1Q horizon. Furthermore, it was shown 

that the cyclical sectors in general showed a slightly higher degree of predictability both for 

the nominal and excess return. 

Thirdly, the predictability component was linked to the business cycle stages. It was shown 

that the predictability component was time-varying with the adj. R2 to mainly be concentrated 

around business cycle stage 1 and 2.    

Fourthly, the out-of-sample results was presented by applying a forecast combination 

approach which better takes into account time-varying predictability than models with fixed 

parameters. Furthermore, it has empirically shown to provide more significant out-of-sample 

results. The results from the forecasting combination model showed a positive  for the 

nominal return indicating that the forecasting models contain higher out-of-sample predictable 

power than the historical benchmark. However, the results for the excess return ware less 

convincing with many negative  indicating that the investor is better of by applying the 

historical excess return when forecasting sector excess return. 

9 Conclusion 
In this thesis the issue of equity sector return predictability and its link to the business cycle 

has been addressed. The motivation of the thesis was to expand the return predictability 

debate to include sector return due to the potential importance for an equity only investor. As 

argued in chapter 3, when returns contains a predictability component then the optimal asset 

allocation strategy is changed from a constant-mix investment strategy to a dynamic 

investment strategy, where the asset allocation is conditional on the expected return. 

To answer the key question a number of sub-questions was identified. In the following the 

conclusions with respect to each sub-questions and the overall conclusion will be presented. 

What does the theoretical and empirical framework say about return predictability?  

In chapter 4 it was argued that return predictability can rational be derived from equilibrium 

asset pricing models if variables that forecast expected returns are a proxy for business cycle 

risk or other risk factors. It was argued, based on dynamic asset pricing models, that time-

varying expected return was due to 1) time-varying countercyclical risk aversion that 
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increases in “bad” states of the economy and decreases in “good” states and 2) hedging 

demands from the investor’s response to changes in the future consumption and investment 

opportunities set. Hence, variables that capture 1) changes in risk aversion and 2) changes in 

consumption and investment opportunities should be expected to forecast stock return.  

Based on the argumentation in chapter 4 it is concluded that the theoretical framework 

regarding return predictability states that the existence of return predictability cannot be seen 

as an opportunity to generate abnormal return, more it should be seen as a compensation for 

additional risk premiums. Furthermore, the valuation, Macroeconomic and proxy variables 

are theoretical valid information variables that should predict expected return.  

In chapter 5 the econometrical framework was discussed. It was shown that the evidence of 

return predictability is an open question with predictive models showing low R2 in in-sample 

tests and in many cases failing to show out-of-sample performance questioning if return 

predictability is real or due to spurious regression and/or data-mining. Furthermore, there are 

several econometric problems associated with forecasting stock returns, such as overlapping 

data and many of the variables applied in predictive regressions are highly persistent and 

potentially contain a stochastic trend making them non-stationary. Furthermore, many 

predictive variables contain a structural break which spoils the Campbell-Schiller identity for 

time-varying expected return.  

Based on the argumentation in chapter 5 it is concluded that despite that return predictability 

is a rational implication of asset pricing models, econometric issues relating to forecasting 

return are significant, questioning the statistical robustness of the predictability tests. 

Furthermore, for a real-time investor, return predictability must also be evident in out-of-

sample tests. However, return predictability has been mostly related to in-sample tests. That 

questions the practical use of predictive regression for the investor. 

Is expected equity sector return conditional on the business cycle?   

In chapter 6 the business cycle was separated into four stages; expansion (early/late) and 

contraction (early/late). It was argued to use the development in the OECD CLI to define the 

business cycle stages instead of the NBER turning points due to the practical appeal for a real-

time investor.   

The expected equity sector nominal and excess return was linked to the different business 

cycle stages defined from the OECD CLI. It was shown that equity sector returns have a clear 



81 
 

business cycle component with sectors such as Durbl, Manuf and BusEq generating excess 

return during good economic times and sectors such as Telcm, Utils and Hlth generating 

excess return during bad economic times. The first sectors were categorized as being cyclical 

sectors and the last sectors were categorized as being non-cyclical sectors. 

Based on the analysis in chapter 6 it is concluded that both sector nominal and excess return 

are linked to the business cycle with some sectors categorized as cyclical sectors who 

generate excess return compared to the market in economic expansion periods and other 

sectors categorized as non-cyclical sectors who generate excess return compared to the 

market in economic contraction periods. 

Can equity sector returns be predicted from standard predictors of stock market 

return? - And is the predictability component of sector return linked to the business 

cycle? 

In chapter 7 the empirical motivation for selection of information variables relating to the 

three sub-categories identified in chapter 4 was presented. 15 variables were selected based on 

the empirical findings from the literature.  

In chapter 8 the predictive regression results were presented. Both the nominal sector and 

market return and the excess sector return were regressed on the set of 15 predictive variables 

giving 1170 individual regression models of nominal return and 1080 regression models of 

excess return. It was shown that in general the sector return contains a predictability 

component with adj. R2 ranging from -0,06 to 0,23 and significant robust t-statistics. 

However, the predictability component for the excess return was clearly diminished with less 

robust results and fewer sectors displaying return predictability.  

The most statistically robust predictors were in general the macro economic variables with 

CAY as the best performing variable at all horizons. However, the results from CAY should 

be perceived with cautions because the null hypothesis of no unit-root could not be rejected at 

the 1% significance level. The detrended time-series did not contain a unit root and they 

significantly forecasted most sector returns, with the detrented 10Y CM being the most robust 

variable. However, their forecasting ability was mainly concentrated around the 1M and 1Q 

horizon.  

As in line with most empirical findings it was found from the in-sample tests that the 

statistical power of the valuation variables rises with the horizon. The results for the proxy 
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variables showed that the VRP and SML were the most robust predictors. Furthermore, the 

predictability of the proxy variables was mainly concentrated around 1M and 1Q horizons. In 

addition, the in-sample results showed that the cyclical sectors in general contain a higher 

degree of return predictability both for the nominal and excess return.  

By separating the in-sample adj. R2 into the four business cycle stages it was shown that the 

predictability component is time-varying with the adj. R2 to be mainly concentrated around 

business cycle stage 1 and 2.    

To assess the sector return predictability in relation to a real-time investor an out-of-sample 

regression model was estimated. To improve the out-of-sample results a forecast combination 

model was applied, which take better into account the time-varying predictability component 

than models with fixed parameters. The results from the forecasting combination model 

showed a positive  for the nominal return indicating that the forecasting models contain 

higher out-of-sample predictable power than the historical benchmark. Hence, a real-time 

investor could benefit from applying predictive regression models of nominal sector return. 

However, the results for the excess return ware less convincing with many negative  

indicating that the investor is better off by applying the historical excess return as benchmark. 

Based on the findings in chapter 8 it can be concluded that both nominal and excess sector 

return economically and statistically can be predicted from standard predictors of stock 

market return and that the predictability power is mainly concentrated to expansion periods. 

However, the predictability component is significantly smaller for excess return than for 

nominal return. Furthermore, the adj. R2 and  is small indicating a large degree of model 

uncertainty that the investor should take into account in the asset allocation decision.  

The overall conclusion from the thesis is: that equity sector return contains a predictability 

component which is time-varying and linked to the business cycle. The predictability 

component is more evident in nominal return than in excess return and is more evident for 

cyclical sectors than for non-cyclical sectors. The investors can achieve utility gain from 

applying predictive regression models of equity sector return in the asset allocation decision. 

However, these gains shall be seen as a compensation for risk premiums and not as an 

opportunity for generating abnormal profit. Furthermore, there is a considerable number of 

econometric issues relating to return predictability and both the in-sample and out-of-sample 

goodness-of-fit are relatively small. This leads to model uncertainty, which should be taking 

into account when applying predictive regression models in the asset allocation decision. 
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Appendix 1 – Industry SIC codes 
Each NYSE, AMEX, and NASDAQ stock is assign to an industry portfolio at the end of 
Juneof year t based on its four-digit SIC code at that time. CRSP, and Compustat is applied as 
a source of SIC codes. Compustat SIC codes (for the fiscal year ending in calendar year t-1) is 
applied whenever available. Otherwise CRSP SIC codes (for June of year t).

 

Source: Kenneth French Data Library 

 1 NoDur  Consumer NonDurables  ‐‐ Food, Tobacco, Textiles, Apparel, Leather, Toys

          0100‐0999

          2000‐2399

          2700‐2749

          2770‐2799

          3100‐3199

          3940‐3989

 2 Durbl   Consumer Durables  ‐‐ Cars, TV's, Furniture, Household Appliances

          2500‐2519

          2590‐2599

          3630‐3659

          3710‐3711

          3714‐3714

          3716‐3716

          3750‐3751

          3792‐3792

          3900‐3939

          3990‐3999

 3 Manuf  Manufacturing ‐‐ Machinery, Trucks, Planes, Off Furn, Paper, Com Printing

          2520‐2589

          2600‐2699

          2750‐2769

          3000‐3099

          3200‐3569

          3580‐3629

          3700‐3709

          3712‐3713

          3715‐3715

          3717‐3749

          3752‐3791

          3793‐3799

          3830‐3839

          3860‐3899

 4 Enrgy  Oil, Gas, and Coal  Extraction and Products

          1200‐1399

          2900‐2999

 5 Chems   Chemicals  and All ied Products

          2800‐2829

          2840‐2899

 6 BusEq  Business  Equipment ‐‐ Computers, Software, and Electronic Equipment

          3570‐3579

          3660‐3692

          3694‐3699

          3810‐3829

          7370‐7379

 7 Telcm  Telephone and Television Transmission

          4800‐4899

 8 Utils   Utilities

          4900‐4949

 9 Shops   Wholesale, Retail, and Some Services (Laundries, Repair Shops)

          5000‐5999

          7200‐7299

          7600‐7699

10 Hlth   Healthcare, Medical  Equipment, and Drugs

          2830‐2839

          3693‐3693

          3840‐3859

          8000‐8099

11 Money  Finance

          6000‐6999

12 Other  Other ‐‐ Mines, Constr, BldMt, Trans, Hotels, Bus  Serv, Entertainment

Industry SIC Codes



93 
 

Appendix 2 – Correlation matrix of sector returns 
 

Below the correlation matrix of nominal and excess returns for the respective sectors is 

presented:  

 

 

Source: Own calculation based on data from Kenneth French data library  

 

 

  

NoDur Durbl Manuf Enrgy Chems BusEq Telcm Utils Shops Hlth Money Other Mkt

NoDur 1,00        0,68    0,79     0,48      0,82    0,58      0,60     0,61      0,84       0,77      0,81     0,79      0,83    

Durbl 1,00    0,84     0,45      0,74    0,68      0,59     0,44      0,76       0,52      0,74     0,79      0,81    

Manuf 1,00     0,60      0,87    0,79      0,62     0,52      0,82       0,67      0,81     0,92      0,93    

Enrgy 1,00      0,58    0,43      0,39     0,57      0,42       0,42      0,52     0,57      0,65    

Chems 1,00    0,63      0,55     0,53      0,77       0,72      0,77     0,82      0,85    

BusEq 1,00      0,60     0,30      0,70       0,61      0,62     0,78      0,85    

Telcm 1,00     0,50      0,62       0,52      0,64     0,63      0,73    

Utils 1,00      0,46       0,47      0,60     0,52      0,59    

Shops 1,00       0,67      0,79     0,83      0,85    

Hlth 1,00      0,67     0,69      0,76    

Money 1,00     0,83      0,87    

Other 1,00      0,93    

Mkt 1,00    

Sector nominal return correlation matrix

NoDur Durbl Manuf Enrgy Chems BusEq Telcm Utils Shops Hlth Money Other

NoDur 1,00        (0,03)  (0,00)    (0,05)     0,42    (0,51)     0,08     0,38      0,41       0,42      0,26     (0,02)    

Durbl 1,00    0,44     (0,21)     0,15    0,01      (0,04)    (0,13)     0,24       (0,25)     0,16     0,21     

Manuf 1,00     (0,09)     0,34    0,02      (0,29)    (0,21)     0,13       (0,18)     0,03     0,41     

Enrgy 1,00      0,09    (0,37)     (0,08)    0,38      (0,36)      (0,09)     (0,13)    (0,20)    

Chems 1,00    (0,38)     (0,13)    0,15      0,15       0,24      0,10     0,07     

BusEq 1,00      (0,16)    (0,55)     (0,08)      (0,17)     (0,40)    0,05     

Telcm 1,00     0,27      (0,01)      0,00      (0,00)    (0,28)    

Utils 1,00      (0,10)      0,15      0,14     (0,24)    

Shops 1,00       0,06      0,20     0,18     

Hlth 1,00      0,03     (0,12)    

Money 1,00     0,16     

Other 1,00     

Mkt

Sector excess return correlation matrix
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Appendix 3 – NBER defined Business Cycle Stages 
NBER only defines peak an trough dates and does not define the dates that separate the 

different stages. DeStefano (2004) assumes that the dates that separate each stage occur in the 

chronological middle of the trough to peak and peak to trough time periods.  

Stage I which relate to the early expansion, begins at the trough of the business cycle and 

continues through one-half of the expansionary period. Stage II, which refers to the late 

expansion, consists of the second half of the expansionary period and terminates at the peak 

date. Stages III and IV have similar reasoning but relate to the recession period of the 

business cycle. The different stages in relation to the business cycle are illustrated below. 

 

Source: DeStafano (2004) 

DeStefano (2004) uses monthly industrial production, component of the Conference Board`s 

index of coincident indicators, as a measure of the current economic activity and to 

investigate if the goal of the stage delineation is being achieved. McQueen & Roley (1993) 

applies the same approach. Below the descriptive statistics for the NBER defined business 

cycle stages is presented. 

 

Below the sector returns and excess returns as well as the standard deviation of the two 

returns is illustrated for the NBER business cycle defined stages. In appendix 4 the dates for 

each stage are presented. 

Economic stage Observations Relative
Number of 

periods

Average 

length

Standard 

deviation

Stage I 196                36,3% 8                         24,5 19,27

Stage II 260                48,1% 7                         37,1 20,87

Stage III 43                  8,0% 7                         6,1 2,61

Stage IV 41                  7,6% 7                         5,9 2,41
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Note:*Excluding market returns. Hence, the average nominal return is equal to the equal weighted Mkt return. 

The average excess return does not equal zero because it is an equal weighted average and the Mkt return is a 
capitalized weighted average 

Source: Own calculations 

   

Ekspansion periods 

(stage I & stage II)

Industry

Average 

annualized 

nominal return

Average 

annualized 

excess return

Standard 

deviation of 

nominal return

Standard 

deviation of 

excess return

Average 

annualized 

nominal return

Average 

annualized 

excess return

Standard 

deviation of 

nominal return

Standard 

deviation of 

excess return

Non Dur 14,74% 1,11% 12,15% 7,95% 12,43% 1,21% 15,86% 9,65%

Durbl 16,21% 2,58% 17,08% 11,52% 6,38% ‐4,84% 19,47% 11,18%

Manuf 15,95% 2,32% 14,32% 6,15% 13,39% 2,17% 17,50% 6,73%

Enrgy 15,43% 1,79% 15,79% 12,69% 17,16% 5,94% 18,09% 14,93%

Chems 14,65% 1,02% 13,18% 7,70% 9,70% ‐1,52% 16,44% 9,75%

BusEq 14,06% 0,43% 19,15% 10,59% 12,87% 1,65% 23,74% 14,10%

Telcm 12,20% ‐1,43% 15,52% 11,14% 10,25% ‐0,97% 16,12% 11,85%

Utils 12,67% ‐0,96% 12,53% 10,73% 9,91% ‐1,31% 13,71% 15,27%

Shops 12,96% ‐0,67% 14,70% 8,79% 10,43% ‐0,79% 18,58% 9,53%

Hlth 9,69% ‐3,94% 15,57% 10,37% 16,13% 4,91% 16,79% 11,37%

Money 17,37% 3,74% 13,73% 6,77% 12,07% 0,85% 18,32% 10,04%

Other 13,63% ‐0,01% 15,09% 6,21% 10,31% ‐0,91% 18,85% 7,98%

Mkt 13,63% 12,18% 11,22% 15,30%

Average* 14,13% 0,50% 14,90% 9,22% 11,75% 0,53% 17,79% 11,03%

Stage I Stage II

NBER business cycle conditional return

Conctraction periods 

(stage III & stage IV)

Industry

Average 

annualized 

nominal return

Average 

annualized 

excess return

Standard 

deviation of 

nominal return

Standard 

deviation of 

excess return

Average 

annualized 

nominal return

Average 

annualized 

excess return

Standard 

deviation of 

nominal return

Standard 

deviation of 

excess return

Non Dur ‐18,06% 11,03% 16,01% 9,68% 37,48% 7,60% 21,62% 9,93%

Durbl ‐37,87% ‐8,77% 26,14% 15,74% 42,52% 12,64% 38,24% 22,69%

Manuf ‐37,01% ‐7,91% 22,97% 7,13% 29,08% ‐0,80% 29,68% 9,87%

Enrgy ‐28,12% 0,97% 27,02% 18,95% 15,61% ‐14,27% 22,53% 15,94%

Chems ‐18,07% 11,03% 17,74% 8,30% 27,58% ‐2,31% 25,36% 7,98%

BusEq ‐38,94% ‐9,85% 24,36% 11,35% 43,44% 13,55% 32,14% 16,34%

Telcm ‐16,04% 13,06% 19,14% 11,62% 19,27% ‐10,62% 18,93% 14,61%

Utils ‐15,37% 13,73% 19,36% 13,18% 20,80% ‐9,08% 19,17% 16,11%

Shops ‐20,37% 8,73% 20,25% 10,75% 45,92% 16,03% 28,14% 12,53%

Hlth ‐17,76% 11,34% 17,32% 12,69% 33,56% 3,68% 25,60% 16,97%

Money ‐34,87% ‐5,77% 24,85% 13,95% 30,78% 0,89% 31,96% 13,05%

Other ‐39,00% ‐9,90% 22,22% 6,94% 32,32% 2,44% 30,42% 9,45%

Mkt ‐29,10% 19,06% 29,88% 23,89%

Average* ‐26,79% 2,31% 21,45% 11,69% 31,53% 1,65% 26,98% 13,79%

NBER business cycle conditional return

Stage III Stage IV
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Appendix 4 – Dating Business Cycle Stages 
NBER Defined Business Cycle Stages 

 

OECD CLI Defined Business Cycle Stages 
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Appendix 5 – Corralation matrix of information variables 
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Appendix 6 – Residual Analysis 
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Appendix 7 –  The robustness of predictability  
 
 

 
Note: The t-statistics are calculated as the absolute value of the average t-statistics for each information 

variables  

 Note: The t-statistics are calculated as the absolute value of the average t-statistics for each sector  

    

1M 1Q 1Y Average 1M 1Q 1Y Average

P/D 0,58           1,01  1,61  1,07           0,59  0,73  0,82  0,71          

P/E 0,56           0,95  1,48  1,00           0,74  0,80  0,85  0,80          

FED Model 0,51           0,87  1,09  0,82           0,79  1,06  1,25  1,03          

P/Y 0,86           1,50  2,07  1,47           0,80  0,82  0,85  0,82          

Output gab 2,20           2,16  1,97  2,11           0,93  0,89  0,86  0,89          

CAY 2,78           2,64  2,70  2,71           0,98  0,99  1,14  1,04          

CPI 2,31           2,16  1,34  1,93           1,30  1,28  1,45  1,34          

3M t‐bill 2,57           1,61  0,99  1,72           1,66  1,46  1,50  1,54          

10Y CM 3,82           2,60  1,00  2,47           1,22  1,19  1,30  1,24          

Credit spread 1,18           1,10  1,92  1,40           0,90  0,88  1,25  1,01          

Term spread  1,31           1,08  1,32  1,24           0,93  0,84  0,77  0,84          

Vol  risk premium 1,61           1,77  0,95  1,44           1,06  1,30  0,99  1,12          

SVAR 0,27           0,50  1,49  0,75           0,59  0,81  1,29  0,90          

HML 0,85           0,82  1,38  1,02           0,81  1,08  0,49  0,79          

SML 1,11           2,06  0,70  1,29           1,05  0,71  1,13  0,96          

Average 1,50           1,52  1,47  1,50           0,96  0,99  1,06  1,00          

The predictability significance of the information variables

Nominal return Excess return

1M 1Q 1Y Average 1M 1Q 1Y Average

Mkt 1,68           1,81               1,68           1,73          

NoDur 1,88           1,80               1,81           1,83           0,78           0,69           0,41           0,63          

Durbl 1,81           1,93               2,29           2,01           1,20           1,23           1,70           1,38          

Manuf 1,29           1,35               1,41           1,35           0,90           0,83           1,30           1,01          

Enrgy 0,45           0,47               0,67           0,53           1,40           1,58           1,66           1,55          

Chems 1,67           1,58               1,81           1,69           0,58           0,70           0,78           0,69          

BusEq 1,60           1,75               1,19           1,51           1,01           1,23           0,75           1,00          

Telcm 1,62           1,65               1,47           1,58           1,08           0,92           0,89           0,96          

Utils 1,19           1,00               0,98           1,06           0,79           1,09           1,01           0,97          

Shops 2,06           2,06               2,02           2,05           1,33           1,23           0,95           1,17          

Hlth 1,33           1,40               0,90           1,21           0,80           0,67           1,25           0,91          

Money 1,32           1,33               1,28           1,31           0,56           0,61           1,11           0,76          

Other 1,61           1,66               1,55           1,61           1,02           1,08           0,93           1,01          

Average 1,50           1,52               1,47           1,50           0,96           0,99           1,06           1,00          

The predictability significance of sector returns

Nominal return Excess return
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Appendix 8 – Subsample results 
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1M 1Q 1Y Total 1M 1Q 1Y Total

P/D ‐    ‐       6        6          ‐    2        1        3        

P/E ‐    ‐       3        3          ‐    ‐    ‐     ‐     

FED Model ‐    ‐       ‐     ‐       ‐    ‐    1        1        

P/Y ‐    ‐       5        5          ‐    1        ‐     1        

Output gab 1        2           6        9          2        3        2        7        

CAY 6        7           7        20        3        3        6        12      

CPI ‐    1           3        4          1        1        4        6        

3M t‐bill 7        5           5        17        2        1        3        6        

10Y CM ‐    ‐       3        3          3        3        8        14      

Credit spread 1        ‐       1        2          ‐    ‐    5        5        

Term spread  2        1           ‐     3          1        2        2        5        

Vol  risk premium 7        5           ‐     12        4        5        1        10      

SVAR 2        2           4        8          ‐    2        6        8        

HML 1        1           ‐     2          1        3        1        5        

SML 3        5           4        12        2        1        6        9        

Total 30      29        47      106      19      27      46      92      

Average 2,0     1,9       3,1     7,1       1,3     1,8     3,1     6,1     

Nominal return Excess return

Number of significant information variables

1M 1Q 1Y Total 1M 1Q 1Y Total

Mkt 3              3              5              11       

NoDur 1              1              2              4           2            1              2              5             

Durbl 2              3              8              13        4            4              8              16           

Manuf ‐          ‐          2              2           ‐        ‐          1              1             

Enrgy 1              1              2              4           3            5              7              15           

Chems 3              2              5              10        1            2              3              6             

BusEq 4              4              3              11        3            5              4              12           

Telcm 3              4              4              11        1            2              1              4             

Utils 3              1              2              6           2            3              5              10           

Shops 1              2              3              6           2            3              4              9             

Hlth 4              4              3              11        1            1              3              5             

Money 3              2              3              8           ‐        ‐          6              6             

Other 2              2              5              9           ‐        1              2              3             

Average 2,3          2,2          3,6          8,2       1,6         2,3          3,8          7,7          

Number of significant sector returns

Nominal return Excess return
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Note: The t-statistics are calculated as the absolute value of the average t-statistics for each information 

variables  

 
Note: The t-statistics are calculated as the absolute value of the average t-statistics for each sector 

 
 
 
 

1M 1Q 1Y Average 1M 1Q 1Y Average

P/D 0,44           0,61  1,48  0,84           0,60  0,82  0,94  0,79          

P/E 0,48           0,44  1,07  0,67           0,44  0,65  0,74  0,61          

FED Model 0,63           0,41  0,61  0,55           0,47  0,63  0,79  0,63          

P/Y 0,37           0,63  1,51  0,84           0,46  0,74  0,78  0,66          

Output gab 1,07           1,03  1,35  1,15           0,91  1,02  1,07  1,00          

CAY 1,63           1,58  1,74  1,65           1,34  1,39  1,61  1,45          

CPI 0,52           0,79  0,95  0,75           0,63  0,88  1,31  0,94          

3M t‐bill 1,62           1,50  1,68  1,60           0,83  0,86  0,96  0,88          

10Y CM 0,52           0,60  1,07  0,73           0,96  0,90  1,67  1,18          

Credit spread 1,13           0,95  0,94  1,01           0,49  0,63  1,51  0,88          

Term spread  0,85           0,56  0,56  0,65           0,59  0,68  0,77  0,68          

Vol  risk premium 1,59           1,51  0,60  1,23           1,02  1,47  0,71  1,07          

SVAR 0,98           0,88  1,65  1,17           0,93  1,22  2,18  1,45          

HML 0,75           0,88  0,56  0,73           0,82  1,22  0,80  0,95          

SML 1,01           1,51  1,59  1,37           1,11  0,96  1,72  1,26          

Average 0,91           0,92  1,16  1,00           0,77  0,94  1,17  0,96          

The predictability significance of the information variables

Nominal return Excess return

1M 1Q 1Y Average 1M 1Q 1Y Average

Mkt 0,99         1,05         1,15      1,07      

NoDur 0,73         0,73         0,92      0,79       0,75      0,73         0,87      0,78     

Durbl 0,80         0,98         1,88      1,22       0,96      1,15         1,96      1,36     

Manuf 0,79         0,79         1,07      0,89       0,59      0,61         1,04      0,75     

Enrgy 0,85         0,92         0,78      0,85       0,94      1,36         1,91      1,40     

Chems 0,88         0,73         1,34      0,98       0,69      0,73         0,86      0,76     

BusEq 0,98         1,13         1,33      1,15       0,86      1,11         1,22      1,06     

Telcm 1,05         1,14         1,06      1,08       0,68      1,05         0,64      0,79     

Utils 0,97         0,81         0,74      0,84       0,89      1,24         1,42      1,18     

Shops 0,83         0,80         1,52      1,05       0,92      1,10         1,19      1,07     

Hlth 1,12         1,07         0,95      1,05       0,78      0,74         1,02      0,85     

Money 0,93         0,94         1,21      1,03       0,70      0,68         1,23      0,87     

Other 0,84         0,92         1,11      0,96       0,52      0,78         0,70      0,67     

Average 0,91         0,92         1,16      1,00       0,77      0,94         1,17      0,96     

The predictability significance of sector returns

Nominal return Excess return
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Appendix 9 – Linking the predictability component to the business 
cycle  

 

Mkt

Stage I Stage II Stage III Stage IV

P/D ‐0,00         ‐0,01         ‐0,01         0,00          

P/E 0,01           ‐0,01         ‐0,01         ‐0,01        

FED Model 0,07           ‐0,00         ‐0,00         ‐0,01        

P/Y ‐0,00         ‐0,01         ‐0,00         ‐0,00        

OutputCab ‐0,01         ‐0,01         ‐0,00         0,02          

Detrend CPI ‐0,00         ‐0,00         0,03           ‐0,01        

Detrend 3M T‐Bill 0,06           ‐0,00         ‐0,01         ‐0,01        

Detrend 10Y CM 0,08           0,01           0,03           0,01          

Credit spread 0,09           0,00           ‐0,00         ‐0,00        

Term spread ‐0,01         ‐0,01         ‐0,01         ‐0,01        

SVAR 0,08           0,03           ‐0,00         0,01          

HML 0,01           ‐0,01         ‐0,00         ‐0,00        

SML 0,00           0,01           ‐0,00         0,02          

CAY ‐0,01         ‐0,00         0,01           0,05          

NoDur

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D ‐0,01         0,04           ‐0,00         ‐0,01         P/D ‐0,01         0,11           0,00           0,01          

P/E 0,00           0,05           ‐0,00         ‐0,01         P/E ‐0,01         0,11           ‐0,00         0,00          

FED Model 0,04           0,03           0,01           ‐0,00         FED Model ‐0,00         0,03           0,02           0,00          

P/Y ‐0,01         0,04           ‐0,01         ‐0,01         P/Y ‐0,01         0,07           ‐0,01         0,01          

OutputCab ‐0,01         0,02           ‐0,01         0,01           OutputCab ‐0,01         0,07           ‐0,01         0,00          

Detrend CPI 0,00           ‐0,00         0,06           ‐0,01         Detrend CPI ‐0,01         ‐0,01         0,01           0,01          

Detrend 3M T‐Bill 0,06           ‐0,00         ‐0,01         ‐0,00         Detrend 3M T‐Bill ‐0,01         ‐0,01         ‐0,01         ‐0,00        

Detrend 10Y CM 0,05           0,03           0,02           0,01           Detrend 10Y CM ‐0,00         0,01           ‐0,01         ‐0,01        

Credit spread 0,06           0,01           0,02           ‐0,01         Credit spread ‐0,01         ‐0,01         0,02           0,00          

Term spread ‐0,00         ‐0,01         ‐0,01         ‐0,01         Term spread ‐0,01         ‐0,00         ‐0,01         ‐0,01        

SVAR 0,01           ‐0,00         ‐0,00         0,00           SVAR 0,05           0,03           ‐0,01         ‐0,00        

HML ‐0,01         0,02           ‐0,01         0,00           HML 0,04           0,08           0,01           ‐0,01        

SML ‐0,01         0,04           ‐0,01         0,01           SML ‐0,00         0,01           0,01           ‐0,00        

CAY ‐0,01         0,00           0,01           0,03           CAY ‐0,01         ‐0,00         ‐0,01         0,01          

Durbl

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D ‐0,01         0,01           ‐0,00         ‐0,01         P/D ‐0,01         0,03           ‐0,00         ‐0,00        

P/E 0,00           0,01           ‐0,01         ‐0,01         P/E ‐0,01         0,04           ‐0,00         ‐0,00        

FED Model 0,10           0,02           ‐0,00         ‐0,00         FED Model 0,05           0,03           ‐0,00         0,00          

P/Y ‐0,00         0,02           ‐0,01         ‐0,01         P/Y ‐0,01         0,03           ‐0,00         ‐0,00        

OutputCab ‐0,00         0,01           ‐0,01         0,02           OutputCab ‐0,01         0,04           ‐0,01         ‐0,01        

Detrend CPI 0,01           0,01           0,04           ‐0,01         Detrend CPI 0,01           0,01           0,01           0,01          

Detrend 3M T‐Bill 0,02           0,02           ‐0,01         ‐0,00         Detrend 3M T‐Bill ‐0,01         0,02           ‐0,00         ‐0,00        

Detrend 10Y CM 0,03           0,05           0,01           0,02           Detrend 10Y CM ‐0,01         0,05           ‐0,01         ‐0,00        

Credit spread 0,09           0,02           0,00           0,00           Credit spread 0,03           0,02           ‐0,00         ‐0,01        

Term spread 0,02           ‐0,00         ‐0,00         ‐0,01         Term spread 0,04           0,01           0,01           ‐0,01        

SVAR 0,09           0,00           ‐0,00         0,01           SVAR 0,04           ‐0,00         ‐0,01         ‐0,00        

HML 0,01           0,00           ‐0,01         ‐0,01         HML ‐0,00         0,03           0,00           ‐0,00        

SML ‐0,01         0,02           ‐0,00         0,01           SML 0,00           0,01           0,02           ‐0,01        

CAY ‐0,01         0,00           ‐0,00         0,01           CAY ‐0,01         0,00           ‐0,00         0,00          
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Manuf

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D ‐0,01         ‐0,01         ‐0,00         ‐0,01         P/D 0,02           0,00           0,01           0,04          

P/E ‐0,00         ‐0,01         ‐0,00         ‐0,01         P/E ‐0,01         0,00           0,00           0,06          

FED Model 0,09           0,01           0,00           ‐0,00         FED Model 0,01           0,04           0,01           0,02          

P/Y ‐0,00         ‐0,00         ‐0,01         ‐0,01         P/Y ‐0,01         ‐0,00         0,00           0,07          

OutputCab ‐0,01         ‐0,01         ‐0,01         0,01           OutputCab ‐0,00         ‐0,01         0,00           0,00          

Detrend CPI 0,00           ‐0,00         0,01           ‐0,01         Detrend CPI ‐0,00         ‐0,01         ‐0,00         ‐0,01        

Detrend 3M T‐Bill 0,05           0,00           ‐0,01         ‐0,00         Detrend 3M T‐Bill ‐0,01         ‐0,00         0,00           ‐0,00        

Detrend 10Y CM 0,03           0,00           0,01           0,02           Detrend 10Y CM 0,00           ‐0,01         0,00           0,02          

Credit spread 0,10           ‐0,00         0,00           0,01           Credit spread 0,01           ‐0,01         ‐0,00         0,03          

Term spread 0,01           ‐0,00         ‐0,01         ‐0,01         Term spread 0,02           ‐0,00         ‐0,00         ‐0,01        

SVAR 0,09           ‐0,00         0,01           0,01           SVAR 0,01           0,03           0,02           0,00          

HML 0,01           ‐0,01         ‐0,01         ‐0,00         HML ‐0,01         0,01           0,00           ‐0,00        

SML ‐0,01         0,01           ‐0,01         0,02           SML 0,01           ‐0,00         0,01           0,00          

CAY ‐0,01         ‐0,01         0,00           0,04           CAY ‐0,00         0,00           ‐0,00         ‐0,01        

Enrgy

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D 0,01           ‐0,01         0,00           ‐0,01         P/D ‐0,00         ‐0,01         0,01           0,00          

P/E 0,02           ‐0,01         ‐0,00         ‐0,01         P/E ‐0,01         ‐0,01         0,00           ‐0,01        

FED Model 0,01           ‐0,01         ‐0,01         ‐0,01         FED Model 0,01           ‐0,01         ‐0,00         ‐0,01        

P/Y 0,00           ‐0,00         ‐0,01         ‐0,01         P/Y ‐0,01         ‐0,01         0,00           ‐0,01        

OutputCab 0,00           ‐0,01         0,00           ‐0,01         OutputCab ‐0,01         ‐0,01         0,02           0,02          

Detrend CPI ‐0,01         ‐0,01         ‐0,01         0,01           Detrend CPI ‐0,01         ‐0,01         0,02           0,01          

Detrend 3M T‐Bill 0,02           ‐0,01         ‐0,01         ‐0,01         Detrend 3M T‐Bill ‐0,00         ‐0,01         ‐0,01         ‐0,00        

Detrend 10Y CM ‐0,01         ‐0,01         0,03           0,01           Detrend 10Y CM 0,04           0,01           ‐0,00         ‐0,01        

Credit spread 0,03           0,01           ‐0,01         0,01           Credit spread ‐0,00         ‐0,00         0,00           ‐0,00        

Term spread ‐0,01         ‐0,01         ‐0,01         ‐0,00         Term spread ‐0,00         ‐0,00         ‐0,01         ‐0,00        

SVAR 0,00           0,00           ‐0,00         0,01           SVAR 0,02           ‐0,00         ‐0,01         ‐0,01        

HML ‐0,01         ‐0,01         0,00           ‐0,00         HML 0,01           ‐0,00         0,04           0,04          

SML ‐0,00         0,01           0,01           0,01           SML 0,02           ‐0,01         0,06           ‐0,01        

CAY ‐0,01         ‐0,00         ‐0,01         0,01           CAY ‐0,01         0,01           0,01           0,01          

Chems

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D ‐0,00         ‐0,00         ‐0,01         ‐0,01         P/D ‐0,01         0,01           ‐0,01         0,04          

P/E 0,01           0,00           ‐0,01         ‐0,01         P/E ‐0,01         0,02           ‐0,01         0,02          

FED Model 0,05           0,00           ‐0,00         ‐0,00         FED Model ‐0,01         ‐0,00         ‐0,01         0,00          

P/Y 0,00           0,01           ‐0,00         ‐0,01         P/Y ‐0,01         0,01           ‐0,01         0,02          

OutputCab 0,00           0,00           ‐0,01         ‐0,00         OutputCab 0,01           0,03           ‐0,01         0,03          

Detrend CPI 0,00           0,01           0,02           ‐0,00         Detrend CPI ‐0,00         0,01           ‐0,01         ‐0,01        

Detrend 3M T‐Bill 0,06           0,01           ‐0,00         0,00           Detrend 3M T‐Bill ‐0,00         0,00           ‐0,00         ‐0,00        

Detrend 10Y CM 0,05           0,02           0,03           0,02           Detrend 10Y CM ‐0,01         0,00           ‐0,01         ‐0,01        

Credit spread 0,06           0,01           0,01           0,01           Credit spread ‐0,01         0,00           0,01           0,00          

Term spread 0,00           ‐0,01         ‐0,01         ‐0,01         Term spread 0,00           0,00           ‐0,01         ‐0,01        

SVAR 0,01           0,00           ‐0,00         0,01           SVAR 0,03           0,00           ‐0,01         ‐0,01        

HML ‐0,01         ‐0,01         ‐0,00         ‐0,01         HML 0,08           0,00           ‐0,01         0,02          

SML ‐0,01         0,05           0,00           0,01           SML 0,03           0,03           ‐0,00         ‐0,01        

CAY ‐0,01         ‐0,00         ‐0,00         0,02           CAY ‐0,01         ‐0,01         0,00           0,01          
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BusEq

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D ‐0,01         0,02           ‐0,01         0,01           P/D ‐0,01         0,04           ‐0,01         0,00          

P/E 0,00           0,02           ‐0,01         ‐0,00         P/E ‐0,01         0,05           ‐0,00         ‐0,00        

FED Model 0,06           ‐0,01         ‐0,01         ‐0,01         FED Model 0,01           0,01           ‐0,01         0,00          

P/Y ‐0,01         0,01           ‐0,01         ‐0,00         P/Y ‐0,01         0,04           0,00           ‐0,00        

OutputCab ‐0,01         0,01           ‐0,01         0,03           OutputCab ‐0,01         0,02           ‐0,01         0,01          

Detrend CPI ‐0,01         ‐0,01         0,02           ‐0,01         Detrend CPI ‐0,01         ‐0,00         ‐0,01         ‐0,00        

Detrend 3M T‐Bill 0,03           ‐0,01         ‐0,01         ‐0,00         Detrend 3M T‐Bill ‐0,01         ‐0,01         ‐0,00         ‐0,00        

Detrend 10Y CM 0,06           ‐0,01         0,00           0,01           Detrend 10Y CM 0,01           0,02           ‐0,00         ‐0,00        

Credit spread 0,04           ‐0,01         ‐0,01         ‐0,01         Credit spread ‐0,01         0,01           0,03           ‐0,00        

Term spread ‐0,01         ‐0,00         ‐0,01         ‐0,01         Term spread 0,00           0,00           ‐0,01         0,01          

SVAR 0,05           0,02           ‐0,01         ‐0,01         SVAR 0,01           0,00           ‐0,00         0,00          

HML 0,00           0,02           0,01           0,01           HML ‐0,00         0,05           0,02           0,02          

SML 0,02           ‐0,00         0,02           0,02           SML 0,02           ‐0,00         0,03           0,00          

CAY ‐0,01         ‐0,01         0,01           0,05           CAY ‐0,00         ‐0,01         ‐0,00         0,01          

Telcm

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D ‐0,01         0,00           0,01           0,03           P/D ‐0,01         0,00           0,02           0,01          

P/E ‐0,00         ‐0,00         0,01           0,01           P/E ‐0,01         ‐0,00         0,03           0,01          

FED Model 0,03           ‐0,00         ‐0,00         ‐0,01         FED Model ‐0,01         0,01           ‐0,01         ‐0,01        

P/Y 0,01           ‐0,01         0,03           0,01           P/Y ‐0,00         ‐0,01         0,02           0,01          

OutputCab ‐0,00         ‐0,00         0,04           0,03           OutputCab ‐0,00         ‐0,00         0,03           ‐0,00        

Detrend CPI ‐0,01         ‐0,01         0,05           ‐0,01         Detrend CPI ‐0,01         ‐0,00         ‐0,00         ‐0,01        

Detrend 3M T‐Bill 0,02           ‐0,00         ‐0,01         ‐0,00         Detrend 3M T‐Bill ‐0,00         ‐0,01         ‐0,00         0,02          

Detrend 10Y CM 0,09           0,01           0,01           ‐0,01         Detrend 10Y CM 0,00           ‐0,01         ‐0,00         0,01          

Credit spread 0,04           0,01           0,01           ‐0,01         Credit spread ‐0,01         ‐0,01         ‐0,00         ‐0,01        

Term spread 0,00           ‐0,01         ‐0,00         0,00           Term spread ‐0,00         ‐0,00         ‐0,01         0,01          

SVAR 0,05           0,08           ‐0,01         ‐0,00         SVAR ‐0,01         0,02           0,01           ‐0,01        

HML 0,00           0,00           ‐0,00         ‐0,00         HML ‐0,01         0,01           ‐0,01         ‐0,01        

SML 0,04           0,06           ‐0,00         0,02           SML 0,03           0,02           ‐0,01         ‐0,01        

CAY ‐0,01         ‐0,00         0,03           0,03           CAY ‐0,00         ‐0,01         ‐0,00         ‐0,01        

Utils

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D 0,00           0,00           0,04           ‐0,00         P/D ‐0,01         0,01           0,04           ‐0,01        

P/E 0,02           0,01           0,02           ‐0,01         P/E ‐0,01         0,01           0,02           ‐0,01        

FED Model 0,03           0,01           0,02           ‐0,01         FED Model 0,00           ‐0,00         0,00           ‐0,01        

P/Y 0,02           0,01           ‐0,00         ‐0,01         P/Y ‐0,00         0,00           0,01           ‐0,01        

OutputCab 0,00           ‐0,00         0,00           0,01           OutputCab ‐0,01         ‐0,00         0,02           0,00          

Detrend CPI ‐0,00         0,02           0,03           ‐0,01         Detrend CPI ‐0,01         0,00           ‐0,01         ‐0,01        

Detrend 3M T‐Bill 0,02           ‐0,00         ‐0,00         ‐0,01         Detrend 3M T‐Bill 0,01           ‐0,01         ‐0,01         ‐0,00        

Detrend 10Y CM 0,02           0,06           0,02           0,00           Detrend 10Y CM 0,01           0,01           ‐0,01         ‐0,00        

Credit spread 0,05           0,01           ‐0,00         ‐0,00         Credit spread ‐0,00         ‐0,01         ‐0,01         ‐0,01        

Term spread 0,01           ‐0,01         0,01           0,01           Term spread ‐0,00         ‐0,01         0,01           0,00          

SVAR 0,03           ‐0,00         0,00           0,01           SVAR 0,00           0,01           ‐0,01         ‐0,01        

HML ‐0,01         0,00           0,02           ‐0,01         HML ‐0,00         0,01           0,05           ‐0,00        

SML 0,03           0,01           ‐0,00         0,04           SML 0,00           ‐0,01         0,02           ‐0,01        

CAY ‐0,01         ‐0,01         ‐0,00         0,01           CAY ‐0,01         ‐0,00         0,00           0,01          

Shops

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D ‐0,00         ‐0,00         ‐0,01         ‐0,01         P/D ‐0,01         0,01           ‐0,01         0,01          

P/E 0,00           ‐0,00         ‐0,01         ‐0,01         P/E ‐0,01         0,00           ‐0,01         ‐0,00        

FED Model 0,05           ‐0,00         ‐0,00         ‐0,01         FED Model ‐0,01         ‐0,00         ‐0,01         ‐0,01        

P/Y ‐0,01         ‐0,00         ‐0,01         ‐0,01         P/Y ‐0,01         ‐0,00         ‐0,01         ‐0,00        

OutputCab ‐0,01         ‐0,00         ‐0,00         0,02           OutputCab ‐0,01         0,01           ‐0,01         ‐0,01        

Detrend CPI ‐0,00         0,00           0,07           ‐0,00         Detrend CPI ‐0,01         ‐0,00         0,05           0,06          

Detrend 3M T‐Bill 0,13           0,00           ‐0,00         0,01           Detrend 3M T‐Bill 0,06           ‐0,00         ‐0,00         0,02          

Detrend 10Y CM 0,10           0,03           0,03           0,02           Detrend 10Y CM 0,02           0,02           0,00           ‐0,00        

Credit spread 0,06           0,00           0,01           ‐0,01         Credit spread ‐0,01         ‐0,01         0,02           0,05          

Term spread ‐0,01         ‐0,01         ‐0,01         ‐0,01         Term spread ‐0,01         ‐0,01         ‐0,00         0,00          

SVAR 0,03           0,01           ‐0,00         ‐0,01         SVAR ‐0,01         ‐0,01         ‐0,00         0,02          

HML 0,00           ‐0,00         ‐0,01         ‐0,00         HML ‐0,01         0,02           0,01           ‐0,01        

SML ‐0,01         0,04           ‐0,00         0,01           SML 0,00           0,02           0,05           ‐0,01        

CAY ‐0,01         ‐0,00         0,01           0,02           CAY 0,00           ‐0,01         ‐0,01         0,00          
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Hlth

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D 0,01           ‐0,00         0,00           ‐0,00         P/D ‐0,00         0,00           0,01           ‐0,00        

P/E 0,00           ‐0,00         0,00           ‐0,01         P/E ‐0,01         ‐0,00         0,01           ‐0,00        

FED Model 0,00           ‐0,00         0,02           ‐0,01         FED Model 0,03           ‐0,01         0,02           ‐0,01        

P/Y ‐0,00         ‐0,01         ‐0,01         ‐0,01         P/Y ‐0,01         ‐0,01         0,01           ‐0,00        

OutputCab 0,00           ‐0,01         ‐0,01         0,00           OutputCab ‐0,00         ‐0,01         ‐0,00         0,00          

Detrend CPI ‐0,01         ‐0,00         0,07           ‐0,01         Detrend CPI 0,00           ‐0,01         0,01           ‐0,00        

Detrend 3M T‐Bill 0,02           ‐0,00         ‐0,00         ‐0,01         Detrend 3M T‐Bill ‐0,00         0,01           ‐0,00         ‐0,01        

Detrend 10Y CM 0,06           ‐0,01         0,03           0,00           Detrend 10Y CM ‐0,01         ‐0,00         ‐0,01         ‐0,00        

Credit spread 0,00           ‐0,01         ‐0,00         ‐0,01         Credit spread 0,05           ‐0,00         ‐0,01         ‐0,00        

Term spread ‐0,00         0,00           ‐0,01         ‐0,00         Term spread 0,03           0,00           ‐0,00         ‐0,01        

SVAR ‐0,00         0,00           ‐0,01         ‐0,00         SVAR 0,07           ‐0,00         ‐0,01         ‐0,00        

HML ‐0,01         0,00           0,01           ‐0,00         HML 0,01           0,00           0,00           ‐0,01        

SML 0,02           ‐0,00         0,02           ‐0,00         SML 0,01           ‐0,01         0,01           0,00          

CAY 0,01           ‐0,01         0,02           0,03           CAY 0,03           ‐0,01         ‐0,01         ‐0,01        

Money

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D 0,01           0,00           ‐0,01         ‐0,00         P/D ‐0,00         0,06           0,01           0,00          

P/E 0,03           ‐0,00         ‐0,01         ‐0,01         P/E 0,00           0,04           0,01           0,00          

FED Model 0,10           0,03           ‐0,01         ‐0,01         FED Model ‐0,00         0,03           0,03           0,01          

P/Y 0,00           ‐0,00         ‐0,00         ‐0,01         P/Y ‐0,00         0,03           0,00           0,01          

OutputCab ‐0,01         ‐0,01         ‐0,00         0,01           OutputCab ‐0,01         0,03           ‐0,00         ‐0,00        

Detrend CPI ‐0,00         ‐0,01         0,03           ‐0,00         Detrend CPI 0,01           ‐0,00         ‐0,01         ‐0,00        

Detrend 3M T‐Bill 0,10           0,00           ‐0,01         ‐0,00         Detrend 3M T‐Bill 0,01           ‐0,00         0,02           ‐0,01        

Detrend 10Y CM 0,09           0,02           0,03           0,01           Detrend 10Y CM ‐0,00         0,00           ‐0,01         ‐0,01        

Credit spread 0,09           ‐0,00         0,00           0,00           Credit spread ‐0,00         ‐0,00         ‐0,01         0,02          

Term spread ‐0,01         0,00           ‐0,01         ‐0,01         Term spread 0,06           ‐0,01         0,00           ‐0,00        

SVAR 0,05           ‐0,00         0,00           0,01           SVAR ‐0,01         0,01           ‐0,01         0,03          

HML 0,02           ‐0,01         ‐0,01         ‐0,00         HML ‐0,01         0,03           0,04           0,01          

SML ‐0,00         0,01           ‐0,01         0,01           SML ‐0,00         ‐0,01         0,07           ‐0,01        

CAY ‐0,00         ‐0,00         0,00           0,03           CAY 0,02           0,01           ‐0,01         ‐0,01        

Other

Stage I Stage II Stage III Stage IV Stage I Stage II Stage III Stage IV

P/D ‐0,01         0,02           0,00           ‐0,01         P/D 0,02           0,03           ‐0,01         ‐0,01        

P/E ‐0,01         0,01           ‐0,00         ‐0,01         P/E 0,03           0,02           ‐0,01         ‐0,00        

FED Model 0,03           0,02           0,01           ‐0,00         FED Model 0,05           0,08           ‐0,01         ‐0,01        

P/Y ‐0,01         0,02           ‐0,01         ‐0,01         P/Y ‐0,00         ‐0,00         ‐0,00         ‐0,00        

OutputCab ‐0,01         0,00           ‐0,01         0,01           OutputCab ‐0,01         0,00           ‐0,01         ‐0,01        

Detrend CPI 0,01           0,00           0,03           ‐0,00         Detrend CPI ‐0,01         ‐0,00         ‐0,00         0,00          

Detrend 3M T‐Bill 0,07           ‐0,01         ‐0,00         ‐0,01         Detrend 3M T‐Bill 0,06           ‐0,00         ‐0,01         ‐0,01        

Detrend 10Y CM 0,07           0,02           0,01           0,01           Detrend 10Y CM 0,03           0,01           0,00           ‐0,01        

Credit spread 0,07           0,01           ‐0,00         0,01           Credit spread 0,03           ‐0,00         0,01           ‐0,00        

Term spread 0,03           ‐0,01         ‐0,00         ‐0,01         Term spread ‐0,01         0,01           ‐0,01         ‐0,01        

SVAR 0,06           ‐0,00         ‐0,00         0,03           SVAR ‐0,01         0,03           0,01           0,00          

HML ‐0,00         0,00           ‐0,00         ‐0,01         HML 0,02           ‐0,00         ‐0,00         ‐0,01        

SML 0,01           0,01           0,00           0,01           SML ‐0,01         ‐0,01         ‐0,00         ‐0,01        

CAY ‐0,00         0,01           0,01           0,03           CAY 0,02           ‐0,01         ‐0,01         ‐0,01        
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