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Abstract 

This thesis investigates macroeconomic variables as stock return predictors inspired by Møller et al. (2020). 

We introduce three novel macroeconomic predictor variables – cyclical GDP, cyclical industrial 

production, and cyclical investment – and show that they capture a significant fraction of the variation in 

expected stock returns at various horizons ranging from one quarter to five years over the postwar period. 

Their predictive properties are in general terms on the same level as cyclical consumption presented by 

Møller et al. (2020). The results imply that the cyclical component of consumption is not unique as stock 

return predictor relative to the cyclical component of other macroeconomic aggregates, such as GDP, 

industrial production, and investment. Furthermore, the findings constitute new evidence of time-varying 

risk premia that link stock return predictability directly to fluctuations in GDP, industrial production, and 

investment. In other words, our empirical evidence lends support to the idea that stock return predictability 

is the rational response to changing business conditions. When GDP, industrial production, and investment 

increase, stock prices rise, and future expected returns fall and vice versa. This is consistent with the 

theoretical explanations of asset prices and the role of habit formation by Campbell and Cochrane (1999). 

Lastly, using the cyclical macroeconomic variables, we present forecasts of the expected annual return from 

stocks over the next five years. Our results reveal that returns are expected to be low. 
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1 Introduction 
Financial markets matter for everyone – both when they are drivers of prosperity and cause heavy losses. 

Several historical examples show how financial markets affect the lives of individuals, whether it is positive 

or negative. The financial crisis of 2007-2008, followed by the longest stock market recovery in the history 

of the United States, is providing recent evidence at each end of the scale. This suggests that understanding 

the underlying mechanisms of financial markets, including the stock market, is essential. 

To understand the stock market, researchers have for years studied the predictability of stock returns. 

Opinions and approaches within this research field have changed and developed while remaining one of 

the most debated topics within financial economics. Broadly, the literature points out that the ability to 

predict stock returns will improve trading and asset allocation decisions and help us understand the 

dynamics of asset price movements and their causes. One development within this literature is to examine 

whether the inclusion of key macroeconomic variables can improve the predictive regression. 

In this thesis, we link stock return predictability to these key macroeconomic variables. The thesis builds 

on and extends the large general stock return predictability literature (for surveys, see Campbell (1999); 

Cochrane (2007); Lettau and Ludvigson (2010)) and, within this literature, more specifically the work on 

the relation between macroeconomic variables and expected returns (see for example Cochrane (1991); 

Lettau and Ludvigson (2001a); Rangvid (2006); Cooper and Priestley (2009); Møller et al. (2020)). 

However, some authors argue that stock return predictability models are unstable and provide spurious 

results, in part due to econometric issues (see for example Welch and Goyal (2003, 2008); Valkanov (2003); 

Ang and Bekaert (2007)). This study will also deal with their insights. 

Besides the general stock return predictability aspect, this thesis helps to understand the interplay between 

the macroeconomy and the stock market, which is crucial for the understanding of the fundamental 

underlying determinants of asset prices and expected returns (Cochrane, 2007; Ludvigson, 2013). One 

reason for the interest in the relation between macroeconomic aggregates and stock markets is that expected 

returns appear to vary in ways that are linked to the business cycle. This evidence suggests that stock returns 

should be predictable by business cycle variables at cyclical frequencies (Lettau and Ludvigson, 2001a). 

Consequently, the thesis introduces three new cyclical macroeconomic variables; cyclical GDP (%&), 

cyclical industrial production (%'), and cyclical investment (%() and examines their predictive properties 

for stock returns. 
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The main academic inspirational source of the thesis is the recent research of Møller et al. (2020) that 

investigates a new consumption-based variable, cyclical consumption (%%), as a predictor of stock returns. 

Møller et al. (2020) draw on the theoretical foundation of Campbell and Cochrane (1999) and their external 

habit model when they construct their cyclical consumption variable with the detrending method of 

Hamilton (2018). 

The purpose of this thesis is to investigate whether replacing the cyclical component of consumption with 

the cyclical component of other well-known macroeconomic variables from the national income accounting 

identity, such as output (here measured as both GDP and industrial production) or investment, affect 

predictability. In other words, the thesis tests how well these new macroeconomic variables capture 

fluctuations in stock returns, and especially in comparison with consumption. These findings will allow us 

to determine if the cyclical component of consumption is unique in a stock return predictability sense or 

the cyclical component of other macroeconomic aggregates may have the same predictive properties. 

The cyclical macroeconomic variables are constructed using the detrending method of Hamilton (2018), 

and hence, are also linked to habit formation as in Møller et al. (2020). The identical construction of the 

cyclical macroeconomic variables in this thesis for predicting stock returns makes the comparison of their 

predictive ability easier. The only difference when comparing how well the cyclical macroeconomic 

variables capture the fluctuations in stock market returns is the underlying macroeconomic aggregate. 

Hence, this thesis contributes to the research with; 1) novel macroeconomic variables as stock return 

predictors, and 2) provide a clear-cut comparison of the ability of the most essential macroeconomic 

aggregates, applying the Hamilton (2018) detrending method, to explain the variation in stock returns not 

seen in the literature before. 

As a final remark, research has shown no clear answer to why returns are predictable. One possibility is 

that financial markets are inefficient. Alternatively, predictable variation in returns can simply reflect the 

rational response of agents to time-varying investment opportunities, possibly driven by risk aversion 

(Lettau and Ludvigson, 2001a; Campbell and Cochrane, 1999). This thesis focuses on the latter explanation. 

The thesis is empirical in its nature but is still related to the theoretical literature that models time-varying 

expected returns via time-varying preferences such as Campbell and Cochrane (1999). The external habit 

model of Campbell and Cochrane (1999) is the main theoretical foundation of the study. 
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1.1 Research Question 
With the above introduction as inspiration, we investigate the following research question: 

How do the macroeconomic variables cyclical GDP, cyclical industrial production, and cyclical 

investment capture the fluctuations in expected stock returns compared to cyclical consumption from 

1947Q1 to 2018Q4, and what expected stock return do the variables forecast over the next five years? 

The overall purpose of the thesis is to answer the research question above. Furthermore, the following sub-

questions are formulated as a guideline to prepare a structured answer to the research question: 

• What is the existing academic literature within the research field of stock return predictability and 

macroeconomic variables? 

• What is the theoretical foundation of testing the relationship between cyclical macroeconomic 

variables and expected stock returns? 

• How do the cyclical macroeconomic variables capture the fluctuations in expected stock returns? 

• What expected stock return do the cyclical macroeconomic variables forecast over the next five 

years (2019-2023) and its implications for the society? 

The main objective of the thesis is to construct and examine how three novel cyclical macroeconomic 

variables containing GDP, industrial production, and investment data capture the fluctuations in expected 

stock returns. We construct the variables using the theoretical idea of habit formation implemented with the 

detrending method of Hamilton (2018). Before doing this, the work of the thesis is put in an empirical and 

theoretical literature context, important for the deeper understanding of the study as well as its contributions 

to the existing literature. Finally, we apply the constructed cyclical macroeconomic variables in a forward-

looking context to estimate forecasts of the expected stock return over the next five years, i.e. 2019 to 2023. 

The implications of the future expected returns and further research are commented on before concluding 

the findings of the thesis. 

 

1.2 Empirical and Theoretical Motivation 

The idea of focusing on output and investment of the economy and combine these production-based 

variables with the underlying theoretical concept of habit formation and the habit model of Campbell and 

Cochrane (1999), which builds on consumption, may need some further explanation. Initially note, we have 

two measures for output; GDP as a proxy for the output of the total economy, and industrial production as 

a proxy for the output of the industrial sector of the economy. 
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No clear-cut theoretical model offers directly what this thesis intends to do empirically. This is often the 

case when investigating the “real world”, as theoretical models do not exist for everything. The theory does 

not provide us with a habit model (or more specifically, a surplus consumption ratio as in Campbell and 

Cochrane, 1999) including GDP, industrial production, or investment. However, the following draws a 

picture of the overall motivation behind the idea of the thesis – hopefully, both clarifying the empirical and 

theoretical aspects. We focus on five main points of motivation; 1) the nature of aggregate consumption, 2) 

measurement errors in macroeconomic data, 3) the national income accounting identity, 4) empirical 

correlation coefficients, and 5) existing literature using the same underlying macroeconomic aggregates in 

stock return predictability. 

Firstly, and more mechanically, aggregate consumption is about the smoothest and least cyclical of all 

economic time series (Cochrane, 2007). Macroeconomic variables such as output and investment are 

characterised by larger cyclical movements, and hence, may provide a better link to fluctuations in asset 

returns (Cochrane, 1991). 

Secondly, and more economically, macroeconomic variables contain measurement errors. Macroeconomic 

variables are collected and revised, and in practical terms, this means that measurement errors are 

unavoidable. To account for measurement errors when using macroeconomic data in predictive regressions, 

for instance consumption as used by Møller et al. 2020, it seems intriguing to test on different 

macroeconomic aggregates to see how it affects the results. Ultimately, GDP, industrial production, 

investment as well as consumption are all proxies for the state of the real economy, and thus, if one of them, 

then all may be useful in predictive regressions of stock returns. In other words, the analysis provides 

evidence that not only consumption but also GDP, industrial production, and investment may carry the 

same predictive properties for stock returns. 

Thirdly, consumption is closely related to GDP, industrial production, and investment. This is obvious from 

the national income accounting identity in an open economy: + ≡ - + / + 0 + 1 − /3 (Blanchard and 

Johnson, 2013). The identity shows that GDP, hence also industrial production, partly consists of 

consumption and investment. At the same time, consumption and investment are indirectly related through 

the so-called IS relation, / = 4, which states investment equals savings. Further, consumption and savings 

decisions are one and the same; once consumers have chosen consumption, their saving is determined and 

vice versa (Blanchard and Johnson, 2013). Thus, a theoretical relationship between the variables is clear. 

The question remains whether this implies that they are equally well at capturing fluctuations in stock 

returns. 
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Next, the correlation coefficients of the three macroeconomic variables introduced in this thesis with respect 

to consumption also emphasise the close relationship empirically. Based on our data, the correlation 

coefficients are the following: 0.99 between consumption and GDP, 0.99 between consumption and 

industrial production, and 0.97 between consumption and investment. Impressive numbers, emphasising 

that the development of GDP, industrial production, and investment with respect to consumption is very 

similar. 

Finally, the idea is inspired by the literature that has already provided evidence that macroeconomic 

variables, also known as prime business cycle indicators, such as GDP, industrial production, and 

investment, capture a significant fraction of the variation in stock returns (Cochrane (1991); Rangvid 

(2006); Cooper and Priestley (2009)). Adding to this, Møller and Rangvid (2015) also examine production-

based macroeconomic variables and apply the habit model of Campbell and Cochrane (1999) as their 

theoretical foundation, which is a similar approach to the one used in this thesis. 

Taken together, there is both empirical and theoretical evidence to believe that combining the habit 

formation idea and production-based macroeconomic aggregates such as GDP, industrial production and 

investment is plausible. Furthermore, the above motivates that using these aggregates to construct cyclical 

macroeconomic variables to predict stock returns empirically may contain similar predictive power as 

cyclical consumption. 

 

1.3 Delimitations 

To make sure the focus of the study appears clearly, we delimit the scope of the thesis from certain aspects. 

Firstly, the thesis delimits the scope of the study by solely focusing on the predictability of stock returns. 

An extensive part of the return predictability literature also studies the predictability of bond returns, e.g. 

Cooper and Priestley (2009). Secondly, we use the detrending method of Hamilton (2018) when 

constructing the variables that comprise the base of the study. The arguments behind the use of this specific 

detrending method are several, see section 5.1.1 Extracting the Cyclical Macroeconomic Variables for an 

elaboration on this. However, it is worth emphasising that the results are inclined to the use of this method 

of extracting the macroeconomic variables. Thirdly, we study GDP, industrial production, and investment 

as macroeconomic aggregates as argued above. By doing so, we exclude examining other macroeconomic 

variables, such as employment, import, and export, that may also appear both empirically and theoretically 

sensible. At last, the thesis is limited to study the period from 1947Q1 to 2018Q4, often in the literature 

referred to as the postwar period. 
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To inform the reader, we revisit these delimitations when discussing the obvious and meaningful extensions 

to the research of the thesis in section 7.2 Further Research. 

 

1.4 Structure of the Thesis 
Following these introductory remarks, we structure the thesis as follows. Section 2 provides an empirical 

literature review that puts the work of the thesis in a historical and empirical context of the research within 

stock return predictability and macroeconomic variables. Section 3 introduces and elaborates on the 

theoretical foundation of the analysis conducted in the thesis. Section 4 describes the data. Section 5 

presents the econometric methodology including extracting cyclical GDP, cyclical industrial production, 

cyclical investment, and cyclical consumption as well as testing their predictive properties containing the 

main predictive regressions, in-sample issues and robustness checks, out-of-sample validation, orthogonal 

regression analysis, and forecasts of the expected return over the next five years. Section 6 reports and 

interprets the results. Section 7 discusses the implications of the future expected return for society and 

comments on further research topics. Finally, section 8 summarises and concludes. 

Note, section 5 on econometric methodology and section 6 on results follow the same structure. We have 

deliberately chosen the same structure of the two sections to distinguish the methodology behind the tests 

from the results of the tests. Hence, the section on econometric methodology solely focuses on introducing 

and explaining the econometric tests, while the section on results solely focuses on reporting and 

interpreting the findings. 
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2 Empirical Literature Review 
The empirical literature review provides an overview of the development within the research field of stock 

return predictability and macroeconomic variables. This section serves as a guided journey through the 

historical evolution of research in stock return predictability from using mainly financial ratios to, in a 

higher extent, focus on macroeconomic variables as stock return predictors. The focus of the empirical 

literature review is on a few seminal papers, starting with Fama and French (1988) and Campbell and Shiller 

(1988a, 1988b), and ending with Møller et at. (2020). The papers are selectively chosen based on; 1) being 

defining papers in the research of stock return predictability, and hence, unavoidable in every literature 

review within this field, and 2) being main academic inspirational sources for the research question of this 

exact thesis. This means that the empirical literature review is not meant as a general exhaustive review, 

but exhaustive in the context of this thesis. 

 

2.1 Before the Breakthrough in the Late 1980s 

Up until the late 1980s, the general opinion in finance was dominated by the theory that the stock market 

was efficient and followed a random walk (Cochrane, 2000). The research suggested that stock returns were 

unpredictable, and that dividend news was by far the most important factor driving stock market 

fluctuations (Campbell, 1999). As the price of a stock represented all available information about the 

fundamental value, the best guess for the future stock price was expected to be the current price and some 

white noise, implying that stocks followed a random walk. In other words, it was considered impossible to 

obtain long term excess return on stocks based on historical information. 

In the late 1980s, the general opinion about efficient markets and the predictability of stock returns started 

changing due to the emergence of a “broader” interpretation of the efficiency concept; markets can be 

efficient and predictable at the same time. An efficient market started to be interpreted as a market where 

the returns reflect the agents’ time-varying attitude towards risk (Campbell et al., 1997). Hence, stock return 

predictability did no longer oppose the hypothesis of efficient markets. The idea of predicting stock market 

returns using all kinds of both financial and macroeconomic variables have been a financial discipline ever 

since. Many refer to Fama and French (1988), at least over multiple horizons, as the founding fathers of 

this discipline. Therefore, the empirical literature review starts by introducing the main findings of their 

work1. 

 
1 Fama and French (1988) state that the discipline of predicting stock returns actually has an even longer tradition 
dating back to Dow (1920) and Ball (1978). 
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2.2 Fama and French (1988, 1989): Dividend Yields and Time Variation in 

Expected Returns 

One of the first and most debated ratios for predicting stock returns is the dividend-price ratio, hereafter 

called dividend yield. The dividend yield, as a predictor of stock returns, is made famous by Fama and 

French (1988). As Fama and French (1988) state themselves, dividend yield as a predictor of stock returns 

has a long tradition, but they are usually the ones cited when referring to the origin of the dividend yield as 

a successful stock return predictor over multiple horizons (see e.g. Boudoukh, 2008). The dividend yield is 

defined as: 

 5!
6!"# = 7 − 8, (1) 

where 5! is the dividend per share for the time period : − 1 to :, grows at a constant rate 8, and the market 

interest rate that relates the stream of future dividends to the stock price 6!"# at time (: − 1) is the constant 

7 (Fama and French, 1988, p. 5). 

Fama and French (1988) show using OLS regressions that dividend yields (they also test price-dividend 

ratios) often explain more than 20% of long-horizon returns, that is two- to four-year returns, while they 

typically only explain less than 5% of short-horizon returns, that is monthly and quarterly returns (Fama 

and French, 1988). They test on nominal and real return data from both the value- and equal-weighted index 

of stocks listed on the New York Stock Exchange (NYSE) for return horizons from one month to four years 

covering the sample period 1927-1986 (Fama and French, 1988). In other words, Fama and French (1988) 

find evidence that dividend yields explain long-horizon returns much better than short-horizon returns. 

Hence, the predicting power of the ratio increases with the return horizon. They offer a two-part explanation 

of this finding, one that high autocorrelation causes the variance of expected returns to grow faster than the 

return horizon, and another that time variation in expected returns gives rise to mean-reverting or temporary 

components of prices (Fama and French, 1988). Especially the latter explanation they find interesting. 

Fama and French (1989) elaborate more on the time-varying aspect in expected returns. Besides confirming 

the variation in expected returns, they provide two possible explanations; 1) when economic conditions are 

poor, income is low, and expected returns on stocks must be high to induce more investment, while when 

times are good, income is high, implying lower expected returns (Fama and French, 1989), and 2) variation 

in expected stock returns with economic conditions is due to variation in the risks of stocks (Fama and 

French, 1989). These findings prove to be crucial for the understanding of efficient markets and stock return 

predictability. 
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2.3 Campbell and Shiller (1988a, 1988b) and Campbell (1991): More on 

Dividend Yields, Earnings-Price Ratios, and Short-Term Interest Rates 
Campbell and Shiller (1988b) come to a similar conclusion as Fama and French (1988) using a vector 

autoregression (VAR) model instead of OLS regressions. They also show that dividend yields predict stock 

returns, especially at long horizons. Campbell and Shiller (1988b) test on real and excess return data from 

both Cowles/S&P 500 index in the period 1871-1986 and the NYSE value-weighted index in the period 

1926-1986 (Campbell and Shiller, 1988b). They derive their own theoretical foundation, the “Dividend-

Ratio Model”2 (Campbell and Shiller, 1988b). It tells that movements in the dividend yield must be caused 

by either expected changes in stock prices or dividends, and hence, must be able to predict either or both 

(Campbell and Shiller (1988b). 

Campbell and Shiller (1988a) extend their own work from Campbell and Shiller (1988b) and the work of 

Fama and French (1988), introducing earnings, measured either annually or as an average over a number 

of years, as a predictor of stock returns. More specifically, they formulate the earnings-price ratio: 

 <! = =!"# − '! , (2) 

where < is the annual log earnings-price ratio, = is the log of earnings, and ' is the log real price (Campbell 

and Shiller, 1988a, p. 664). 

By investigating dividend yields and earnings-price ratios over the period 1871-1986, they find that both 

ratios explain real and excess stock returns (Campbell and Shiller, 1988a). They also confirm that stock 

returns are more predictable when they are measured over horizons of several years, rather than over short 

horizons of a year or less (Campbell and Shiller, 1988a). 

The last popular pure financial stock return predictor highlighted here is the short-term interest rate, more 

specifically the relative T-bill rate. Both Campbell (1987) and Campbell (1991) note that the level of short-

term interest rates predicts stock returns. Campbell (1991) shows that the relative T-bill rate, the difference 

between a short-term T-bill rate and its one-year backward moving average, significantly predict real and 

excess stock returns using data on the NYSE value-weighted index over the period 1927-1988 (Campbell, 

1991). The relative T-bill rate, where 7>! is the 30-day T-bill rate, is defined on a monthly basis as: 

 
??@A = 7>! −

1
12B7>!"$

#%

$&#

. (3) 

 
2 The Dividend Ratio Model may be described as a dynamic version of the Gordon Growth Model (1962), !/# =
% − ', which is derived under the assumption that dividends grow at a constant rate forever, and that the discount rate 
never change (Campbell and Shiller, 1988b). 
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2.4 Cochrane (1991): The Investment to Capital Ratio 
The consumption-based asset pricing model was and probably still is today the conventional theoretical 

approach to understanding the link between real economic activity and expected stock returns. Cochrane 

(1991), however, presents the idea of using a production-based version of this model as theoretical 

foundation to form stock return predictors. The idea behind the production-based asset pricing model is to 

tie asset returns directly to production variables such as output and investment, whose movements 

characterise economic fluctuations (Cochrane, 1991). Specifically, Cochrane (1991) develops the 

investment to capital ratio, also known as (/!: 

 (!'# =
/!'#
/!

(!
(1 − E)(1 + (! − FG2H (!%)

, (4) 

where (! = /!/!!, / is investment, ! is capital, E is the depreciation rate, and G is the adjustment cost 

parameter (Cochrane, 1991, p. 236). In words, it describes the ratio of aggregate investment to aggregate 

capital for the whole economy. 

Among other things, Cochrane (1991) shows that the investment to capital ratio significantly predicts 

quarterly and annual stock returns using data on the NYSE value-weighted index over the period 1947-

1987. 

 

2.5 Lettau and Ludvigson (2001a): The Consumption-Wealth Ratio 
Lettau and Ludvigson’s (2001a) work arrive more than a decade after the initial findings of Fama and 

French (1988) and Campbell and Shiller (1988a, 1988b), which suggest the existence of time variation and 

predictability in expected stock returns. The research at the time was primarily characterised by various 

financial ratios or indicators such as the dividend yield, earnings-price ratio, or the relative T-bill rate, 

presented above, as stock return predictors (even though, Cochrane (1991) among others had started to 

include some macroeconomic variables in the ratios). 

As the 1990s progressed, movements in aggregate stock prices, and consequently, returns were much 

different from what earnings and especially dividends would seem to have implied, raising doubts as to 

whether stock returns were at all predictable (Welch and Goyal, 2003, 2008). Hence, with Lettau and 

Ludvigson (2001a) and the forthcoming papers, we see a shift of focus towards macroeconomic variables 

as stock return predictors. 

Lettau and Ludvigson (2001a) adopt a new approach to investigate the existence of time variation in 

expected asset returns, namely by focusing on the linkages between macroeconomics and financial markets. 
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They study the role of the temporary deviations from the common trend in consumption, asset holdings, 

and labour income to predict stock market fluctuations (Lettau and Ludvigson, 2001a). The analysis is 

based on the conditions that consumption, asset wealth, and labour income are cointegrated, and deviation 

from the shared trend summarises investors’ expectations of future returns (Lettau and Ludvigson, 2001a). 

It leads to the theoretical formulation of the consumption-wealth ratio, referred to as %I&: 

 
%! −J! = @!BK($ L7(,!'$ − ∆%!'$N

*

$&#

, (5) 

where % is the log of consumption, J is the log of aggregate wealth, 7 = log	(1 + ?), where ? is net return 

on aggregate wealth, K is the steady-state ratio of new investment to total wealth, (S − -)/S, and @ is the 

expectation operator (Lettau and Ludvigson, 2001a, p. 819). 

Their research is based on the economic idea; if the consumption today is high relatively to asset wealth 

and labour income, it may imply that the expected asset returns are high in the future or that consumption 

is low in the future. In that sense, the ratio theoretically contains information about expected stock returns. 

Their results show that these “trend deviations” are a strong predictor of both nominal, real, and excess 

stock returns on the S&P composite index and the CRSP value-weighted index from 1952-1998 and account 

for a substantial fraction of the variation in future returns (Lettau and Ludvigson, 2001a). The consumption-

wealth ratio provides information about future stock returns not captured by other popular predictor 

variables at the time. It displays its greatest predictive power for returns over business cycle frequencies, 

those ranging from one to four quarters (Lettau and Ludvigson, 2001a). 

Summing up, the findings confirm that expected returns, or risk premia, vary over time, a conclusion that 

has been drawn before from evidence that long-horizon returns are predictable by various financial ratios 

(Lettau and Ludvigson, 2001a). Adding to this, Lettau and Ludvigson (2001a) find evidence of stock return 

predictability at shorter horizons using the consumption-wealth ratio. Furthermore, they find that risk 

premia not only vary over time but also vary at cyclical frequencies, providing direct evidence that risk 

premia vary countercyclically not found in former literature (Lettau and Ludvigson, 2001a). 

The consumption-wealth ratio is still today one of the most prominent consumption-based predictive 

variables, and it has a direct link to the cyclical consumption variable in Møller et al. (2020). 
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2.6 Rangvid (2006): The Price-Output Ratio 
Based on Lettau and Ludvigson (2001a) and others, Rangvid (2006) provides new evidence supporting the 

idea that macroeconomic variables may contain information that can be used to predict stock returns if 

expected returns and possibly risk aversion change over the business cycle as a result of time-variation in 

investment opportunities. 

Rangvid (2006) introduces output as a possible predictor of stock returns because dividends and earnings 

(which we know from the price-dividend and price-earnings ratios presented previously) mean-revert 

towards GDP. The paper examines whether the share price to aggregate output in the economy (GDP), 

referred to as the price-output ratio ('&), captures variation in stock returns. Rangvid (2006) denotes the 

ratio the following way: 

 '&! = '! − &!"#, (6) 

where ' denotes the log of S&P 500 stock price index and & expresses the log of GDP (Rangvid, 2006, p. 

599). 

Rangvid (2006) offers the following intuitive motivation or explanation behind investigating the price-

output ratio as stock return predictor: “If the predictability of returns is related to the macroeconomic 

situation and if financial ratios, including stock prices, predict returns because stock prices are mean-

reverting towards some fundamental, then perhaps a ratio of stock prices to a macroeconomic variable 

(here GDP) also predicts returns.” (Rangvid, 2006, p. 622). 

The paper shows for 1929-2003 U.S. and international G-7 data that the price-output ratio captures a 

substantial fraction of the variation in expected returns over a one-year to six-year horizon, capturing more 

of that variation than price-dividend and price-earnings ratios and almost as much as the consumption-

wealth ratio (Rangvid, 2006). However, the ability of the price-output ratio predicting excess returns is only 

true to a lesser extent (Rangvid, 2006). 

Rangvid (2006) and the focus on output in the economy capturing information about future stock returns 

serve as a natural link to the next paper of Cooper and Priestley (2009). 
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2.7 Cooper and Priestley (2009): The Output Gap 
Cooper and Priestley (2009) extend the work on macroeconomic variables and stock return predictability. 

More specifically, they provide important independent evidence regarding the predictability of returns that 

does not use price or consumption data, which dominated the research within the area up until this point 

(Cooper and Priestley, 2009). Cooper and Priestley (2009) introduce a production-based business cycle 

variable tracking the variation in expected returns, namely the output gap (referred to as 8I') as a predictor 

of both stock and bond returns (Cooper and Priestley, 2009). Thus, they provide a direct link between return 

predictability and economic fundamentals, also emphasised by Lettau and Ludvigson (2001a) and Rangvid 

(2006). The predictability of stock and bond returns by a classical business cycle variable, such as the output 

gap, serves to enhance the understanding of the economics of time-varying risk premia. 

Cooper and Priestley (2009) introduce a novel view on how to construct their predictor variable, more 

precisely as a deviation from a trend. They introduce four different measures of the output gap. The first 

three measures all use industrial production data as the base for their calculations using respectively, a 

quadratic trend, a linear trend with a breakpoint, and a simple linear trend. The fourth measure employs 

actual GDP deviating from potential GDP to measure the output gap. Cooper and Priestley (2009) conduct 

the main part of their analysis using the quadratic version of the output gap based on industrial production 

data: 

 &! = I + T ∗ : + % ∗ :+ + V! , (7) 

where &! is the log of industrial production, : is the time trend, and V! is an error term which is the output 

gap (Cooper and Priestley, 2009, p. 2804). 

Cooper and Priestley (2009) find that the output gap predicts both actual and excess stock returns at a 

monthly, quarterly, and annual frequency. However, in contrast to Rangvid (2006), Cooper and Priestley 

(2009) find no difference in the predictability of actual and excess returns. Also, they provide evidence that 

expected returns rise as economic conditions worsen and fall when economic conditions improve. 

Furthermore, the output gap variable does not include any price variable, suggesting independent evidence 

lending support to the notion that predictability is not due to behavioural biases that can lead to price falls, 

but rather due to time variation in the required compensation for risk (Cooper and Priestley, 2009). 
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2.8 Møller et al. (2020): Cyclical Consumption 
Møller et al. (2020) introduce a new consumption-based variable, cyclical consumption (%%), to predict 

stock returns. The work relates to Lettau and Ludvigson (2001a) by using consumption data and to Cooper 

and Priestley (2009) in terms of constructing a macroeconomic using a detrending method. Møller et al. 

(2020) employ the simple and robust linear projection method of Hamilton (2018) to identify the cyclical 

component of consumption, which measures deviations of aggregate consumption from its trend, and in 

that way construct their variable (Møller et al., 2020). Specifically, they regress the log of real per capita 

consumption, %!, on a constant and four lagged values of consumption as of time : − ! (Møller et al., 2020, 

p. 5): 

 %! = T, + T#%!"- + T+%!"-"# + T%%!"-"+ + T.%!"-"% +W! , (8) 

where the regression error, W!, is the measure of cyclical consumption %%!	at time :: 

 %%! = %! − TX, + TX#%!"- + TX+%!"-"# + TX%%!"-"+ + TX.%!"-"%. (9) 

The work of Møller et al. (2020) is theoretically based within the field of consumption-based asset pricing 

theory, which aims to explain the dynamic behaviour of asset returns using aggregate consumption data. 

More specifically, Campbell and Cochrane (1999) and their external habit model comprises the theoretical 

foundation of what Møller et al. (2020) test empirically. The external habit model assumes that investors 

evaluate current consumption relative to a habit level of consumption that can be thought of as a weighted 

average of past consumption expenditures (Campbell and Cochrane, 1991; Møller et al., 2020). In the 

model, habit acts as a trend for consumption; a decline in consumption relative to the trend during a 

recession leads to high expected returns and low asset prices (Campbell and Cochrane, 1991; Møller et al., 

2020). How this exactly relates to the cyclical consumption variable is addressed in section 3 Theoretical 

Foundation. 

As suggested by the theory, Møller et al. (2020) document an inverse relationship between cyclical 

consumption and future expected returns; in bad economic times, consumption drops below its trend, which 

leads to an increase in the marginal utility of current consumption, and hence, prices fall and future expected 

returns rise and vice versa (Møller et al., 2020). In other words, their empirical evidence links consumption 

decisions of agents and time variation in expected returns in a manner consistent with rational asset pricing 

(Møller et al., 2020). This suggests that stock return predictability arises as a rational response to changing 

business conditions (Møller et al., 2020). Figure 1 shows an updated version of the cyclical consumption 

graph by Møller et al. (2020, p. 6) illustrating the inverse relationship between cyclical consumption and 

business conditions, and thereby, also indicate its relation to future expected returns. 
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Figure 1. Cyclical Consumption. The figure plots cyclical consumption along with shaded bars representing NBER 

recession dates over the period from 1953Q4 to 2018Q4. 

 

In particular, in relation to the predictive power of cyclical consumption, Møller et al. (2020) find that it 

captures a significant fraction of the variation in expected stock returns over the one-quarter to five-year 

horizon (Møller et al., 2020). As example, cyclical consumption captures up to 35% of fluctuations in 

excess stock returns over a five-year period. Additionally, Møller et al. (2020) find that the predictive power 

of cyclical consumption applies to both good and bad economic times, which contrasts the findings that 

many popular predictive variables only exhibit evidence of stock return predictability in bad economic 

times and no evidence of stock return predictability in good times (Rapach et al. (2010); Henkel et al. 

(2011)). Finally, Møller et al. (2020) show that cyclical consumption generates better out-of-sample 

forecasts than other consumption-based predictive variables, such as the consumption-wealth ratio, and also 

other well-recognised not consumption-based predictive variables, for example the output gap (Møller et 

al., 2020). 

The rest of the thesis draws on the findings and knowledge of the above papers. Specifically, we return to 

the ratios and variables when we compare the predictive properties of our cyclical macroeconomic variables 

to the performance of alternative predictor variables. 
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3 Theoretical Foundation 

This section starts with an introduction to the theoretical link between stock returns and the 

macroeconomy. It is followed by an introduction to the standard consumption-based asset pricing model, 

which leads to an extensive presentation of the habit model of Campbell and Cochrane (1999). 

Afterwards, we link the habit model to the Hamilton (2018) detrending method. The section is completed 

by commenting on the theoretical view of production-based asset pricing in relation to the approach of 

this thesis. 

 

3.1 Introduction to the Theoretical Link between Stock Returns and the 

Macroeconomy 
As mentioned in the introduction, this thesis tries to provide empirical evidence on the link between 

economic fluctuations and stock returns. In the context of the research question, why does it at all make 

sense that macroeconomic variables capture fluctuations in stock returns? Where is this idea originated? 

These questions are already shortly touched upon in section 1.2 Empirical and Theoretical Motivation. 

However, this section rather than describing and discussing the underlying motivation of the research 

question, it is the purpose to provide and explain the theoretical foundation linking real economic activity 

to stock returns. 

Shortly, and informally stated, macroeconomic variables are likely to exert important influences on firms’ 

expected cash flows as well as the rate at which these cash flows are discounted, hence this should provide 

an intuitive link between the macroeconomy and stock returns (Rapach et al., 2005). 

More formally and in detail, the research within macro-finance tries to explain this link. Cochrane (2017) 

refers to macro-finance as the study of the relationship between economic fluctuations and asset prices. The 

theories within this area of research are built on some rather simple facts. Here we just mention a few of 

them; asset prices and returns are correlated with business cycles, stock prices rise in good times and fall 

in bad times, and real and nominal interest rates rise and fall with the business cycle (Cochrane, 2017). 

More specifically, Cochrane (2017) emphasises two main questions that stem from these observed facts, 

and hence, the theories of macro-finance deal with. First, what is there about recessions, or some other 

measure of economic bad times, that makes people particularly afraid that stocks will fall – and hence 

require a large premium to bear that risk (Cochrane, 2017)? This is referred to as the equity premium 

question. Second, what is there about recessions, or some other measure of economic bad times, that makes 
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the equity premium rise – that makes people, in bad times, even more afraid of taking the same risk going 

forward (Cochrane, 2017)? This is referred to as the predictability question. 

The challenge is, however, not to explain these facts or historical events. The challenge is to find concrete, 

quantitative, and theoretically explicit measures of fearful outcomes and of risk aversion that quantitatively 

account for asset pricing facts (Cochrane, 2017). The macro-finance literature investigates exactly these 

facts. Cochrane (2017) lists several different theoretical approaches. The theory in focus here is the study 

of Campbell and Cochrane (1999) – the habit model, a consumption-based explanation of aggregate stock 

market behaviour. This model serves as the main theoretical foundation of the thesis. 

Within the consumption-based asset pricing framework, the habit persistence model of Campbell and 

Cochrane (1999) has become one of the leading theoretical models in explaining asset pricing behaviour 

(Møller, 2009). The habit model explains a number of stylised facts on the U.S. stock market, including 

pro-cyclical stock prices, time-varying countercyclical expected returns, and the ability to explain the equity 

premium puzzle without facing a risk-free rate puzzle – the puzzles refer to the gap between returns on 

stocks and government bonds (Møller, 2009). Further Engsted et al. (2010) note that the habit model also 

has the intuitive implication that risk aversion moves countercyclically. 

Campbell and Cochrane (1999) add the surplus consumption ratio, a theoretically well-founded measure of 

time-varying risk aversion, to the standard consumption-based asset pricing model with power utility, and 

show that it explains time-varying expected returns (Møller and Rangvid, 2015; Engsted et al., 2010). The 

surplus consumption ratio is a pure macroeconomic variable that provides a direct link between expected 

stock returns and the business cycle, which is relatable to the test of predictability of the macroeconomic 

variables presented in this thesis (Møller, 2009). 

The model shows theoretically that individuals slowly develop habits for high or low consumption such 

that the price of risk (risk aversion) becomes time-varying and countercyclical; when consumption is well 

above habit in cyclical upswings, the price of risk is low leading to low expected returns and high asset 

prices (Engsted et al., 2010). In contrast, when consumption is close to habit, the price of risk is high leading 

to high expected returns and low asset prices (Engsted et al., 2010). In Campbell and Cochrane (1999), 

habit is essentially just modelled as a long moving average of lagged consumption so the surplus 

consumption ratio line is basically detrended consumption, which is comparable to the construction of the 

cyclical consumption variable, %%, in Møller et al., (2020) (Cochrane, 2011). 

As the habit model of Campbell and Cochrane (1999), which is the main theoretical foundation of the thesis, 

is an extension of the standard consumption-based asset pricing model, we start with a short theoretical 

introduction to the standard consumption-based asset pricing model, typically referred to as CCAPM. 
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3.2 Consumption-Based Asset Pricing Model 
The consumption-based asset pricing model is actually in itself an extension of the well-known capital asset 

pricing model, CAPM, of Sharpe (1964) and Lintner (1965). The CAPM fails to explain average returns 

(Lettau and Ludvigson, 2001b). One explanation of its failure is that its static specification fails to consider 

the effects of time-varying investment opportunities in the calculation of the risk of an asset (Lettau and 

Ludvigson, 2001b). Intertemporal asset pricing models, with the consumption-based asset pricing model of 

Breeden (1979) as the most prominent one, try to improve this. 

 

3.2.1 Assumptions about Consumption and Utility and the Basic Pricing Equation 

The model aggregates all agents into a single representative agent, who is assumed to derive utility from 

the aggregate consumption of the economy (Campbell et al., 1997). The model is presented under the 

conditions about utility and consumption, where the representative agent maximises its expected lifetime 

utility. The representative agent maximises the following utility function defined over current and future 

values of consumption: 

 Y(-! , -!'#) = Y(-!) + E@![Y(-!'#)], (10) 

where -! denotes consumption at time : and -!'# denotes consumption at time :	 + 	1 (Cochrane, 2000, p. 

14). Hence, Y(-!) and Y(-!'#) denote the utility obtainable with consumption now and at a later stage. 

Often a more convenient power form of the utility function is used (Cochrane, 2000, p. 14): 

 Y(-!) =
1

1 − \ -!
#"/ . (11) 

The utility function captures the fundamental desire to increase consumption. Consumption -!'# is 

stochastic as the individual agent does not know its wealth tomorrow, and hence, how much to consume. 

The utility function is increasing and concave, reflecting more consumption is better and decreasing 

marginal utility (Cochrane, 2000). The \ denotes the individual agents’ risk aversion given that the agent 

wants to smooth consumption over time. The higher the coefficient, the more risk averse agent. 

In the following, E	denotes the subjective discount factor and by discounting the future by E, it captures the 

impatience of the agent (Cochrane, 2000). Assume that the agent can freely buy or sell as much of the 

payoff ]!'# as preferred, at a price '! (Cochrane, 2000). To find how much the agent will buy or sell, 

denoting the original consumption level by =, and denoting the amount of the asset he or she chooses to  
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buy by ^, then the problem is (Cochrane, 2000): 

 max
{1}

Y(-!) + @!EY(-!'#)					b. :. (12) 

 -! = =! − '!^, (13) 

 -!'# = =!'# + ]!'#^. (14) 

Substituting the constraints in equation (13) and (14) into the objective in equation (12), and setting the 

derivative with respect to ^ equal to zero gives the first-order condition, also called the Euler equation, for 

an optimal consumption and portfolio choice: 

 '!Y3(-!) = @![EY3(-!'#)]!'#], (15) 

where '!Y3(-!) denotes the loss of utility if the agent buys another unit of the asset, and	@![EY3(-!'#)]!'#] 
denotes the increase in (discounted, expected) utility the agent obtains from the extra payoff at time : + 1, 

which is obtained by postponing consumption as time : (Cochrane, 2000, p. 15). The agent continues to 

buy or sell the asset until the marginal utility loss equals the marginal utility gain (Cochrane, 2000). 

To find the expected price, the marginal utility is divided at time : in equation (15), the optimal consumption 

choice, and hence, the price is isolated (Cochrane, 2000, p. 15): 

 '! = @! cE
Y′(-!'#)
Y′(-!) ]!'#e. (16) 

Equation (16) is the central asset pricing equation. Given the payoff ]!'# and given the agent’s consumption 

choice -! and -!'#, it expresses the expected market price, '!. Most of the theory of asset pricing just 

consists of specialisations and manipulations of this formula (Cochrane, 2000). 

Even though, the consumption-based asset pricing model is introduced to improve the performance of the 

CAPM, the consumption-based asset pricing model has also had difficulties in explaining a number of asset 

pricing phenomena empirically. This includes the high ratio of the equity premium to the standard deviation 

of stock returns simultaneously with stable aggregate consumption growth, the high level of volatility of 

the stock market, low and comparatively stable interest rates, and the predictability of excess returns over 

medium to long-horizons3 (Ludvigson, 2013). Despite the empirical shortcomings of the standard 

consumption-based asset pricing model, the reputation of the theoretical paradigm itself remains well 

preserved, and hence, lead the way for extensions of the model (Lettau and Ludvigson, 2001b). 

 
3 For summaries of these findings, including the predictability evidence and surrounding debate, see Campbell (1999), 
Cochrane (2000, 2008), and Lettau and Ludvigson (2001b, 2010). 
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3.3 The Habit Model of Campbell and Cochrane (1999) 
In response to the above findings, Campbell and Cochrane (1999) introduce the habit model as an alteration 

of the standard consumption-based model. The habit model of Campbell and Cochrane (1999) builds on 

the work of Abel (1990) and Constantinides (1990). 

Campbell and Cochrane (1999) augment the standard power utility function with a slow-moving habit, or 

time-varying subsistence level, 1!, to generate time-varying expected returns (Møller et al., 2020, Internet 

Appendix; Campbell and Cochrane, 2000). It implies that utility at time : not only depends on consumption 

at time :, but also on consumption in previous periods. This is in contrast to the standard consumption-

based asset pricing model where the individual agent does not compare consumption to previous levels of 

consumption. 

Habit formation has a long history in the study of consumption. Ryder and Heal (1973), Sundaresan (1989), 

and Constantinides (1990) are major theoretical papers on the subject. Habit formation captures a 

fundamental feature of psychology; repetition of a stimulus diminishes the perception of the stimulus and 

the responses to it (Campbell and Cochrane, 1999). Habit formation can explain why consumers’ reported 

sense of well-being often seems more related to recent changes in consumption than to the absolute level 

of consumption (Campbell and Cochrane, 1999). Furthermore, Campbell and Cochrane (1999) point out 

that relating habit formation to macroeconomics can help explain why recessions are so feared, even though 

their effects on output are small relative to a few years of growth. If the individual agent is used to a high 

level of consumption and consumption decreases, the individual agent will feel bad about it. However, the 

same level of consumption may prove satisfying to the individual agent if it is used to periods of a low level 

of consumption. The basic idea behind this kind of utility function is that human beings are habit creatures, 

and hence, want to sustain the same level of consumption as used to. 

In contrast to other habit formation models, the habit model of Campbell and Cochrane (1999) has three 

distinctive features. Firstly, it is a so-called difference model and not a ratio model. The difference between 

the two types of models is that ratio models deal with utility determined from the ratio between consumption 

and habit, -!/1!, while the difference models deal with utility determined from the difference between 

consumption and habit, -! − 1!. In difference models, consumption can move below habit, which incurs 

that utility becomes negative, and risk aversion is time-varying and countercyclical. Secondly, the habit 

formation in the model is external, as in Abel (1990). That is an individual’s habit level depends on the 

history of aggregate consumption rather than on the individual’s own past consumption (Campbell and 

Cochrane, 1999). Thus, every individual is more interested in obtaining the same level of consumption as 

the other individuals than its own level of consumption. This simplifies the analysis as the individual agent’s 
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habit is not affected by its own consumption (Campbell, 1999). Thirdly, habit moves slowly in response to 

consumption instead of making habit depend on just one recent lag of consumption. This feature produces 

long-horizon return predictability and persistent movements in volatility (Campbell and Cochrane, 1999). 

 

3.3.1 The Model 

We start with a description of the preferences. Following Campbell and Cochrane (1999), identical agents 

maximise the following utility function: 

 
Y(-! , 1!) = @BE!

*

!&,

(-! − 1!)#"/ − 1
1 − \ ,									-! > 1! , (17) 

where -! is consumption, 1! is the level of habit or subsistence that adapts nonlinearly to current and past 

average consumption in the economy, E is the subjective time discount factor also called impatience 

parameter, and \ is the utility curvature parameter (Campbell and Cochrane, 1999, pp. 208-209). Note, as 

stated above, that utility depends on a power function of the difference between consumption and habit. 

The relation between consumption and habit is captured by the surplus consumption ratio: 

 4! ≡
-! − 1!
-! . (18) 

The surplus consumption ratio increases with consumption: 4! = 0 corresponds to a bad state in the 

economy where consumption is equal to habit, and 4! approaches 1, when consumption rises relative to 

habit (Campbell and Cochrane, 1999). The higher 4!, the better state of the economy. With this definition 

of utility, risk aversion can change over time. Low 4!, which is a bad state in the economy, implies the 

individual agent to be more risk averse than when 4! is high, which is a good state in the economy. Hence, 

risk aversion is linked to consumption and follows the state of the economy (Campbell and Cochrane, 

1999). The relative risk aversion relates to the surplus consumption ratio in the following way: 

 −-!h44h4 = \
4! , (19) 

where h4 and h44 are the first and second order derivatives of utility with respect to consumption (Campbell, 

1999, p. 1286). Note, the utility curve parameter, \, is no longer an expression for a constant risk aversion, 

as it is in the standard consumption-based asset pricing model. 



28 of 155 

 

Figure 2. Utility Function with Habit. The curved line is the utility function. The vertical dashed line denotes 

the habit level, (. Horizontal arrows represent the same proportional risk to consumption. (Cochrane, 2017, p. 950). 

 

Figure 2 illustrates that the same proportional risk to consumption, indicated by the horizontal arrows, is a 

more fearful event when consumption starts closer to habit (Cochrane, 2017). For example, risk aversion 

is higher if consumption is low (on the left) because it is closer to habit, and hence, the same risk can send 

future consumption below the subsistence level, which the agent, by all means, wants to avoid. 

To complete the description of the preferences, it must be specified how habit, 1!, responds to 

consumption. As already noted, Campbell and Cochrane (1999) use an external habit specification in 

which habit is determined by the history of aggregate consumption rather than the history of individual 

consumption, defined as: 

 4!5 ≡
-!5 − 1!
-!5

, (20) 

where -5 denotes average consumption by all individuals in the economy (Campbell and Cochrane, 1999, 

p. 209). Instead of specifying a process for the habit, 1!, itself, Campbell and Cochrane (1999) specify a 

process for how each individuals’ habit, 1!, responds to the history of aggregate consumption, -!5, by 

specifying the log surplus consumption ratio, b!5 ≡ ln 4!5 (throughout, we use lowercase letters to indicate 

logs) (Campbell and Cochrane, 1999). 
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The log surplus consumption ratio is modelled as a stationary first-order autoregressive process: 

 b!'#5 = (1 − j)b̅ + jb!5 + l(b!5)V!'#, (21) 

where 0 < j < 1 is the habit persistence parameter, b̅ is the steady state level of the state variable b!5, and 

l(b!5) (described more thoroughly in section 3.3.1.1) is a nonlinear monotonically decreasing sensitivity 

function that determines how innovations in consumption growth, V!'#, influence b!'#5  (Engsted et al., 

2010, p. 1241). In equilibrium, identical individuals choose the same level of consumption, so -! = -!5 and 

4! = 4!5, therefore, we drop the I superscripts in what follows (Campbell and Cochrane, 1999). Innovations 

in consumption growth, V!'#, comes from the consumption growth rate. The consumption growth is 

assumed a lognormal process that follows a random walk: 

 ∆%!'# = 8 + V!'#,				V!'#~	(. (. o.		p(0, q+), (22) 

where 8 and q+ are constant parameters governing the mean and volatility of the log consumption growth 

rate (Møller, 2009, p. 526). 

In sum, equation (21) completes the description of the relation between habit and aggregate consumption 

and is the main take-away. More specifically, equation (21) specifies that today’s habit is a nonlinear 

function of current and past consumption, hence a slow-moving habit (Campbell, 1999). Figure 3 shows 

the basic idea of the slow-moving habit; as consumption declines towards habit in bad times, risk aversion 

rises, prices fall, and therefore, expected return rises. Consequently, Figure 3 illustrates, the habit model 

naturally delivers a time-varying, recession-driven risk premium (Cochrane, 2017). 

 

Figure 3. The Habit Model. The upper line represents a sample path of consumption. The lower line represents a 

slow-moving habit induced by movements in consumption. (Cochrane, 2017, p. 951). 
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In the coming, the further conditions of the habit model are described to arrive at equation (32) explaining 

the interrelation between habit and expected excess returns, which we investigate in this thesis. Firstly, we 

specify the sensitivity function. 

 

3.3.1.1 The Sensitivity Function 
The sensitivity function, l(b!), satisfies the conditions that the risk-free interest rate is constant, and habit 

is predetermined at and near the steady state, b! = b̅ (Campbell and Cochrane, 1999). There are several 

reasons for a constant risk-free rate. Firstly, the real risk-free rate empirically appears to vary limited, and 

the variation that does exist is not closely related to the business cycle or to stock returns (Campbell and 

Cochrane, 1999). Secondly, the purpose of the model is to explain stock returns entirely by variation in risk 

premia without any movement in the risk-free rate (Campbell and Cochrane, 1999). The purpose behind to 

predetermine habit near the steady state is to secure that habit does not move in the opposite direction of 

consumption. The sensitivity function is defined as follows (Campbell and Cochrane, 1999, p. 213): 

 
l(b!) = r

1
4̅ s1 − 2(b! − b̅) − 1, b! ≤ b657
0																																					, b! ≥ b657 ,

 (23) 

where the steady-state surplus consumption ratio, 4̅, is: 

 
4̅ = qv \

1 − j, (24) 

and b657 is the upper limit of b!, where the expression in equation (23) becomes zero (Møller et al., 2020, 

Internet Appendix p. 5): 

 b657 ≡ b̅ + 12 (1 − 4̅
+). (25) 

Including the upper limit secures that the sensitivity function does not turn negative. In this case, the surplus 

consumption ratio cannot fall at a positive consumption push or rise at a negative consumption push, i.e. 

opposite movements in surplus consumption ratio and consumption are not possible. The specification of 

l(b!) as above achieves the objectives; 1) constant risk-free interest rate, and 2) habit is predetermined at 

and near the steady state, b! = b̅, so habit does move nonnegatively with consumption everywhere 

(Campbell and Cochrane, 2000). 

Next, we focus on the marginal utility to derive the stochastic discount factor and the risk-free interest rate, 

and conclusively define the expected excess return. 
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3.3.1.2 Marginal Utility 
We assume that habit is external; people want to “catch up with the Joneses”, as Abel (1990) phrases it 

(Campbell and Cochrane, 2000). This means that every individual is more interested in obtaining the same 

level of consumption as the other individuals than its own level of consumption – aggregate consumption 

is thereby unaffected by any individual’s decisions. Thus, the marginal utility is given by (Campbell and 

Cochrane, 1999, p. 210): 

 h3(-! , 1!) = (-! − 1!)"/ = 4!"/-!"/ . (26) 

 

3.3.1.3 The Stochastic Discount Factor 
The intertemporal rate of substitution or the stochastic discount factor is then defined as (Campbell and 

Cochrane, 1999, p. 210): 

 3!'# ≡ E h4(-!'#, 1!'#)h4(-! , 1!) = E w4!'#4!
-!'#
-! x

"/

. (27) 

It is related to the state variable, b!, and log consumption innovation, V!'#, by (Campbell and Cochrane, 

1999, p. 211): 

 3!'# = E="/(9'(:"#)(<!"<̅)'[#'?(<!)]A!"#). (28) 

 

3.3.1.4 Risk-Free Interest Rate 
The real risk-free interest rate is the reciprocal of the conditionally expected stochastic discount factor 

(Campbell and Cochrane, 1999, p. 211): 

 ?!B =
1

@!(3!'#). (29) 

From equation (22) and (28), the log risk-free interest rate is (Campbell and Cochrane, 1999, p. 212): 

 7!B = − ln(E) + \8 − \(1 − j)(b! − b̅) −
\+q4+
2 [1 + l(b!)]+. (30) 

The third and fourth term on the right-hand side are distinctive for the habit model of Campbell and 

Cochrane (1999). Therefore, these two terms are commented on. The third term (linear in (b! − b̅)) is 

intertemporal substitution; if the surplus consumption ratio is low, the marginal utility of consumption is 

high (Campbell, 1999). However, the surplus consumption ratio is mean-reverting so marginal utility is 

expected to fall in the future (Campbell, 1999). Therefore, the consumer would like to borrow, and this 
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drives up the equilibrium risk-free interest rate (Campbell, 1999). Note that what drives intertemporal 

substitution is mean-reversion in marginal utility, not mean-reversion in consumption itself (Campbell, 

1999). Here, consumption follows a random walk why there is no mean-reversion in consumption, however, 

habit formation causes the consumer to gradually adjust to a new level of consumption, creating mean-

reversion in marginal utility (Campbell, 1999). 

The fourth term (linear in [1 + l(b!)]+) is precautionary savings (Campbell, 1999). As uncertainty 

increases, consumers become more willing to save, and this drives down the equilibrium risk-free rate 

(Campbell, 1999). Note that what determines precautionary savings is uncertainty about marginal utility, 

not uncertainty about consumption itself (Campbell, 1999). Here, the consumption process is 

homoscedastic, hence no time-variation in uncertainty about consumption, however, habit formation makes 

a given level of consumption uncertainty more serious for marginal utility when consumption is low relative 

to habit (Campbell, 1999). 

From the above, it is noticed that the surplus consumption ratio has two opposite effects on the risk-free 

interest rate. A low surplus consumption ratio gives a high risk-free interest rate due to the intertemporal 

substitution effect, and likewise, a low surplus consumption ratio gives a low risk-free rate due to increased 

precautionary savings. Consequently, Campbell and Cochrane (1999) obtain a constant risk-free interest 

rate in the habit model, as the two above effects equal each other out. By substituting equation (23) and 

(24) into equation (30) for the risk-free interest rate, the following is obtained (Campbell and Cochrane, 

1999, p. 213): 

 7!B = − ln(E) + \8 − \2 (1 − j). (31) 

The above equation (31) contains no time-varying terms, and hence, the risk-free interest rate is constant 

over time (Campbell and Cochrane, 1999). As previously mentioned, this underlines that the habit model 

explains stock returns entirely by variation in risk premia without any movement in the risk-free rate. In 

other words, the model is built to explain how stock returns vary due to the time variation in risk premia 

and not the risk-free interest rate. 

 

3.3.1.5 Expected Excess Return 
If excess returns on the stock market and consumption growth are jointly conditionally lognormally 

distributed, the habit model of Campbell and Cochrane (1999) implies that the log expected excess return  

 



33 of 155 

is given by the following: 

 @!L7$,!'#N − 7B,!'# +
1
2q$,!

+ = \[1 + l(b!)]%yV!L7$,!'#, ∆%!'#N, (32) 

where @!L7$,!'#N − 7B,!'# is the log expected excess return, \[1 + l(b!)] is the state-dependent price of 

consumption risk, %yV!L7$,!'#, ∆%!'#N is the amount of risk, and #
+
q$,!+  is a Jensen’s inequality term (Engsted 

et al., 2010, p. 1241; Møller et al., 2020, pp. 29-30). Equation (32) states that expected excess returns move 

countercyclically with the surplus consumption ratio, b!, since the sensitivity function, l(b!), is decreasing 

in b! (Engsted et al., 2010). When surplus consumption ratio falls in cyclical downturns, the individual 

agents require a higher expected return and vice versa (Engsted et al., 2010). 

In sum, we have proved that the habit model by Campbell and Cochrane (1999) accounts for countercyclical 

time-variation in expected returns. In the following, we show how the habit model relates to the practical 

construction of the cyclical macroeconomic variables using the detrending method of Hamilton (2018), and 

thereby obtain a direct theoretical argument between our variables and expected stock returns. 

 

3.4 The Habit Model and the Hamilton Method 
As stated in equation (21), Campbell and Cochrane (1999) assume in the habit model that the log surplus 

consumption ratio is a stationary first-order autoregressive process. Wachter (2006) formally derives that a 

first-order approximation around b! =	 b̅ implies that the surplus consumption ratio slowly adjusts to current 

and past consumption with coefficient, j: 

 
b! ≈ ĸ + l(b̅)BjC∆%!"C

*

C&,

, (33) 

where ĸ is a constant depending on model parameters (Møller et al., 2020, p. 29). While in theory, the 

surplus consumption ratio is influenced by past consumption going back to infinity, a “cutoff” horizon is 

used to obtain an empirical proxy for b! (Møller et al., 2020). When omitting the constant, ĸ, and the 

proportionality parameter, l(b̅), and assume a high value of the persistence parameter (j ≈ 1), it follows 

that there exists a close link between a finite-horizon proxy for surplus consumption and cyclical 

consumption: 

 b̂! ≈ %! − %!"- ≈ %%! , (34) 

where ! determines the length of time over which habit reacts to past consumption (Møller et al., 2020, p. 

29). The second approximation in equation (34) comes from the fact that when consumption follows a 
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random walk, the detrending method of Hamilton (2018) reduces to a difference filter (Møller et al., 2020). 

This is because the T# and TC OLS estimates in equation (8) converge to 1 and 0 for large samples, 

respectively. The resulting cyclical component is then given simply as the difference over a !-quarter 

horizon (Møller et al., 2020). Referring back to Figure 3, the difference between consumption and habit can 

be interpreted as %%! – when consumption is low (high) relative to habit, %% is low (high). 

As defined in equation (32), Campbell and Cochrane (1999) assume in the habit model that log expected 

excess returns follow: 

 @!L7$,!'#N − 7B,!'# +
1
2q$,!

+ = \[1 + l(b!)]%yV!L7$,!'#, ∆%!'#N. (35) 

Since l(b!) is inversely related to b!, and %%! and b! from equation (34) are tightly linked as they both 

depend on past consumption growth, it follows from equation (35) that low levels of cyclical consumption 

increase the price of risk, \[1 + l(b!)], and predict high expected returns (Møller et al., 2020). The inverse 

relation between b!, and therefore the cyclical component, and risk premia also works via the covariance 

term, %yV!L7$,!'#, ∆%!'#N, which represents the amount of risk, because a decrease in consumption toward 

the habit level in bad times is associated with an increase in %yV!L7$,!'#, ∆%!'#N in the model (Møller et al., 

2020). Overall, the dependence of expected returns on surplus consumption ratio is close to linear as 

illustrated in the Figure 4 below from Campbell and Cochrane (1999), except for very low values of the 

surplus consumption ratio (Møller et al., 2020). 

 

Figure 4. Surplus Consumption Ratio. Expected returns and risk-free interest rate as functions of the surplus 

consumption ratio. (Campbell and Cochrane, 1999, p. 221). 
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Summing up, section 3.3 and 3.4 have shown that the cyclical component of consumption is closely linked 

to the habit model of Campbell and Cochrane (1999), and thereby, accounts for countercyclical time-

variation in expected returns. In general, the above suggests that the cyclical component of consumption 

may predict expected returns. 

 

3.5 The Production-Based Asset Pricing Model 
As a final theoretical note, it is worth underlining that other theoretical models, not based on consumption, 

also link real economic activity and asset returns. Cochrane (1991) refers to the consumption-based asset 

pricing model as the conventional approach to understand the link between real economic activity and 

expected stock returns but introduces a production-based asset pricing model analogous to the standard 

consumption-based model. The production-based asset pricing model is of special interest in the context of 

this thesis since it ties asset returns directly to production variables such as output and investment 

(Cochrane, 1991). 

The two asset pricing models differ in some fundamental areas. Firstly, the main difference is that the 

production-based asset pricing model uses producers and production functions in the place of consumers 

and utility functions (Cochrane, 1991). Hence, the basic idea of the production-based asset pricing model 

is to infer the presence of real macroeconomic shocks by watching firms’ investment decisions, while the 

consumption-based model tries to infer the presence of systematic shocks by watching consumption 

decisions (Cochrane, 1996). 

Secondly, and more technically, this implies that the models are different in their nature; as a pure 

production-based model uses no assumptions on consumer preferences, and hence, should hold no matter 

what consumers do, just as the consumption-based model uses no technology assumptions, which implies 

it should hold no matter what firms do (Cochrane, 1991; Cochrane, 1996). 

Then, why not use a production-based asset pricing model when examining production-based 

macroeconomic variables like GDP, industrial production, and investment? To answer this, we investigate 

the similarities between the two models. After all, the models are very much alike. Cochrane (1991) states 

that the consumption-based and the production-based asset pricing models are not competitors for anything 

but research and reading time (Cochrane, 1991), i.e. the models essentially try to answer the same questions, 

but from two different starting points. The models are complements, hence one does not have to be “wrong”, 

for the other to be “right”. The central point in this context is that both the production-based and the 

consumption-based model relate asset returns strictly to macroeconomic data rather than other asset returns, 

and hence, both provide an explicit link between asset returns and macroeconomic events (Cochrane, 1996). 
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Both the production-based and the consumption-based models try to respond to changes in risk premia as 

the empirical finance literature has found to dominate changes in expected returns (Cochrane, 1996). 

Further, Cochrane (1991) also points to the close relation between output and investment and consumption, 

as also argued in section 1.2 Empirical and Theoretical Motivation via the national income accounting 

identity and the empirical correlation coefficients. 

Taken together, the two theoretical models intend to explain the same phenomena, and thus, there is only a 

need for one of them. In this thesis, we use a consumption-based asset pricing model, specifically the habit 

model, for two reasons; 1) the consumption-based asset pricing model is the conventional approach, and 2) 

Møller et al. (2020) also use the habit model of Campbell and Cochrane (1999) as their theoretical 

foundation. 
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4 Data 

In this section, we describe the collected data. Firstly, we describe the data for the main predictive 

regressions. Next, we characterise the data for the robustness tests; alternative predictor variables, 

international evidence, and predictability in good and bad times. Overall, the gathered data of the thesis aim 

to be consistent with the previous empirical literature. 

We select quarterly data as this is the highest common frequency for GDP, industrial production, 

investment, and consumption. The U.S. national accounts data on a quarterly basis date back to 1947Q1 

why the natural starting point for the analysis is 1947. The sample period ends in 2018Q4 because the study 

is conducted from January to May 2020, and thus, the data of 2019 are disregarded since it is subject to 

sizable revisions at the time of the analysis. In sum, the sample considered for this thesis spans the postwar 

period from 1947Q1 to 2018Q4 equalling 288 quarters. 

 

4.1 Predictive Regression 

The input for the predictive regressions is; 1) U.S. national accounts data on GDP, investment, industrial 

production, and consumption to construct the cyclical macroeconomic variables, and 2) U.S. stock indices 

data on Standard and Poor’s composite stock price index (S&P 500) and Center for Research in Security 

Prices (CRSP) value-weighted index to compute nominal returns, real returns, and excess returns. 

 

4.1.1 U.S. National Accounts Data 

The U.S. national accounts data on GDP, investment, and consumption are all collected from National 

Income and Product Accounts (NIPA) tables constructed by the U.S. Bureau of Economic Analysis (BEA) 

revised on January 30, 2020. The data are measured in quarterly real 2012 chain-weighted U.S. dollars 

seasonally adjusted at annual rates. Appendix 1 provides a more detailed overview with subcategories of 

the national accounts data definitions. 

 

4.1.1.1 GDP and Investment 
In relation to GDP and investment, table 1.1.6 of NIPA provides data on the gross domestic product and 

the gross private domestic investment both measured in billions of U.S. dollars. Gross domestic product is 

characterised as the market value of goods and services produced by labour and property in the U.S., 

regardless of nationality (BEA, Gross Domestic Product, 2020), whereas gross private domestic investment 
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is the sum of private fixed investment and change in private inventories (BEA, Gross Domestic Investment, 

2020). These measures are in accordance with Rangvid (2006) concerning GDP, and Cochrane (1991) with 

regards to investment. 

 

4.1.1.2 Industrial Production 
We define industrial production as the Industrial Production index (INDPRO) collected from the Federal 

Reserve Bank of St. Louis (FRED). The Industrial Production index is an economic indicator that measures 

real output for all facilities within manufacturing, mining, electric, and gas utilities in the U.S. (FRED, 

Industrial Production index, 2020). The index is equal to 100 in 2012 and uses monthly seasonally adjusted 

data. We download the data with a quarterly frequency directly from FRED’s homepage using the end of 

the quarter observation, in line with Cooper and Priestley (2009). 

 

4.1.1.3 Consumption 
The thesis defines consumption as personal consumption expenditures (PCE) from nondurable goods and 

services purchased by persons taken from table 7.1 of NIPA, measured in U.S. dollars per capita (BEA, 

Personal Consumption Expenditures, 2020). Note, this excludes durable goods which is in line with the 

definition of consumption in Møller et al. (2020), Lettau and Ludvigson (2001a), and other previous 

empirical work on consumption-based models (Lettau and Ludvigson, 2001a). This specific definition is 

justified because the theory applies to the flow of consumption, whereas expenditures on durable goods are 

not part of this flow because they represent replacements and additions to a stock, rather than a service flow 

from the existing stock (Lettau and Ludvigson, 2001a). 

 

4.1.2 U.S. Stock Indices 

As mentioned, we use U.S. stock indices data on the S&P 500 composite index and the CRSP value-

weighted index retrieved from the Wharton Research Data Services (WRDS) database. These indices are 

the convention in the literature. 

The S&P 500 index is a market-capitalisation-weighted or value-weighted index of the 500 largest U.S. 

publicly traded companies (prior to March 1957, a 90-stock index) covering approximately 80% of the U.S. 

market-capitalisation (S&P 500 Dow Jones Indices, S&P 500, 2020). We collect the level of the S&P 500 

index on a quarterly basis using the price at the end of the quarter, excluding dividends. To account for 
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dividends in the total return calculation, we also download data from Robert Shiller’s homepage providing 

the corresponding quarterly dividend data on the S&P 500 index. 

We also download the CRSP value-weighted index since it widens the market-capitalisation to include U.S. 

stocks listed on the New York Stock Exchange (NYSE), the National Association of Securities Dealers 

Automated Quotations (NASDAQ), and the American Stock Exchange (AMEX). As with the S&P 500 

index, we collect the CRSP value-weighted index on a quarterly basis using the price level at the end of the 

quarter, and the CRSP index includes dividends. 

Finally, in order to compute real returns and excess returns, we retrieve the Consumer Price index and the 

30-day T-bill rate from the Bureau of Labor Statistics (BLS) and the WRDS database, respectively. The 

Consumer Price index (CPI) is a measure of the average change over time in the prices paid by urban 

consumers for a market basket of consumer goods and services (BLS, Consumer Price index, 2020). We 

use the Consumer Price index to get the inflation rate needed to compute the real return. We download the 

series on a quarterly basis. For the excess return calculation, we use the 30-day T-bill rate which is a short-

term debt obligation backed by the U.S. Department of the Treasury (U.S. Department of the Treasury, 

Interest Rates, 2020), equivalent to the risk-free rate. We retrieve the 30-day T-bill rate on a quarterly basis. 

 

4.2 Alternative Predictor Variables 
The alternative predictor variables are price-dividend, price-earnings, price-output, relative T-bill rate, 

investment to capital ratio, and consumption-wealth ratio. For price-dividend and the relative T-bill rate, 

we collect no new data. The inputs to the price-dividend ratio is simply the level of the S&P 500 index and 

the associated dividends described previously, and the calculation of the relative T-bill rate is based on the 

30-day T-bill rate, also presented above. On the other hand, we collect and characterise new data for the 

remaining alternative predictor variables below. 

To calculate the price-earnings ratio, we use the level of the S&P 500 index and earnings data. The S&P 

500 index data are already described, while we download the quarterly earnings data from Robert Shiller’s 

homepage following Rangvid (2006). We also compute the price-output ratio in the same way as Rangvid 

(2006) again using the level of the S&P 500 index as well as quarterly output data. The output data are 

nominal GDP from table 1.1.5 of NIPA, downloaded quarterly in current-value billions of U.S. dollars at a 

seasonal adjusted annual rate. In relation to the investment to capital ratio and the consumption-wealth ratio, 

we obtain data from Amit Goyal’s homepage. We collect the data from Amit Goyal’s homepage since 

Welch and Goyal (2008) have updated the data until 2018Q4 on these variables in their renowned 

investigation of equity premium performance. 
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4.3 International Evidence 
The international evidence analysis focuses on the aggregate of G7 countries, which include the world’s 

major industrialised countries and leading economies Canada, France, Germany, Italy, Japan, United 

Kingdom, and the United States. We download the national accounts data from the Organisation for 

Economic Co-operation and Development (OECD) database, and data on the stock returns are the Morgan 

Stanley Capital International (MSCI) G7 index, in accordance with Møller et al. (2020) and others, obtained 

from Bloomberg. 

For GDP, investment, and consumption, we obtain the data from the same table, namely the Quarterly 

National Accounts (QNA) from the OECD.stat database. More specifically, the thesis collects the following 

data: gross domestic product (expenditure approach), the gross fixed capital formation, and private final 

consumption expenditure spanning the period from 1970Q1 to 2018Q4 measured in quarterly fixed PPPs 

2015 million U.S. dollars seasonally adjusted at annual levels. Lastly, we retrieve the aggregate G7 

Industrial Production index from the OECD iLibrary site. We download the data with a quarterly frequency 

with index 100 equal to 2015. With respect to the stock returns, we use the MSCI G7 total return index, 

which is a value-weighted index with index equal to 100 as of December 31, 1976 (also the start date), 

obtained from Bloomberg. We collect the level of the MSCI G7 index on a quarterly basis using the price 

at the end of the quarter where dividends are included. 

 

4.4 Predictability in Good and Bad Times 
We collect data from the National Bureau of Economic Research (NBER), which provides the necessary 

dates of U.S. recessions to proxy for bad states, in line with Møller et al. (2020) and others. NBER’s 

definition of a recession is a significant decline in economic activity spread across the economy, lasting 

more than a few months, normally visible in real GDP, real income, employment, industrial production, 

and wholesale-retail sale (NBER, U.S. Business Cycle Expansions and Contractions, 2020). The FRED 

database has converted the NBER based recession indicator into a dummy variable equalling 1 in a 

recession period and 0 in an expansion period, why the data is downloaded directly from FRED’s website 

on a quarterly basis. Specifically, the thesis uses the trough method or “the period following the peak 

through the trough” as defined by FRED to account for recessions (FRED, USRECD, 2020). 
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5 Econometric Methodology 

The following section serves to thoroughly describe the econometric methodology and is organised as 

follows. Firstly, we describe the preliminary work of the analysis, which includes extracting the cyclical 

macroeconomic variables using the Hamilton (2018) detrending method, calculating continuously 

compounded stock returns, and key summary statistics. Next, we describe the main analysis of the thesis, 

namely testing the predictive ability of the constructed cyclical macroeconomic variables using predictive 

regressions. Following this main analysis, we address and test a battery of issues and robustness tests, which 

are issues with long-horizon regressions, comparison to alternative predictor variables, predictability in 

international equity markets, predictability in good and bad economic times, and finally a subsample 

analysis. Then, we validate the in-sample results out-of-sample, followed by an orthogonal regression 

analysis to test the interrelation between the variables. Conclusively, we use the cyclical macroeconomic 

variables to forecast the expected stock return over the next five years, i.e. 2019 to 2023. 

 

5.1 Preliminary Work 

5.1.1 Extracting the Cyclical Macroeconomic Variables 

We employ the simple and robust linear projection method of Hamilton (2018) to extract the cyclical 

component of the macroeconomic variables, which is a measure of the deviations of the variables from their 

trend. We choose the Hamilton (2018) detrending methodology because it has some attractive advantages 

over other prominent methods such as the popular Hodrick and Prescott (1997) filter. Firstly, the procedure 

ensures that the identified cyclical component is stationary and consistently estimated for a wide range of 

unknown and possibly nonstationary processes (Møller et al., 2020; Hamilton, 2018)4. Secondly, it 

produces a series that is accurately related to the underlying economic fluctuations, as opposed to the 

Hodrick and Prescott (1997) filter which can spuriously generate series with dynamics that have no relation 

to the underlying data-generating process (Møller et al., 2020; Hamilton, 2018). This feature is particularly 

attractive since it implies that the predictability of stock returns is more likely to reflect actual predictability 

rather than to be a statistical artefact of the detrending method (Møller et al., 2020). Furthermore, Møller et 

al. (2020) argue that the Hamilton (2018) detrending procedure provides conservative and robust evidence 

of return predictability compared to alternative detrending methods (Møller et al., 2020). 

 
4 The detrending procedure of Hamilton (2018) allows us to remove the nonstationarity component of the cyclical 
macroeconomic variables without modelling the nonstationarity, as the decomposition in equation (36) implies a 
stationary process, )! (Møller et al. (2020)). 
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More specifically, we perform the following linear OLS regression where the macroeconomic variables, 

GDP, industrial production, investment, and consumption, are regressed on a constant and four lagged 

values as of time : − !: 

 &! = T, + T#&!"- + T+&!"-"# + T%&!"-"+ + T.&!"-"% +W! , (36) 

where &! is the log of either GDP, industrial production, investment, and consumption, and W! is the 

regression error which is the measure of the cyclical macroeconomic variable at time : (Møller et al., 2020, 

p. 5). Simply an autoregressive model. Hence, the estimated equation can be rearranged in the following 

way: 

 W! = &! − TX, − TX#&!"- − TX+&!"-"# − TX%&!"-"+ − TX.&!"-"%, (37) 

where W! is either cyclical GDP (%&), cyclical industrial production (%'), cyclical investment (%(), and 

cyclical consumption (%%). When estimating equation (36), it requires a choice of the parameters ' and !, 

where ' is the number of lags used and ! is equal to the length of time which habit trend reacts to past 

GDP, industrial production, investment, or consumption. In other words, as stated in section 3.4 The Habit 

Model and the Hamilton Method, equation (36) reduces to the difference between the macroeconomic 

variable at time : and !-quarters back. Note that when estimating W!, the specification of ' and ! leads to 

' + ! − 1 fewer observations of the cyclical macroeconomic variables. 

In relation to ', we follow the recommendation of Hamilton (2018) and Møller et al. (2020) by using four 

lags, ' = 4, in order to account for the seasonality in the quarterly data. Moreover, including additional 

lags or parameters, which need to be estimated make, especially small sample, results likely to differ from 

the asymptotic prediction why a richer model is not necessary to extract the stationary cyclical component 

(Hamilton, 2018). On the other hand, we elaborate more on the choice of ! because we determine it 

empirically. As Møller et al. (2020), the thesis initially selects ! = 24 to compare the variables across the 

same specifications. However, the main results of the thesis use an optimal specification of ! to get optimal 

predictive properties of the cyclical macroeconomic variables. In section 5.2.2 Specifications of Parameter 

!, we describe the sensitivity of the variables to the choice of ! and the methodology to choose the optimal 

specification. 
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5.1.2 Continuously Compounded Stock Returns 

This thesis examines nominal returns, real returns, and excess returns for both the S&P 500 index and the 

CRSP value-weighted index from a one-quarter to a five-year horizon. However, to concentrate our focus, 

we put more emphasis on excess returns and the CRSP index. We focus on predicting excess returns because 

Møller et al. (2020) also focus on excess returns in their study. Furthermore, using excess returns 

(approximately real) relates to the purchasing power parity, i.e. the investor’s actual consumption. We focus 

on the CRSP index since it accounts for a larger share of the listed U.S. stocks, and hence, provides a better 

proxy of the entire U.S. stock market than the S&P 500 index. 

We use continuously compounded returns since it is the convention in the literature and makes the 

computations of returns over more than one horizon easier because they are time additive. 

To calculate quarterly nominal returns, we use the following formula: 

 7! = ln w6! + 5!6!"# x, (38) 

where 6! is the end of quarter price in March, June, September, and December, and the 6!"# is the end of 

quarter price of the previous quarter. The 5! is the equivalent end of quarter dividend for March, June, 

September, and December. The total return on the stock index, 7!, reflects what the investor earns from 

holding the index from time : − 1 to :. Note that in the predictive regression equation (43), the returns are 

ahead-looking, and thus, the return in (38) is lagged once. This also applies to the following descriptions of 

real and excess returns. 

Next, we calculate the quarterly continuously compounded real return. We use the data on Consumer Price 

index to get the inflation rate and deflate the nominal return from equation (38). We calculate the real return 

in the following way: 

 7! = ln w6! + 5!6!"# x − ln w -6/!-6/!"#x, (39) 

where -6/! is end of quarter value in March, June, September, and December, and the -6/!"# is the end of 

quarter value of the previous quarter to get the quarterly inflation rate. 

Lastly, we calculate the excess return using the 30-day T-bill rate, equivalent to a risk-free rate: 

 7! = ln w6! + 5!6!"# x − 7>! , (40) 

where 7>! is end of quarter risk-free return in March, June, September, and December. 
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For the one-year (ℎ = 4) to five-year (ℎ = 20) horizon ahead-looking returns, we add the returns of the 

single quarters: 

 
7!,!'D =B7!,!'D

D

!&#

. (41) 

The return is the sum of either the continuously compounded nominal, real, or excess returns over the next 

ℎ quarters, where ℎ = 4, 8, 12, 16, 20. In other words, the return on the index, when buying it at time :, is 

the sum of the returns at time : + ℎ, e.g. the annual return (ℎ = 4) is: 7!,!'. = 7!,!'# + 7!'#,!'+ + 7!'+,!'% +
7!'%,!'.. Finally note that with the ahead-looking returns, ℎ observations are deducted at the end of the 

sample. 

 

5.1.3 Summary Statistics 

The summary statistics provide an initial introduction of the data and to test whether the cyclical 

macroeconomic variables and the stock returns have the expected properties. The summary statistics 

considered in this thesis are the mean, standard deviation, first-order autocorrelation, Pearson correlation 

coefficients, as well as an Augmented Dickey-Fuller stationarity test. Since the summary statistics are 

regarded as standard measures, we only describe the stationarity test. 

 

5.1.3.1 Stationarity Test 

For the stationarity test, we conduct both an informal and a formal stationarity test for the cyclical 

macroeconomic variables and stock returns. The stationarity tests are performed, even though, the 

detrending procedure of Hamilton (2018) removes the nonstationary component of &! in equation (36), 

since the stationarity of the variables is sensitive to the choice of !. Thus, the stationarity tests serve to 

assure that the stationarity assumption of the time series regressions is not violated (more on OLS 

assumptions in section 5.2.2.1 OLS Assumptions). A time series is stationary if its mean, variance, and 

covariance are all stable and independent of time, and hence, the past historical relationship can be 

generalised to the future (Enders, 2015). 

The informal test considers the time series plots of the variables and the stock returns to get a preliminary 

idea whether the time series are stationary, i.e. oscillate around zero indicating a stationary process. 
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For the formal stationarity test, we use the common and reliable Augmented Dickey Fuller (ADF) test. The 

test can be described by the following regression using the notation from Enders (2015, p. 215): 

 
∆&! = I, + \&!"# +BÄ$∆&!"$'# + <!

E

$&+

. (42) 

Equation (42) includes a drift term (stochastic trend), I,, characterised by being a random trend that varies 

over time, which is the case for both the cyclical macroeconomic variables and the stock returns. This is 

also in accordance with Rangvid (2006). The null hypothesis of the ADF test is that the time series contains 

a unit root, i.e. \ = 0, implying nonstationarity (Enders, 2015). Lastly, we address the selection of lag 

length when conducting the ADF test. When choosing the correct lag length, a trade-off arises between 

including enough lags for the regression residuals to behave like white-noise so the parameters are well 

estimated, and a loss of degrees of freedom with too many lags included which reduces the power of the 

test to reject the null of a unit root (Enders, 2015). Hence, as a compromise, this thesis chooses to include 

four lags equal to one year. 

 

5.2 Predictive Regression 
In this section, we present the methodology of the predictive regressions, which constitute the foundation 

of the main analysis. 

 

5.2.1 OLS Regression 

For the predictive regressions, we use the standard linear ordinary least squares (OLS) regression. 

Following the notation in Møller et al. (2020, p. 7), the regression looks as follows: 

 7!,!'D = G + ÄW! + <!,!'D , (43) 

where W! is cyclical GDP, cyclical industrial production, cyclical investment, or cyclical consumption, and 

7!,!'D is the ℎ-quarter-ahead continuously compounded nominal, real, or excess stock return on the S&P 

500 index or the CRSP value-weighted index. When presenting the results in section 6 Results, we show 

the estimated Ä coefficient, the t-statistic, and the ?Å+. The coefficient allows us to investigate the relation 

between the variables and expected returns. We are also interested in the t-statistic as it tests the hypothesis 

that the coefficient of the regression is equal to zero, and thereby, assess the statistical significance. We use 

the critical values of the Student’s t-distribution. Lastly, we include ?Å+ to show how well the variables 

capture the fluctuations in expected stock returns on average over the sample period. 
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5.2.2.1 OLS Assumptions 
When working with regression analysis, the OLS assumptions need to be fulfilled in order to get robust and 

unbiased results, so-called BLUE estimates (Best Linear Unbiased Estimator). The assumptions for 

univariate OLS regressions, modified to time series data, are (Stock and Watson, 2015): 

1. The error term has an expected mean of zero. 

2. The errors are homoscedastic or have a constant variance. 

3. No autocorrelation between the errors. 

4. The data are drawn from a stationary distribution. 

5. Independently distributed variables when separated by long periods of time. 

6. Large outliers are unlikely. 

7. The errors are normally distributed. 

When assumptions 1-6 are fulfilled, the OLS estimators are said to be BLUE. Assumption 7 is an additional 

assumption included so the t-statistics can be used for inference and hypothesis testing. The thesis will not 

explicitly test and comment on whether all the assumptions are fulfilled since these are not regarded as an 

issue for stock return predictability regressions, in accordance with the literature. Nevertheless, we address 

the main issues stationarity and autocorrelation between the errors. 

 

Autocorrelation from Overlapping Returns and the t-statistic 

If autocorrelation is present, the OLS coefficient is still consistent, but the standards errors are not, resulting 

in misleading t-statistics and hypothesis tests (not BLUE). Economic time series often exhibit 

autocorrelation. We focus on the issue that autocorrelation arises from overlapping horizons in the 

continuously compounded stock return calculations because it per definition creates autocorrelation in the 

residuals. More specifically, there will be ℎ − 1 overlapping returns creating autocorrelation in the 

residuals, and naturally, this issue gets worse as the horizon increases. To guard against this problem, we 

introduce the Newey and West (1987)5 variance estimator, in line with the literature. The Newey and West 

(1987) method estimates a heteroskedasticity- and autocorrelation-robust estimator of the variance of ÄÇ , 
which squared provides the standard errors that replace the original OLS standard errors. The variance 

estimator formula looks as follows (Stock and Watson, 2015, pp. 650-651; Newey and West, 1987): 

 qÉFG#
+ = qÉFG#

+ >ÇH , (44) 

 
5 We also considered the Hodrick (1992) standard errors, but for the sake of accordance with the vast majority of the 
literature, we use Newey and West (1987). 
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where 

 
>ÇH = 1 + 2 B wÑ − Ö

Ñ x
6"#

C&#

'ÉC , (45) 

and where 

 
KÉ = ∑ Vá!Vá!"CH

!&C'#

∑ Vá!+H
!&#

, J(:ℎ	Vá = (1! − 1Å)há! . (46) 

The >ÇH is the so-called Newey and West (1987) variance estimator or correction factor, and the qÉFG#
+  is the 

estimator of the variance of ÄÇ# in the absence of autocorrelation, i.e. the heteroskedasticity-robust variance 

estimate of ÄÇ# (Stock and Watson, 2015). The general idea behind the Newey and West (1987) method is 

to correct the variance-covariance matrix, which estimates the variance and thereby the standard errors. 

Thus, the Newey and West (1987) correction factor, accounting for the autocorrelation, is multiplied to the 

original variance estimator, qÉFG#
+ , and in that way obtain the heteroskedasticity- and autocorrelation-robust 

standard errors. Lastly, the number of truncation parameter, Ñ, needs to be decided upon since the sum of 

autocorrelations is shortened or truncated to include only Ñ− 1 autocorrelations seen in equation (45) 

(Stock and Watson, 2015). The truncation parameter balances the trade-off between on one hand including 

too many autocorrelations that make the variance of the estimator large due to estimation errors, and on the 

other hand, using too few autocorrelations ignoring the autocorrelations at higher lags (Stock and Watson, 

2015). In this thesis, the truncation parameter is equal to lag ℎ in accordance with Møller et al. (2020). 

To sum up, with the above described Newey and West (1987) standard errors, we obtain heteroskedasticity- 

and autocorrelation-robust t-statistics. 

 

5.2.2 Specification of Parameter ! 

The choice of the parameter ! when constructing the cyclical macroeconomic variables following the 

detrending method of Hamilton (2018) has two main implications. Firstly, it affects the predictive properties 

of the variable, i.e. the ability of the variable to capture the fluctuations in expected stock returns. Secondly, 

the choice of ! affects the stationarity of the variable, i.e. its oscillations around zero. This implies that the 

choice of ! contains a trade-off between the explanatory power and stationarity. In order to investigate the 

mechanisms concerning the choice of !, we construct the variables using a standard specification of ! and 

a so-called “optimised” specification of !. Hence, we present section 6.1 Predictive Regression Results in 

two parts, where initially we perform predictive regressions on the cyclical macroeconomic variables with 
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a common specification of ! = 24 since Møller et al. (2020) find that cyclical consumption is optimised at 

this specification. The second part investigates alternative specifications of the parameter ! for our variables 

varying ! from one year (! = 4) to 11 years (! = 44) – similar to Møller et al. (2020). The reason for this 

investigation is to obtain the best possible predictor variables, which is the objective of the thesis. 

We choose the optimal specification of ! based on which specification provides the best predictive 

properties, mainly focusing on ?Å+ across the 6 horizons (ℎ = 1, 4, 8, 12, 16, 20) for excess stock returns on 

the CRSP value-weighted index, while still fulfilling the condition of stationarity. This optimal specification 

of ! represents the main results of the thesis, and hence, also used in the in-sample issues and robustness 

checks, the out-of-sample validation, the orthogonal regression analysis as well as the forecasts of the 

expected return over the next five years. 

 

5.2.3 Data Sample Size 

For the in-sample predictive regression analysis, the data sample spans the period from 1947Q1 to 2018Q4 

equal to 288 quarters or total observations (à), but as already touched upon, we lose observations when 

extracting the cyclical component of the variables and calculating the continuously compounded stock 

returns. When extracting the cyclical component, ' + ! − 1 observations are lost, e.g. for cyclical GDP 

with ' = 4 and ! = 24, the data starts in 1953Q4 and ends in 2018Q4. Likewise, when calculating 

continuously compounded ahead-looking stock return observations are lost because they are constructed 

by summing over the quarterly returns. This amounts to ℎ less returns. In sum, for example for the annual 

(ℎ = 4) predictive regression for cyclical GDP, the number of observations left in the sample, ? = à −
(' + ! − 1) − (ℎ) = 288 − (4 + 24 − 1) − (4) = 257. 

As just explained in section 5.2.2 Specification of Parameter !, we optimise the variables via the 

specification of !. This implies that the number of observations in the predictive regressions of cyclical 

GDP, cyclical industrial production, cyclical investment, and cyclical consumption is different depending 

on their optimal choice of !. We are aware that this infers small discrepancies in the sample size of the 

predictive regressions of the variables. However, we want to make the comparison of the optimised results 

with the initial results using a common specification, ! = 24, as clear as possible, and include as many 

observations as possible. Additionally, it only regards a few observations. 
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5.3 In-sample Issues and Robustness 
This section presents methodologies to address possible issues with the in-sample predictive regressions as 

well as robustness checks to investigate and validate the main results from the predictive regressions. 

 

5.3.1 Long-Horizon Regression Issues 

It is important to recognise that some caution should be placed on interpreting the results from long-horizon 

regressions, especially when using overlapping observations (Cooper and Priestley, 2009). Long-horizon 

returns are calculated by summing the (continuously compounded) quarterly returns (Rangvid, 2006). This 

summation implies that the observations on long-horizon returns overlap, which possibly biases the 

different test statistics towards rejecting the null hypothesis of no predictability more often than is correct 

(Rangvid, 2006). 

For example, Boudoukh et al. (2008) show that for many persistent predictor variables, under the null 

hypothesis of no predictability, the coefficient estimates and the ?Å+s are highly correlated across horizons 

(Cooper and Priestley, 2009). Sampling error that is present at the one-period horizon appears in every 

horizon (Cooper and Priestley, 2009). Boudoukh et al. (2008) conclude that stronger long-horizon results, 

present little, if any, independent evidence over and above the short-horizon results for persistent regressors. 

Furthermore, Valkanov (2003) shows that long-horizon regressions will always produce “significant” 

results, whether or not there is a structural relation between the underlying variables (Valkanov, 2003). In 

order to guard against these potential biases, we implement an implied estimate of the coefficient, a rescaled 

t-statistic, and an implied estimate of ?Å+. 

 

5.3.1.1 Implied Coefficient Estimate 
Under the null hypothesis of no predictability and assuming the estimators are asymptotically distributed 

as multivariate normal with a mean of zero, Boudoukh et al. (2008) calculate the implied coefficient 

estimate at the !th horizon, given the one-period estimate as: 

 @LÄÇ-ãÄÇ#N = å1 + K(1 − K
-"#)

1 − K çÄÇ#, (47) 

where ÄÇ# is the actual estimate of the one-period coefficient, here the one-quarter coefficient, K is the first-

order autocorrelation coefficient of the predictor variable, and ! is the horizon (Cooper and Priestley, 2009, 

p. 2822). 
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5.3.1.2 Rescaled t-statistic 
The rescaled t-statistic is based on Valkanov (2003), who discusses the distribution of a rescaled t-statistic, 

:/√à, with : as the traditional t-statistic and à as the number of observations (Rangvid, 2006). Unlike the 

standard t-statistic, Valkanov (2003) shows that the rescaled t-statistic has a well-defined distribution that 

can be simulated given the value of a nuisance parameter % and the correlation E between the innovations 

to returns and the forecasting variable (Rangvid, 2006). In our case, the nuisance parameter % = −10, using 

the procedure of Stock (1991), and E = −0.9. The choices of % and E are the same as reported in Rangvid 

(2006). Hence, the critical values of Valkanov (2003, Table 4), case 1 with % = 	−10 and E = −0.9, are 

used to evaluate the significance of the rescaled t-statistic, :/√à. 

 

5.3.1.3 Implied !"! Estimate 

Similar to the calculation of the implied coefficient estimate, we calculate the implied ?Å+: 

 

@L?-+|?Å#+N =
w1 + K(1 − K

-"#

1 − K x
+

! ?Å#+, 
(48) 

where ?Å#+ is the actual one-quarter ?Å#+ estimate (Boudoukh et al., 2008, p. 1584; Cooper and Priestley, 2009, 

p. 2822). 

 

5.3.1.4 Further Bias Issues 
The predictive regressions are possibly subject to further biases. For instance, so-called small sample bias. 

Large sample theory can provide a poor approximation to the finite sample distribution of test statistics 

when the predictor is highly persistent, and its errors from an autoregressive regression are highly correlated 

with the variable being predicted (see for example, Mankiw and Shapiro, 1986; Stambaugh, 1999; Amihud 

et al., 2010; Cooper and Priestley, 2009). 

Several papers have focused on how this problem affects stock return predictability (see, for example, 

Valkanov, 2003; Campbell and Yogo, 2006; Cooper and Priestley, 2009). The problems have the potential 

to be particularly severe when the predictor variables are scaled by price (Cooper and Priestley, 2009). This 

is because the errors in the autoregressive model of the predictor regression will be highly correlated with 

returns by constructing (Cooper and Priestley, 2009). The predictor variables introduced in this thesis are 

persistent (see Table 1 Summary Statistics), but they do not include prices. Hence, small sample bias should 

be less of a problem why the thesis will not deal further with this issue. 
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5.3.2 Alternative Predictor Variables 

The alternative predictor variable analysis expands the focus to six well-known variables from the literature 

that have been rationalised by their ability to predict expected stock returns, as described in section 2 

Empirical Literature Review. We compare their predictive properties to the cyclical macroeconomic 

variables. The variables are price-dividend, price-earnings, price-output, relative T-bill rate, investment to 

capital ratio, and consumption-wealth ratio. As we argue in the empirical literature review, the 

abovementioned variables are chosen since they are defining variables in the research of stock return 

predictability as well as renowned for their ability to predict stock returns. The variables are also selected 

because some of them include the same underlying macroeconomic data as our cyclical macroeconomic 

variables, that is GDP, industrial production, investment, and consumption. Hence, the variables are 

relatable and comparable in the sense that they apply the same macroeconomic data. Cyclical GDP and 

cyclical industrial production relate to price-output, cyclical investment relates to the investment to capital 

ratio, and cyclical consumption relates to the consumption-wealth ratio. Next, we introduce the computation 

of the alternative predictor variables. 

 

5.3.2.1 Price-Dividend, Price-Earnings and Price-Output 
We compute price-dividend ('o), price-earnings ('=), and price-output ('&) following the same 

methodology as in Rangvid (2006). We calculate the variables as follows: 

 'o! = '! − o!"#, (49) 

 '=! = '! − =!"#, (50) 

 '&! = '! − &!"#, (51) 

where '! denotes the log of the S&P 500 stock price index, o denotes the log of dividends, = denotes the 

log of earnings, and & denotes log of GDP (Rangvid, 2006, p. 599). Note that the stock price is scaled by 

dividend, earnings, or GDP from the previous year, as this is the convention in the literature. 
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5.3.2.2 Relative T-Bill Rate 
The relative T-bill rate is the 30-day T-bill rate subtracted its 12-month backward moving average 

constructed in the following way: 

 
??@A = 7>! −

1
12B7>!"$

#%

$&#

, (52) 

The 12-month moving average is subtracted since the interest rate itself may be nonstationary over the 

sample period, so it needs to be stochastically detrended (Campbell, 1991). The literature suggests different 

detrending methodologies, but we use the most common convention in the literature, e.g. used in Campbell 

(1991), Hodrick (1992), and Lettau and Ludvigson (2001a). 

 

5.3.2.3 Investment to Capital Ratio 
The investment to capital ratio ((/!) is the ratio of aggregate (private nonresidential fixed) investment to 

aggregate capital for the whole economy. Investment to capital ratio is calculated as follows: 

 (!'# =
/!'#
/!

(!
(1 − E)(1 + (! − FG2H (!%)

, (53) 

where (! = /!/!!, / is investment, ! is capital, E is the depreciation rate, and G is the adjustment cost 

parameter (Cochrane, 1991, p. 236). The predictive ability of investment to capital ratio is also emphasised 

in recent papers. Møller et al. (2020) find that the predictive power of the investment to capital ratio is 

strong and stable in comparison to numerous popular business cycle predictors. 

 

5.3.2.4 Consumption-Wealth Ratio 
The consumption-wealth ratio (%I&) is basically a residual from a cointegrating relationship between log 

consumption, log asset (nonhuman) wealth, and log labour income (Møller et al., 2020). In section 2 

Empirical Literature Review, we present the theoretical consumption-wealth ratio, however, we here 

present the actual estimation method of %I&. Since we obtain the data from Amit Goyal’s homepage, the 

below notation follows Welch and Goyal (2008) but is generally the same as in Lettau and Ludvigson 

(2001a).  
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Firstly, the following equation is estimated using a dynamic least squares (DLS) technique to obtain the 

cointegrating parameters through its estimates of Ä5 and ÄI: 

 
%! = G + Ä5 ∙ I! + ÄI ∙ &! + B T5,$

-

$&"-

∙ ∆I!"# + B TI,$
-

$&"-

∙ ∆&!"$ + <! , : = ! + 1,… , à − !, (54) 

where % is the aggregate consumption, I is the aggregate wealth, and & is the aggregate income (Welch and 

Goyal, 2008, p. 1460; Lettau and Ludvigson, 2001a, pp. 822-823). Using the estimated coefficients from 

equation (54) provide the %I& variable (Welch and Goyal, 2008, p. 1460; Lettau and Ludvigson, 2001a, pp. 

822-823): 

 %I& ≡ %I&ì ! = %! − ÄÇ5 ∙ I! − ÄÇI ∙ &! , : = 1,… , à. (55) 

 

5.3.3 International Evidence 

We include an international evidence analysis to test the predictive evidence of our cyclical macroeconomic 

variables outside the U.S. By doing this, we mitigate the concerns with respect to data-snooping or data 

mining biases. We test the predictability of the variables in international equity markets, more specifically 

the aggregate of the G7 countries since it provides a closer proxy of the global economy and the global 

stock market than the U.S. alone6. 

Our motivation behind testing on aggregate G7 measures rather than country-specific measures is the fact 

that the world economy has become more closely integrated due to increasing trade and financial flows 

across countries. For example, one important study to highlight is the paper by Lumsdaine and Prasad 

(2003), which finds evidence that macroeconomic fluctuations have become more closely linked across 

industrial economies in the period after 1973 (Lumsdaine and Prasad, 2003). Another notable paper related 

directly to the variables studied in this thesis is the paper by Kose et al. (2003), which examines output, 

investment, and consumption and find evidence of a so-called world business cycle explaining fluctuations 

in economic activity (Kose et al., 2003). Hence, with the abovementioned papers in mind suggesting a 

globalised and integrated financial market, it can be argued that international, rather than country-specific, 

measures of business cycles are explaining expected stock returns even better, as studied by for example 

Cooper and Priestley (2013). Thus, the thesis investigates whether these effects are present using our 

cyclical macroeconomic variables, and thereby, contribute to the debate about a world business cycle and 

the level of integration in financial markets. In addition to the above, this section also simply investigates 

 
6 The G7 countries represent 40% of the global output (G7 France, What is the G7?, 2020). 
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whether the findings presented from using U.S. data are more general and found in data from other 

economies as well (Rangvid, 2006). 

We construct our cyclical macroeconomic variables with the use of aggregate GDP, industrial production, 

investment, and consumption for the G7 countries. We extract the cyclical components with the optimal 

specification of !, in accordance with the rest of the issues and robustness checks. However, in the context 

of the international evidence analysis, we also consider the common specification of ! = 24 since the data 

sample contains considerably fewer observations (42 vs. 72 years), and the fact that the Hamilton (2018) 

methodology is particularly sensitive to the choice of ! for small data samples, as described in 5.1.1 

Extracting the Cyclical Macroeconomic Variables. With respect to the stock returns, we use excess MSCI 

G7 index returns. To get the excess returns, we use the 30-day U.S. T-bill rate as a proxy for total G7 risk-

free rate, as suggested in Møller et al. (2020). The data sample only covers 42 years, from 1977Q1 to 

2018Q4 equalling 168 quarters, due to data on the MSCI G7 index is only recorded from this point. 

 

5.3.4 Predictability in Good and Bad Times 

Some popular predictor variables have shown that they are able to predict returns in bad times during 

recessions, but not in good times during business cycle expansions, e.g. Rapach et al. (2010), Henkel et al. 

(2011), Dangl and Halling (2012), and Golez and Koudijs (2018). These findings are a general concern for 

standard asset pricing models that emphasise the impact of time variation in risk premia as a common 

explanation for asset prices (Møller et al., 2020). However, other studies find that stock return predictability 

is not confined to bad times alone, such as Møller et al. (2020). 

Thus, we examine whether the relation between future returns and cyclical GDP, cyclical industrial 

production, cyclical investment, and cyclical consumption is significant only in bad economic times or also 

in good economic times. We use the following OLS linear two-state predictive regression model inspired 

by Møller et al. (2020) and Boyd et al. (2005): 

 7!,!'D = G + ÄJ5K/J5KW! + Ä9LLK(1 − /J5K)W! + <!,!'D , (56) 

where 7!,!'D is the ℎ-quarter-ahead continuously compounded CRSP value-weighted excess stock return, 

/J5K is the state indicator (dummy variable) that equals 1 during bad economic states using the NBER 

business cycle dates7 and 0 otherwise, and W! is the cyclical component of GDP, industrial production, 

investment, or consumption (Møller et al., 2020, p. 11). 

 
7 To proxy for the recession indicator, several measures could have been used, such as declining real GDP growth, but 
in this thesis, we only consider the NBER business cycle dummy since it only serves as a robustness check. 
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5.3.5 Subsamples 

Before moving on to the out-of-sample analysis, which also can be regarded as a subsample analysis, we 

investigate the in-sample predictive regressions for two equally sized subsamples, namely 1947Q1 to 

1982Q4 and 1983Q1 to 2018Q4 equal to 36 years each. The split of the data sample into equally sized 

subsamples is rationalised by its simplicity and the fact that Welch and Goyal (2008) show that many 

business cycle predictors have performed poorly after the oil price crisis in 1973-1975 (Welch and Goyal, 

2008). To shed light on this observation as well as investigate the general stability of the predictive 

properties of the cyclical macroeconomic variables, we conduct a subsample analysis. 

 

5.4 Out-of-Sample 
So far, the econometric methodology has focused on the in-sample analysis of stock return predictability. 

In this part of the econometric methodology, we switch focus to the out-of-sample analysis of stock return 

predictability. 

Parts of the existing literature suggest some evidence that variables that can predict expected stock returns 

in-sample cannot forecast out-of-sample better than the historical average (Cooper and Priestley, 2009). 

For example, Welch and Goyal (2008) point out that in-sample predictability of stock returns is not 

necessarily robust to out-of-sample validation and therefore in-sample predictability does per se not indicate 

that out-of-sample forecasts are reliable (Møller et al., 2020). 

Several features can cause out-of-sample results to differ from in-sample results. One feature often 

mentioned in the literature is the loss of information when splitting samples in out-of-sample tests (Rangvid, 

2006; Cochrane, 2008). Another feature is the choice between the use of time series data available today or 

time series data available in real-time when dealing with out-of-sample forecasts (Welch and Goyal, 2008). 

The issue of data revision is especially relevant to this thesis since we use macroeconomic data, however, 

there is no right or wrong choice in this context. For instance, Lettau and Ludvigson (2001a) use latest-

available or revised data in their out-of-sample tests, whereas Cooper and Priestley (2009) use real-time 

data in their out-of-sample tests (Møller and Rangvid, 2015). 

We base our choice on the objective of the out-of-sample tests. There are at least two possible objectives, 

interpretations or ways of using the out-of-sample tests; to validate in-sample results or to construct a real-

time trading strategy (Møller et al., 2020). The main objective of the out-of-sample test in this thesis is to 

validate the in-sample results. Hence, we use latest-available or revised, data for GDP, industrial 

production, investment, and consumption. 
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5.4.1 The Out-of-Sample Procedure 

Overall, the out-of-sample analysis proceeds as follows. First, using revised macroeconomic data, we 

recursively estimate cyclical GDP, cyclical industrial production, cyclical investment, and cyclical 

consumption each quarter using data available at the time of the forecast. Next, we employ these values of 

the variables in recursive predictive regressions for CRSP value-weighted excess stock returns to form out-

of-sample forecasts. We explain this in more detail below. 

We base the out-of-sample test in the thesis on a recursive scheme similar to that in Møller et al. (2020) and 

Cooper and Priestley (2009). We first divide the total sample of à observations into in-sample and out-of-

sample portions. The in-sample period is 1947Q1 to 1999Q4, and the out-of-sample period is 2000Q1 to 

2018Q4. Starting the out-of-sample evaluation in 2000 provides a reasonably long initial in-sample period 

for reliably estimating the parameters used to generate the first predictive regression forecast (Møller et al., 

2020). This issue is of particular relevance in this thesis because consistent estimation of the trend 

parameters in cyclical GDP, cyclical industrial production, cyclical investment, and cyclical consumption 

requires a large number of observations (Møller et al., 2020). 

Due to the technicality of the out-of-sample procedure, we explain it with the starting point in a concrete 

example instead of in general terms. Hence, we in the next proceed with the common specification of ! =
24 of cyclical GDP as example. In section 6.3 Out-of-Sample Results, we conduct the out-of-sample 

analysis on the optimised macroeconomic variables, and thus, the only difference is the specification of !. 

We start by using GDP data from 1947Q1 to 1999Q4 to estimate: 

 &! = T,,MI + T#,MI&!"- + T+,MI&!"-"# + T%,MI&!"-"+ + T.,MI&!"-"% +W! , (57) 

where î& = 1999ï4, ! = 24, and the residual W! is the measure of %& from 1953Q4 to 1999Q4 (Møller 

et al., 2020, Internet Appendix p. 2). The time subscript î& for the parameters in equation (57) indicates 

that they are updated recursively in each quarter (Møller et al., 2020, Internet Appendix). Next, we expand 

the sample period by one quarter and estimate over the period from 1947Q1 to 2000Q1: 

 &! = T,,MI'# + T#,MI'#&!"- + T+,MI'#&!"-"# + T%,MI'#&!"-"+ + T.,MI'#&!"-"% +W! , (58) 

where î& + 1 = 2000ï1. We add the last estimate of %& for 2000Q1 from equation (58) to the time series 

of %& over the period from 1953Q4 to 1999Q4 generated above (Møller et al., 2020, Internet Appendix). 

The procedure is repeated, quarter-by-quarter, recursively estimating the parameters and saving the values 

of %& until the end of the sample. 
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Then, we employ these values of %& in recursive predictive regressions for CRSP value-weighted excess 

stock returns to form out-of-sample forecasts. We use an expanding estimation window where the 

coefficients in the return-forecasting regression are estimated recursively using only the information 

available through time : in forecasting over the next ℎ quarters (Møller et al., 2020, Internet Appendix). 

The above procedure forms forecasts from the time-varying expected return model, which essentially is the 

same model as used in-sample containing a constant and one of the cyclical macroeconomic variables as 

predictors. In the context of the out-of-sample analysis, this model is called the unrestricted forecasting 

model. The forecasts of the unrestricted model are compared to those of a benchmark model. Here, the 

benchmark model is the forecasts from a constant expected return model, where a constant is the sole 

explanatory variable for excess returns, as in Møller et al. (2020), Cooper and Priestley (2009), and Welch 

and Goyal (2008). In other words, this is simply just a historical average of excess returns as the predictor. 

This model we call the restricted forecasting model. We obtain the forecasts from the restricted model using 

the same procedure as for the unrestricted model explained above. 

 

5.4.2 The Out-of-Sample Tests 

In order to assess the out-of-sample predictability, that is whether the unrestricted model forecasts are 

significantly superior to the restricted model forecasts, we apply four metrics or tests. They help to quantify 

the quality of the forecasts of the time-varying expected return model relative to the benchmark model, 

which is the constant expected return model, and hence, serve for validating the in-sample results. 

 

5.4.2.1 Theil’s U 

The first metric is the so-called “Theil’s Y”. Theil’s Y is a simple and informal metric that compares the 

root mean square error of the forecasts from the unrestricted model with the root mean square error of the 

forecasts from the restricted model. Consequently, the calculation as follows (Rangvid, 2006, p. 616; 

Rapach et al., 2005, p. 141): 

 Y = ?34@NO
?34@O . (59) 

If Y < 1, the forecasts from the unrestricted model are more accurate than the forecasts generated from the 

restricted benchmark model (Rangvid, 2006). The idea of including Theil’s Y in the assessment of the out-

of-sample predictability is to include a metric that is intuitive and easily interpretable, and hence, provides 
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a fast indication of the forecast quality. In order to formally test the out-of-sample predictability, we apply 

the following three metrics or tests. 

 

5.4.2.2 MSE-F 

The second metric is the MSE-F test statistic developed by McCracken (2007). It tests for the equality of 

the mean squared forecasting errors of the forecasting models relative to each other (Cooper and Priestley, 

2009). In detail, the MSE-F statistic tests the null hypothesis that the restricted model has a mean squared 

forecasting error that is less than, or equal to, that of the unrestricted model (Cooper and Priestley, 2009; 

Møller et al., 2020, Internet Appendix). The alternative hypothesis is that the unrestricted model has a lower 

mean squared error than the restricted model. The test statistic is as follows: 

 34@ − ñ = (à − ℎ + 1) ⋅ w34@P −34@Q34@Q x, (60) 

where à is the number of observations, ℎ is the degree of overlap and is equal to one when there is no 

overlap, 34@P is the mean squared error from the model that includes just a constant, and 34@Q is the 

mean squared error from the model that includes the cyclical macroeconomic variables (Cooper and 

Priestley, 2009, p. 2817; Welch and Goyal, 2008, p. 1461; McCracken, 2007, p. 722). 

 

5.4.2.3 ENC-NEW 

The third metric is the ENC-NEW test statistic of Clark and McCracken (2001), which extends the 

encompassing test of Harvey et al. (1998) by deriving a nonstandard asymptotic distribution of this test 

statistic under the null hypothesis of nested forecasts (Møller et al., 2020, Internet Appendix). It tests if the 

forecasts from one model encompass the forecasts from another (Cooper and Priestley, 2009). In detail, the 

ENC-NEW statistic tests the null hypothesis that the forecasts from the restricted model encompass the 

forecasts from the unrestricted model (Cooper and Priestley, 2009; Møller et al., 2020, Internet Appendix). 

The alternative is that the unrestricted model contains information that can be used to significantly improve 

the forecast of the restricted model (Cooper and Priestley, 2009; Møller et al., 2020, Internet Appendix). 

The test statistic is given as: 

 @p- − p@S = à − ℎ + 1
à ⋅ ∑ (<!+ − <! ∗ =!)H

!&#

34@Q , (61) 

where <! is the vector of rolling out-of-sample errors from the historical average model, and =! is the vector 

of rolling out-of-sample errors from the forecasting model that includes the cyclical macroeconomic 



59 of 155 

variables (Cooper and Priestley, 2009, p. 2817; Welch and Goyal, 2008, p. 1462; Clark and McCracken, 

2001, p. 93). 

For both the MSE-F and the ENC-NEW tests, we use asymptotic critical values to provide statistical 

significance levels, which are illustrated via stars in the Table 12. The asymptotic critical values of the 

MSE-F test are reported in McCracken (2007, Table 4), while the asymptotic critical values of the ENC-

NEW test are reported in Clark and McCracken (2001, Table 1). The distributions, and hence, the critical 

values are dependent on two parameters (McCracken, 2007; Clark and McCracken, 2001). The first 

parameter is !+, which represent the number of excess parameters in the forecasting model (McCracken, 

2007; Clark and McCracken, 2001). The number of excess parameters is defined as the number of 

exogenous predictor variables in the unrestricted forecasting model “in excess of” the constant (McCracken, 

2007; Clark and McCracken, 2001). Here !+ = 1 as one of the cyclical macroeconomic variables are the 

sole exogenous predictor in excess of the constant. The second parameter is ò, which represents the ratio 

òá = 6/?, where 6 is the number of out-of-sample observations and ? is the number of in-sample 

observations (McCracken, 2007; Clark and McCracken, 2001). As example for cyclical GDP, the out-of-

sample period spans 2000Q1 to 2018Q4, yielding a total of 6 = 76, and the in-sample observations span 

1953Q4 to 1999Q4, yielding a total of ? = 185. This implies òá ≈ 	0.4. The value of òá is approximately 

the same for the other cyclical macroeconomic variables. The only difference is the in-sample observations, 

?, is lower due to the higher !. 

 

5.4.2.4 !""#!  

The final metric of the out-of-sample analysis is the out-of-sample ?+, ?RRS+ , which measures the 

proportional reduction (increase) in the mean squared error of the unrestricted model relative to the mean 

squared error of the restricted model (Møller et al., 2020, Internet Appendix). Following Campbell and 

Thompson (2008) and Cooper and Priestley (2009), it is defined as: 

 ?RRS+ = 1 − ∑ (7! − 7!ô)+H
!&#

∑ (7! − 7!ö)+H
!&#

, (62) 

where 7!ô  is the forecast of excess return estimated on data up to : − 1, and 7!ö  is the historical average excess 

return based on data up to : − 1 (Cooper and Priestley, 2009, p. 2818). The ?RRS+  is measured in units that 

are comparable to the in-sample ?+. The ?RRS+  is positive (negative), when the predictive regression model 

predicts better (worse) than the historical average (Cooper and Priestley, 2009; Møller et al., 2020, Internet 

Appendix). 
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5.5 Orthogonal Regression 

As the last test, we conduct an orthogonal regression analysis of the cyclical macroeconomic variables. By 

doing this, we focus on the interrelation between the variables, which is of special interest due to their high 

correlations. We use the residuals from the orthogonal regressions to test whether cyclical GDP, cyclical 

industrial production, or cyclical investment contain independent and significant information about 

expected stock returns not captured by cyclical consumption, and likewise, whether cyclical consumption 

contains independent and significant information about expected stock returns not captured by our 

variables. The main arguments behind applying this test are twofold; 1) partly to clarify whether the 

predictive properties of the variables are just due to the high correlation between them or whether they 

actually do contain extra information about expected stock returns, and 2) partly to serve as another measure 

of assessing which one of the predictors actually has the best predictive properties. Note, we regress our 

cyclical macroeconomic variables on cyclical consumption and vice versa, but do not regress our variables 

on each other since cyclical consumption is the benchmark. 

The procedure is as follows. Firstly, we consider the orthogonal regressions: 

 %&! = G + Ä%%! + <! , (63) 

 %'! = G + Ä%%! + <! , (64) 

 %(! = G + Ä%%! + <! . (65) 

The above three regressions are in order to assess whether cyclical GDP, cyclical industrial production, and 

cyclical investment, respectively, contain independent and significant information about stock returns not 

captured in cyclical consumption. The next three regressions are in order to assess whether cyclical 

consumption contains independent and significant information about stock returns not captured by cyclical 

GDP, cyclical industrial production, and cyclical investment, respectively: 

 %%! = G + Ä%&! + <! , (66) 

 %%! = G + Ä%'! + <! , (67) 

 %%! = G + Ä%(! + <! . (68) 

Secondly, we consider the predictive regressions as in equation (43) using the residuals from the above six 

regressions as follows: 

 7!,!'D = G + ÄW! + <!,!'D , (69) 

where W! is the residuals from the orthogonal regressions in equation (63) to (68). 
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5.6 Expected Stock Return over the Next Five Years 
Finally, we examine and forecast the expected stock return over the next five years, that is from 2019 to 

2023. We investigate this with the cyclical macroeconomic variables as predictors. The purpose of this 

section is partly to apply the novel cyclical macroeconomic variables to answer a question of high relevance 

to academia and the “real-world”, and partly to provide a forward-looking aspect to the findings of the 

thesis. 

The long-horizon expected return, here the five-year return as it is the longest return horizon we are 

examining, have important implications. To highlight some of the implications; private investors who think 

about how much to put aside for long-term savings (e.g. retirement savings), the asset-allocation decisions 

of long-term investors (e.g. professional asset managers such as pension funds), and societies at large that 

strive to achieve economic outcomes where individuals do not face significantly lower income stream 

during retirement (Rangvid, 2017). 

The methodology is partly inspired by Rangvid (2017). As Rangvid (2017), we are interested in long-

horizon forecasts, and thereby, in-sample regressions are better suited than out-of-sample regressions, 

which are more relevant at shorter horizons. The methodology proceeds as follows. First, we use the 

individual cyclical macroeconomic variables to; 1) calculate historical time series estimates of expected 

excess returns, and 2) calculate a forecast of what average per annum U.S. stock return reasonably to expect 

in excess terms over the next five years. Second, in the effort to provide better and more robust estimates 

of the average per annum expected excess returns on U.S. stocks, we compute an average estimate of the 

four variables. For this, we apply two methods; method 1) the average of cyclical GDP, cyclical industrial 

production, cyclical investment, and cyclical consumption and fit this “average variable” into the predictive 

regression, and hence, obtain expected excess return estimates, and method 2) simply just take the average 

of the individual expected excess return estimates of each of the variables to obtain average expected excess 

return estimates. We base the calculations on the CRSP value-weighted excess stock returns. 
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5.5.1 Individual Expected Return 

We calculate the estimates of expected five-year excess returns for each of the four variables by putting the 

observations of the individual cyclical macroeconomic variable into the estimated predictive regression. 

This estimate is divided by five to obtain the estimate of the average per annum expected excess return for 

a five-year holding period. This follows: 

 7̂!,!'+, =
õGá + ÄÇW! + <!,!'+,ú

5 , (70) 

where G is the estimated constant, Ä is the estimated coefficient, and W! is the value of the cyclical 

macroeconomic variable. Hence, the individual forecasts of average per annum expected excess return over 

the coming five years, i.e. 2019 to 2023, is just the last observation for the cyclical macroeconomic variable, 

which is 2018Q4. 

We compare the estimates of the expected excess returns over the sample period to the five-year ahead 

realised excess stock returns. Hence, the graphs in section 6.5.1 Individual Expected Return contain both 

expected and realised excess returns. The realised average per annum excess returns are easily calculated 

when using log-returns as the 20-quarter excess returns divided by five. This is written as: 

 7!,!'+, =
õ7!,!'# + 7!'#,!'+…+ 7!'#T,!'+,ú

5 . (71) 

 

5.5.2 Average Expected Return 

The idea of using an average of several variables to obtain reliable expected excess return estimates instead 

of just using the estimates of the individual variables is inspired by Rangvid (2017) and Asness and Ilmanen 

(2012). Besides, hopefully delivering more accurate estimates, it is also a test of whether information from 

each macroeconomic aggregate has an overall greater predictive power than separately. Furthermore, an 

average predictor is intuitive and easy to replicate and understand. There is, however, nothing to prevent a 

researcher from choosing different weights for the average than just equal weights. Here we prefer equal 

weighting. Another approach is to calculate the average in combination with other predictors than just the 

cyclical macroeconomic variables, for instance, those presented in Rangvid (2017), and choose weights in 

a more data-dependent way (Rangvid, 2017). However, the purpose is not to construct the best model of all 

available models out there, but to construct the best model of the variables presented in this thesis. 

Furthermore, it is a choice of intuition, simplicity, understandability, and easiness of replication rather than 

dynamic optimisation and technical complications since the aim is to present an intuitive and easy replicable 

predictor (Rangvid, 2017). 
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We apply two methods to obtain average expected excess returns. In method 1, we compute the average of 

the variables, %&, %', %(, and %%, and hence, construct a “new” variable. We fit the average variable into the 

predictive regression to obtain expected excess return estimates. It implies an average estimate of average 

per annum expected excess returns for a five-year holding period that follows: 

 
7̂!,!'+, =

ùGá + ÄÇ(%&! + %'! + %(! + %%!4 ) + <!,!'+,û
5 , (72) 

where W! in equation (70) is basically just substituted with the average variable, i.e. an average of the four 

variables, 4I!'4E!'4$!'44!
.

. Since no in-sample predictive regression analysis is conducted on this new 

average variable, we shortly comment on its in-sample predictive power in section 6.5.2 Average Expected 

Returns in the same manner as for the cyclical macroeconomic variables, before computing average 

expected returns. 

In method 2, we simply compute the average of the individual expected excess return estimates of %&, %', 

%(, and %%, described in section 5.5.1 Individual Expected Return. This implies an average estimate of 

average per annum expected excess returns for a five-year holding period that follows: 

 7̂!,!'+, =
7̂4I!	 + 7̂4E! + 7̂4$! + 7̂44!

4 , (73) 

where 7̂4I!, 7̂4E!, 7̂4$!, and 7̂44 	are the estimated average expected excess returns over five years of cyclical 

GDP, cyclical industrial production, cyclical investment, and cyclical consumption, respectively. 

For both methods, as described for the individual estimates of expected returns, the average expected excess 

return over the coming five years, i.e. 2019-2023, is just the last observation for the average cyclical 

macroeconomic variables, and we compare the average expected excess returns to the realised excess 

returns. 
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6 Results 
This section presents and interprets the main findings of the thesis. Firstly, we report the predictive 

regression results. Secondly, we present the results of the in-sample issues and robustness checks. Thirdly, 

to further validate the in-sample results, we introduce the out-of-sample results. Next, we report the results 

from the orthogonal regressions. Lastly, we provide expected excess return forecasts over the next five 

years based on the cyclical macroeconomic variables. 

6.1 Predictive Regression 

The predictive regression results are split in two. The first part starts presenting results based on ! = 24. 

This methodology allows us to compare the performance of the cyclical macroeconomic variables using 

the exact same parameters. However, as already argued in section 5.2.2 Specifications of Parameter !, the 

purpose of the thesis is to construct the best possible predictors. Therefore, we, in the second part, present 

our main results using optimised ! for cyclical GDP, cyclical industrial production, cyclical investment, 

and cyclical consumption. 

6.1.1 Results using ! = #$	
6.1.1.1 Descriptive Results 

Table 1 

Summary Statistics ü = †° 

The table provides summary statistics for cyclical GDP, cyclical industrial production, cyclical investment, and 

cyclical consumption as well as for the yearly (ℎ = 4) excess, real, and nominal returns both for the S&P 500 index 

and the CRSP value-weighted index. The summary statistics include the time series average (mean), standard deviation 

(std), first-order autocorrelation (-(1)), and the t-statistic for the Augmented Dickey-Fuller (ADF) test for a unit root 

where the critical values are -2.57 for 10%, -2.87 for 5%, and -3.44 for 1% indicated by *, **, and ***, respectively. 

The data sample spans the period from 1947Q1 to 2018Q4. 

 

mean (%) std (%) ρ (1) ADF
cy 0.00 4.78 0.96 -3.24**
cp 0.00 8.51 0.95 -3.33**
ci 0.00 15.17 0.93 -3.79***
cc 0.00 3.62 0.97 -2.78*

Excess S&P 500 5.82 16.50 0.10 -5.52***
Excess CRSP 5.79 16.95 0.08 -5.70***
Real S&P 500 6.63 16.82 0.10 -5.37***

Real CRSP 6.60 17.19 0.08 -5.56***
S&P 500 10.11 16.14 0.09 -5.47***

CRSP 10.08 16.59 0.06 -5.65***

Summary Statistics
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Table 1 provides summary statistics of cyclical GDP, cyclical industrial production, cyclical investment, 

and cyclical consumption as well as stock returns. Figure 5 shows time series plots of cyclical GDP, cyclical 

industrial production, cyclical investment, and cyclical consumption. In Appendix 2 and 3, we show the 

individual time series plots of the cyclical macroeconomic variables and stock returns, respectively. 

 

Cyclical Macroeconomic Variables 

Table 1 shows that cyclical GDP, cyclical industrial production, and cyclical investment all have an 

unconditional mean of zero by construction (by virtue of the inclusion of a constant term in the regressions) 

like cyclical consumption (Hamilton, 2018). The standard deviations of cyclical GDP, cyclical industrial 

production, and cyclical investment are 4.78%, 8.51%, 15.17%, respectively – hence cyclical investment is 

the most volatile of the variables, followed by cyclical industrial production, and cyclical GDP. In general, 

the variables are more volatile than cyclical consumption which has a standard deviation of 3.62%. This is 

in line with the initial presented fact that consumption is about the smoothest and least cyclical of 

macroeconomic time series, as argued in section 1.2 Empirical and Theoretical Motivation. 

The first-order autocorrelations are 0.96 for cyclical GDP, 0.95 for cyclical industrial production, and 0.93 

for cyclical investment, while cyclical consumption has a first-order autocorrelation of 0.97. The first-order 

autocorrelations correspond to a half-life, which is referred to as the speed of mean reversion, ranging 

between slightly over two years for cyclical investment and slightly more than five years for cyclical 

consumption. Generally, due to the high autocorrelations, this implies persistent expected returns in the 

return forecasting regressions as emphasised by Campbell and Cochrane (1999), Pastor and Stambaugh 

(2009), and Møller et al. (2020). However, our variables are less persistent than cyclical consumption. 

Figure 5 shows that cyclical GDP, cyclical industrial production, and cyclical investment all exhibit 

significant business cycle fluctuations in the postwar period in that they typically rise after recessions and 

reaches its highest value some time before the onset of recessions, and then falls throughout economic 

contractions, as the case for cyclical consumption (Møller et al., 2020). This pattern is especially clear in 

the postwar period before the dot-com bubble in the late 1990s, however, there is less evidence in the period 

between the dot-com bubble and the financial crisis of 2007-2008. Again, during the financial crisis and 

leading up to today, we see evidence showing a decline during the crisis and rise afterwards. 

As the standard deviations in the summary statistics indicate, Figure 5 emphasises that the fluctuations in 

our variables are larger than for cyclical consumption. For example, cyclical investment (green) shows the 

largest fluctuations, which is in line with its standard deviation. We argue that these fluctuations in cyclical 
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GDP, cyclical industrial production, and cyclical investment may capture fluctuations in stock returns as 

good or better than cyclical consumption. If so, cyclical GDP, cyclical industrial production, and cyclical 

investment should contain significant predictive properties about expected stock returns. We test this 

hypothesis in the rest of section 6 Results. 

Furthermore, Figure 5 shows signs of stationarity in the variables. The variables oscillate fairly stable in 

terms of mean, variance, and covariance over time. However, the evidence is not clear. Formally, the ADF 

test statistics in Table 1 indicates stationarity. The null hypotheses of nonstationary series are rejected at 

least at a 10% significance level for all four variables. The stationarity underlines the quality of the cyclical 

macroeconomic variables. 

 

Figure 5. Cyclical Macroeconomic Variables ü = †°. The figure plots the cyclical macroeconomic variables 

along with shaded bars representing NBER recession dates over the period from 1953Q4 to 2018Q4. All the variables 

are specified for 0 = 24. 
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Returns 

Table 1 also includes summary statistics on excess, real, and nominal returns on the S&P 500 index and the 

CRSP value-weighted index. The average annual return from stocks is approximately 10%, while in real 

terms closer to 6.5% and in excess returns around 6%, in accordance with the general expectation of return 

on stocks. All three returns have a standard deviation of approximately 17%. The summary statistics explain 

numerically what the stock return plot in Appendix 3 illustrates graphically, namely that the returns are 

more volatile than the variables presented in Figure 5. This picture is consistent across excess, real, and 

nominal stock returns on S&P 500 and CRSP. Furthermore, the first-order autocorrelations are in the range 

of 0.06 to 0.10, in line with the empirical expectation, and both the plots and the ADF test statistics tell us 

that the returns are clearly stationary – all at a 1% significance level. 

At last, Appendix 4 shows the correlation coefficients between the variables, the returns, and the variables 

and the returns. The correlation between cyclical GDP and cyclical consumption is 0.83, while it is 0.69 

between cyclical industrial production and cyclical consumption, and 0.62 between cyclical investment and 

cyclical consumption. The correlation coefficients between cyclical consumption and our variables are all 

rather high, in line with the expectations based on section 1.2 Empirical and Theoretical Motivation. 

Cyclical GDP is the most correlated with cyclical consumption of our variables, whereas cyclical 

investment is the least correlated with cyclical consumption of our variables. This corresponds to the 

volatility of the variables – cyclical investment as the most volatile, and cyclical GDP as the least volatile 

(after cyclical consumption). Similarly, the correlations between our variables are in the range of 0.77 to 

0.88. The correlations between the returns are very high, in the area of 0.97 to 0.99, as a consequence of 

the low volatility of the inflation rate and short interest rate (not shown). Finally, the correlations between 

the variables and the annual returns are in the area of -0.20 to -0.40, suggesting an inverse relationship 

between the variables and stock returns. 

 

6.1.1.2 Predictive Results 

Table 2 reports the coefficients, the corresponding t-statistics, and the ?Å+s for cyclical GDP, cyclical 

industrial production, cyclical investment, and cyclical consumption. We show results on CRSP excess 

returns since these are the main focus, as described in section 5.1.2 Continuously Compounded Stock 

Returns. The results on S&P 500 and real and nominal returns are shown in Appendix 5. 
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Table 2 

Predictive Regressions ü = †° 

The table presents the results from the predictive regression analysis of the form %!,!#$ = 2 + 4)! + 5!,!#$, where 

%!,!#$ is the ℎ-quarter-ahead continuously compounded excess return on the CRSP value-weighted index, and )! is 

cyclical GDP, cyclical industrial production, cyclical investment, or cyclical consumption. The table shows the results 

for cyclical GDP (Panel A), cyclical industrial production (Panel B), cyclical investment (Panel C), and cyclical 

consumption (Panel D). For each regression, the table reports the coefficient, the Newey-West corrected t-statistic 

truncated at ℎ lags in parentheses, and the 67% in percent in square brackets. The significance of the coefficient is 

indicated by *, **, and *** representing the 10%, 5%, and 1% level, respectively. The data sample spans the period 

from 1947Q1 to 2018Q4. 

 

 

 

 

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

CRSP -0.27*** -0.96*** -1.57*** -2.13*** -2.74*** -3.23***

t-stat (-2.58) (-3.09) (-3.25) (-3.93) (-4.50) (-4.67)

[2.02] [7.14] [11.34] [17.11] [24.29] [25.80]

CRSP -0.18*** -0.60*** -0.90*** -1.20*** -1.59*** -1.96***

t-stat (-2.73) (-2.98) (-2.84) (-3.95) (-5.88) (-6.32)

[2.90] [8.75] [11.66] [17.25] [25.81] [30.91]

CRSP -0.09** -0.28*** -0.45** -0.70*** -0.99*** -1.20***

t-stat (-2.54) (-2.71) (-2.55) (-4.23) (-8.16) (-8.78)

[2.21] [5.90] [9.00] [17.58] [29.57] [34.09]

CRSP -0.44*** -1.62*** -2.70*** -3.31*** -4.21*** -5.07***

t-stat (-3.16) (-3.60) (-4.01) (-4.58) (-4.69) (-4.44)

[3.35] [11.72] [19.37] [23.59] [32.85] [35.98]

Panel A: Cyclical GDP

Panel B: Cyclical Industrial Production

Panel C: Cyclical Investment

Panel D: Cyclical Consumption

!"#

!"#

!"#

!"#

$

$

$

$
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The estimated coefficients on cyclical GDP, cyclical industrial production, cyclical investment, and cyclical 

consumption are all negative and have an economically sizeable predictive effect on future excess stock 

market returns. The negative coefficients suggest an inverse relationship between the variables and 

expected stock returns. In particular, the coefficients in the quarterly regressions where there are no 

overlapping observations: For cyclical GDP, the estimate of Ä in the quarterly regression is -1.08% in 

annual terms. This implies that a one-standard-deviation decrease in cyclical GDP leads to an increase in 

the expected excess return of about 5 percentage points at an annual rate. For cyclical industrial production, 

the estimate of Ä in the quarterly regression is -0.71% in annual terms, which implies that a one-standard-

deviation decrease in cyclical industrial production corresponds to an increase in the expected excess return 

of about 6 percentage points at an annual rate. At last, for cyclical investment, the estimate of Ä in the 

quarterly regression is -0.34% in annual terms, which means that a one-standard-deviation decrease in 

cyclical investment leads to an increase in the expected excess return of about 5 percentage points at an 

annual rate. These results are all in line with the results from cyclical consumption (about 6 percentage 

points at an annual rate) presented in Panel D of Table 2 and in Møller et al. (2020). 

Adding to this, the coefficients for cyclical GDP, cyclical industrial production, cyclical investment, and 

cyclical consumption are strongly statistically significant observing the t-statistics indicated by the stars in 

Table 2. The t-statistics rise with the horizon reaching its highest level at the five-year horizon. The 

coefficients of the variables are significant on at least a 5% significance level for all return horizons ranging 

from one-quarter to five years. At the one-quarter horizon, cyclical consumption is the most significant 

variable, whereas at the five-year horizon, cyclical investment is the most significant variable. 

The ?Å+s are respectively 2.02% for cyclical GDP, 2.90% for cyclical industrial production, and 2.21% for 

cyclical investment compared to 3.35% for cyclical consumption in the quarterly regressions. In short, 

cyclical consumption captures fluctuations in one-quarter excess stock returns better than our variables 

when ! = 24. Nevertheless, cyclical GDP, cyclical industrial production, and cyclical investment do 

explain a significant fraction of the variation in stock returns at the one-quarter horizon. Columns ℎ = 4 to 

ℎ = 20 in Table 2 show that the predictability extends to longer horizons of one to five years. The extent 

of predictability increases with the horizon in terms of the size of ?Å+ (and the estimated coefficient), but at 

a decreasing rate. For instance, at the four-quarter horizon for cyclical GDP, the estimated coefficient and 

?Å+ are almost four times as large as those reported on the one-quarter horizon. In contrast, the increase from 

the 16- to the 20-quarter horizon is around 20% in terms of the estimated coefficient and just above 5% in 

terms of the ?Å+. This pattern is similar to the other variables and Møller et al. (2020). At the longest return 

horizon, i.e. 20-quarter horizon, cyclical consumption also captures variations in excess stock returns better 

than our variables when ! = 24, even though the relative difference is smaller than the one-quarter horizon. 
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Cyclical consumption has a ?Å+ of 35.98%, while cyclical investment, which is the closest, has a ?Å+ of 

34.09%. Cyclical industrial production has a ?Å+ of 30.91% and cyclical GDP, the weakest performing of 

the four presented, a ?Å+ of 25.80%. In general, all the cyclical macroeconomic variables are strong 

predictors of excess stock returns – especially considering long-horizon returns. 

Considering the S&P 500 returns in Appendix 5, they reveal a similar predictability pattern as for the CRSP 

returns. Appendix 5 also shows that the predictive power of cyclical GDP, cyclical industrial production, 

and cyclical investment applies to both real returns (Panel B) and nominal returns (Panel C), even though 

the evidence of predictability for nominal returns is not quite as pronounced. 

The above documents an inverse relationship between the cyclical macroeconomic variables and future 

expected stock returns; expected returns are low when the variables are high in good economic times, and 

expected returns are high when the variables are low in bad economic times. These results are consistent 

with investors responding rationally to countercyclical variation in the price of GDP, industrial production, 

investment, and consumption risk over time; a decline in GDP, industrial production, investment, or 

consumption relative to its prior history indicates bad economic times and future returns are expected to be 

high (Møller et al. 2020). 

In sum, cyclical GDP, cyclical industrial production, and cyclical investment all significantly capture 

fluctuations in stock returns at various horizons over the postwar period when ! = 24. However, cyclical 

consumption predicts stock returns better than our variables when ! = 24. This result may not surprise as 

! = 24 is the optimal choice of ! when considering cyclical consumption (Appendix 6.4; Møller et al., 

2020). 
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6.1.2 Main Results using Optimised ! 

Now, we have shown that cyclical GDP, cyclical industrial production, and cyclical investment all have 

predictive power when ! = 24, despite not as high predictive power as cyclical consumption. But what 

happens when we optimise on !? How does that affect the predictive properties between the cyclical 

macroeconomic variables? 

Appendix 6 shows the predictive regressions with the alternative specifications of parameter ! for all the 

cyclical macroeconomic variables. 

Firstly, Appendix 6 shows that the predictive power of cyclical GDP, cyclical industrial production, cyclical 

investment, and cyclical consumption is significant across ! ranging from 1 to 11 years (! = 4, 8, …, 44). 

However, the predictive power is less significant at shorter ! horizons for our variables. This finding is 

reassuring as it emphasises that the alteration of parameter ! does not affect the fact that the variables have 

a significant predictive power of stock returns, but in a sense “only” affects the extent of the predictive 

ability of the variables. Secondly, Appendix 6 shows that the predictive power of cyclical GDP is optimised 

when the parameter ! = 40, cyclical industrial production is optimised when ! = 40, and cyclical 

investment is optimised when ! = 32. In the case of cyclical GDP and cyclical industrial production, ! =
40 provides the highest ?Å+ at three out of six return holding periods from one quarter to five years. The 

results in Appendix 6 indicate that the predictive power of cyclical GDP and cyclical industrial production 

is increasing in ! up to cycle lengths of around six years, almost stagnating for values of ! between six and 

ten years, and then slightly decreasing thereafter. In the case of cyclical investment, the explanatory power 

over the different horizons is sensitive to the choice of !. This implies that its predictive power also 

increases in ! up to cycle lengths of around six years, but thereafter no clear indication of optimal ! appears. 

Hence, the ! that performs best, when ℎ = 20 (the five-year period, we use to forecast expected returns 

over the next five years), is chosen. It results in ! = 32 for cyclical investment. This specification of ! for 

cyclical investment is also optimal testing on real and nominal returns. In relation to cyclical consumption, 

we find the same pattern as Møller et al. (2020) implying ! = 24. 

Taken together, the findings on the optimisation of ! generally indicate that returns adjust to changing 

economic conditions at frequencies of around six to ten years, giving a macroeconomic foundation for the 

existence of risk determinants in asset prices that are due to low-frequency dynamics (Møller et al., 2020). 

Specifically, ! = 40 for cyclical GDP and cyclical industrial production, ! = 32 for cyclical investment, 

and ! = 24 for cyclical consumption. The models with optimised ! are the default for the rest of thesis. 

Next, we present the descriptive and predictive results of cyclical GDP, cyclical industrial production, 

cyclical investment, and cyclical consumption when ! is optimised. 
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6.1.2.1 Descriptive Results 

We present the updated summary statistics in Table 3 and the updated plots using optimised ! in Figure 6. 

In Appendix 7, we show the individual time series plots of the cyclical macroeconomic variables. 

 

Table 3 

Summary Statistics Optimised ü 

The table provides summary statistics for cyclical GDP, cyclical industrial production, cyclical investment, and 

cyclical consumption. The summary statistics include the time series average (mean), standard deviation (std), first-

order autocorrelation (-(1)), and the t-statistic for the Augmented Dickey-Fuller (ADF) test for a unit root where the 

critical values are -2.57 for 10%, -2.87 for 5%, and -3.44 for 1% indicated by *, **, and ***, respectively. The data 

sample spans the period from 1947Q1 to 2018Q4. 

 

 

The change in the specification of ! does not alter the descriptive results drastically, they are generally the 

same. However, to remain transparent about the implications of changing !, we include this section and 

mainly focus on the changes in order not to repeat the already highlighted descriptive results in section 

6.1.1.1 Descriptive Results. 

Firstly, the volatility of the variables is affected by the change of !. The standard deviation of the variables 

increases slightly in the area around one percentage point. The standard deviation of cyclical GDP is now 

5.27% (4.78%)8, cyclical industrial production is 9.78% (8.51%), and cyclical investment is 16.04% 

(15.17%). In other words, the variables are now even more volatile than cyclical consumption, which has a 

standard deviation of 3.62%. Hence, the change in ! introduces more volatility in the variables, as expected. 

Figure 6 underlines this as the fluctuations are larger compared to the ones in Figure 5. 

 

 
8 The numbers in parentheses are the numbers from 0 = 24. 

mean (%) std (%) ρ (1) ADF
cy 0.00 5.27 0.97 -2.72*
cp 0.00 9.78 0.96 -2.74*
ci 0.00 16.04 0.93 -3.31**
cc 0.00 3.62 0.97 -2.78*

Summary Statistics



73 of 155 

The picture is the same concerning the first-order autocorrelations. The change in ! implies a minor increase 

in the first-order autocorrelations. The first-order autocorrelation of cyclical GDP is now 0.969 (0.964), 

cyclical industrial production is 0.961 (0.953), and cyclical investment is 0.934 (0.927). This means that 

the expected returns in the return forecasting regressions are still persistent, but less than cyclical 

consumption (0.967), except for cyclical GDP. The implications of the persistence of the regressors are 

dealt with in more detail in section 6.2.1 Long-Horizon Regression Issues. 

The main implication in the summary statistics from the change in the specification of ! is concerning the 

stationarity of the variables. The variables become less stationary indicated by the ADF test statistics. The 

ADF test statistic of cyclical GDP is -2.72 (-3.24), cyclical industrial production is -2.74 (-3.33), and 

cyclical investment is -3.31 (-3.79). The ADF test statistics are now lower compared to ! = 24. Hence, in 

this case, the optimisation of ! with respect to ?Å+ contains a trade-off between explanatory power and the 

condition of stationarity. The change in ! to improve ?Å+ implies that the variables become less stationary. 

However, it is important to note that the variables are still stationary at conventional significance levels. 

The null hypotheses of nonstationary series are in fact still all rejected at least at a 10% significance level. 

Ultimately, this means that the explanatory power of the variables increases significantly (see these results 

next), without any damaging cost of stationarity by optimising !. 

At last, the implications on the correlation coefficients, shown in Appendix 8. The correlations between 

cyclical GDP and cyclical consumption decreases to 0.71 (0.83), which is the same for cyclical industrial 

production and cyclical consumption, 0.62 (0.69), while the correlation between cyclical investment and 

cyclical consumption is almost unchanged, 0.63 (0.62). However, the main message is still that the 

correlations between the variables are all rather high in line with the expectations based on section 1.2 

Empirical and Theoretical Motivation. The correlations between the variables and annual returns are not 

changed noteworthy. In addition to this, the summary statistics of the returns are not commented on at all 

since the specification of ! is an alteration in the construction of the cyclical macroeconomic variables, and 

hence, does not affect the returns. 

Summing up, the descriptive results are very much in line with the ones presented for ! = 24. Minor 

changes in standard deviations, first-order autocorrelations, and correlations are highlighted as well as the 

fact that the optimisation of ! still implies that the variables are stationary. Now, we investigate the 

implications on the predictive power of the variables. 
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Figure 6. Cyclical Macroeconomic Variables Optimised ü. The figure plots the cyclical macroeconomic 

variables along with shaded bars representing NBER recession dates over the period from 1953Q4 to 2018Q4. All the 

cyclical macroeconomic variables are specified with an optimised 0. 

 

6.1.2.2 Predictive Results 

The predictive results when ! is optimised are the main results of the thesis. These results serve as the 

foundation of the rest of the results section. 

To structure the presentation of the results, we examine each variable at a time. Table 4, 5, and 6 report the 

coefficients, the corresponding t-statistics, and the ?Å+s from the predictive regressions for cyclical GDP, 

cyclical industrial production, and cyclical investment on S&P 500 and CRSP. The tables are divided into 

three panels; Panel A: excess returns, Panel B: real returns, and Panel C: nominal returns. The CRSP excess 

returns are still the main focus of the thesis, but we include S&P 500 and real and nominal returns to conduct 

a more in-depth and detailed analysis across indices and return definitions enhancing the main results. In 

Appendix 5.4, we show the corresponding results for cyclical consumption, however, the excess return 

results are already shown in Table 2. 
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Cyclical GDP 

Table 4 

Predictive Regressions Cyclical GDP 

The table presents the results from the predictive regression analysis of the form %!,!#$ = 2 + 489! + 5!,!#$, where 

%!,!#$ is the ℎ-quarter-ahead continuously compounded stock return on the S&P 500 index and the CRSP value-

weighed index, and 89! is cyclical GDP. The table shows the results for excess returns (Panel A), real returns (Panel 

B), and nominal returns (Panel C). For each regression, the table reports the coefficient, the Newey-West corrected t-

statistic truncated at ℎ lags in parentheses, and the 67% in percent in square brackets. The significance of the coefficients 

is indicated by *, **, and *** representing the 10%, 5%, and 1% level, respectively. The data sample spans the period 

from 1947Q1 to 2018Q4. 

 

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.25*** -0.97*** -1.69*** -2.38*** -2.82*** -3.20***

t-stat (-2.84) (-2.95) (-3.23) (-3.85) (-4.05) (-3.75)

[2.34] [9.39] [15.65] [22.02] [24.43] [24.18]

CRSP -0.25*** -0.95*** -1.65*** -2.29*** -2.70*** -3.04***

t-stat (-2.59) (-2.71) (-2.96) (-3.64) (-4.00) (-3.73)

[1.96] [8.47] [14.68] [21.49] [24.86] [24.59]

S&P 500 -0.25*** -0.99*** -1.78*** -2.57*** -3.16*** -3.73***

t-stat (-2.78) (-2.96) (-3.38) (-4.08) (-4.37) (-4.23)

[2.30] [9.42] [16.05] [22.94] [26.14] [27.33]

CRSP -0.25** -0.97*** -1.74*** -2.48*** -3.03*** -3.57***

t-stat (-2.55) (-2.74) (-3.12) (-3.88) (-4.35) (-4.23)

[1.94] [8.60] [15.36] [22.94] [27.26] [28.55]

S&P 500 -0.23*** -0.90*** -1.60*** -2.33*** -2.88*** -3.43***

t-stat (-2.63) (-2.81) (-3.17) (-3.72) (-3.89) (-3.86)

[1.93] [8.28] [14.43] [21.50] [25.43] [27.38]

CRSP -0.23** -0.88*** -1.56*** -2.25*** -2.76*** -3.27***

t-stat (-2.39) (-2.58) (-2.93) (-3.57) (-3.95) (-4.06)

[1.60] [7.45] [13.53] [20.96] [25.77] [27.76]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns
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Panel A of Table 4 for CRSP shows the coefficients -0.25, -0.95, -1.65, -2.29, -2.70, and -3.04 at ℎ =
1, 4, 8, 12, 16, 20. The coefficients are negative, suggesting an inverse relationship between cyclical GDP 

and expected returns, and have an economically sizeable predictive effect on future excess stock market 

returns. In particular, the estimate of Ä at ℎ = 1 is -1.00% in annual terms, where there are no overlapping 

observations. This implies that a one-standard-deviation decrease in cyclical GDP leads to an increase in 

the expected return of about 5 percentage points at an annual rate. The test statistics are increasing over the 

horizons ranging from -2.59 at the lowest to -4.00 at the highest in absolute terms. In other words, the 

coefficients are highly significant – all at a 1% significance level. Panel A of Table 4 for CRSP also shows 

the related ?Å+s 1.96%, 8.47%, 14.68%, 21.49%, 24.86%, and 24.59% at ℎ = 1, 4, 8, 12, 16, 20. The ?Å+s 

increase over the horizons reaching almost 25% at a four- to five-year return horizon. In general, the 

optimised ! = 40 for cyclical GDP does not improve the ?Å+s values considerably. It implies a slight 

increase in ?Å+ at four out of six return horizons. Cyclical GDP tracks expected stock returns relative to the 

other variables better on short-return horizons than on long-return horizons. At short horizons, i.e. one-

quarter and one-year, only cyclical consumption and partly cyclical industrial production perform better. 

At long horizons, i.e. four- to five-year returns, cyclical GDP captures around 25% of the variation in excess 

stock returns, which is quite high in comparison to traditional well-known predictor variables but turns out 

to be the weakest performing of the four variables in focus here. 

Panel B of Table 4 containing real return results and Panel C of Table 4 containing nominal return results 

provide evidence that cyclical GDP captures fluctuations in excess, real and nominal returns equally well. 

This contrasts with Rangvid (2006) that finds the price-output ratio (including GDP) does not capture excess 

returns as well as nominal returns. Panel B and C also underline the negative coefficients and significant 

statistically and economically predictive effect on future real and nominal stock returns of cyclical GDP. 

In sum, cyclical GDP significantly predicts stock returns at various horizons ranging from one quarter to 

five years over the postwar period. Cyclical GDP tracks expected stock returns relative to the other variables 

better on short-return horizons than on long-return horizons. Next after cyclical consumption and cyclical 

industrial production, cyclical GDP performs best on short horizons, while cyclical GDP is the weakest 

performing of the variables on long horizons. In short, cyclical GDP presents new evidence of 

countercyclical and time-varying risk premia that link stock return predictability directly to fluctuations in 

GDP. 
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Cyclical Industrial Production 

Table 5 

Predictive Regressions Cyclical Industrial Production 

The table presents the results from the predictive regression analysis of the form %!,!#$ = 2 + 48:! + 5!,!#$, where 

%!,!#$ is the ℎ-quarter-ahead continuously compounded stock return on the S&P 500 index and the CRSP value-

weighted index, and 8:! is cyclical industrial production. The table shows the results for excess returns (Panel A), real 

returns (Panel B), and nominal returns (Panel C). For each regression, the table reports the coefficient, the Newey- 

West corrected t-statistic truncated at ℎ lags in parentheses, and the 67% in percent in square brackets. The significance 

of the coefficients is indicated by *, **, and *** representing the 10%, 5%, and 1% level, respectively. The data 

sample spans the period from 1947Q1 to 2018Q4. 

 

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.15*** -0.54*** -0.92*** -1.34*** -1.69*** -2.05***

t-stat (-2.75) (-2.95) (-2.97) (-4.03) (-5.34) (-6.17)

[2.82] [10.32] [16.27] [24.96] [32.11] [37.48]

CRSP -0.15** -0.54*** -0.89*** -1.27*** -1.57*** -1.88***

t-stat (-2.55) (-2.75) (-2.76) (-3.69) (-4.69) (-5.09)

[2.45] [9.47] [15.23] [23.62] [31.00] [35.68]

S&P 500 -0.15*** -0.56*** -0.97*** -1.45*** -1.86*** -2.31***

t-stat (-2.79) (-3.01) (-3.13) (-4.32) (-6.06) (-7.36)

[2.96] [10.68] [17.02] [26.12] [33.47] [39.45]

CRSP -0.15*** -0.56*** -0.95*** -1.38*** -1.75*** -2.14***

t-stat (-2.60) (-2.82) (-2.94) (-4.03) (-5.48) (-6.13)

[2.59] [9.92] [16.25] [25.38] [33.26] [38.75]

S&P 500 -0.14*** -0.51*** -0.88*** -1.32*** -1.71*** -2.11***

t-stat (-2.63) (-2.91) (-2.93) (-3.94) (-5.29) (-6.45)

[2.48] [9.45] [15.38] [24.63] [32.71] [39.09]

CRSP -0.14** -0.51*** -0.86*** -1.25*** -1.59*** -1.95***

t-stat (-2.44) (-2.72) (-2.78) (-3.77) (-5.14) (-6.15)

[2.14] [8.68] [14.40] [23.27] [31.44] [37.01]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns
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Panel A of Table 5 for CRSP shows the coefficients -0.15, -0.54, -0.89, -1.27, -1.57, and -1.88 at ℎ =
1, 4, 8, 12, 16, 20. Also here, the coefficients are negative, suggesting an inverse relationship between 

cyclical industrial production and expected returns, and have an economically sizeable predictive effect on 

future excess stock market returns. The estimate of Ä at ℎ = 1 is -0.60% in annual terms, which implies 

that a one-standard-deviation decrease in cyclical industrial production corresponds to an increase in the 

expected return of about 6 percentage points at an annual rate. The test statistics are ranging from -2.55 at 

the lowest to -5.09 at the highest in absolute terms. The ℎ = 1 coefficient is “only” significant at a 5% 

significance level, while all the other coefficients are significant at a 1% significance level. Panel A of 

Table 5 for CRSP also shows the related ?Å+s 2.45%, 9.47%, 15.23%, 23.62%, 31.00%, and 35.68% at ℎ =
1, 4, 8, 12, 16, 20. The ?Å+s increase over the horizons exceeding 35% at a five-year return horizon. The ?Å+s 

are improved compared to the ! = 24 results – especially at the longer horizons. Cyclical industrial 

production tracks expected stock returns well both on short horizons and long horizons. At the shorter 

horizons, i.e. one-quarter and one-year, only cyclical consumption performs better. At the longest horizon, 

i.e. five-year returns, cyclical industrial production captures more than 35% of the variation in excess stock 

returns, only cyclical investment performs better. 

Panel B of Table 5 containing real return results and Panel C of Table 5 containing nominal return results 

confirm this picture. In fact, ?Å+s are even higher at a five-year return horizon for real and nominal returns 

reaching almost 40%. Panel B and C also underline the negative coefficients and significant statistically 

and economically predictive effect on future real and nominal returns of cyclical industrial production. 

To summarise, cyclical industrial production significantly predicts stock returns at various horizons ranging 

from one quarter to five years over the postwar period. Cyclical industrial production captures fluctuations 

in stock returns well both on short and long horizons. Next after cyclical consumption, cyclical industrial 

production is the best on short horizons, and next after cyclical investment, cyclical industrial production 

is the best on long horizons. Thus, cyclical industrial production also presents new evidence of 

countercyclical and time-varying risk premia that link stock return predictability directly to fluctuations in 

industrial production. 
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Cyclical Investment 

Table 6 

Predictive Regressions Cyclical Investment 

The table presents the results from the predictive regression analysis of the form %!,!#$ = 2 + 48;! + 5!,!#$, where 

%!,!#$ is the ℎ-quarter-ahead continuously compounded stock return on the S&P 500 index and the CRSP value-

weighted index, and 8;! is cyclical investment. The table shows the results for excess returns (Panel A), real returns 

(Panel B), and nominal returns (Panel C). For each regression, the table reports the coefficient, the Newey-West 

corrected t-statistic truncated at ℎ lags in parentheses, and the 67% in percent in square brackets. The significance of 

the coefficients is indicated by *, **, and *** representing the 10%, 5%, and 1% level, respectively. The data sample 

spans the period from 1947Q1 to 2018Q4. 

 

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.07** -0.24** -0.47*** -0.75*** -1.03*** -1.26***

t-stat (-2.06) (-2.49) (-2.77) (-4.11) (-6.37) (-6.51)

[1.46] [5.10] [11.14] [21.77] [33.19] [38.74]

CRSP -0.07* -0.24** -0.45*** -0.71*** -0.97*** -1.16***

t-stat (-1.95) (-2.34) (-2.60) (-3.98) (-6.02) (-5.88)

[1.35] [4.75] [10.17] [20.43] [32.27] [37.02]

S&P 500 -0.06* -0.22** -0.44** -0.72*** -1.01*** -1.26***

t-stat (-1.93) (-2.32) (-2.54) (-3.83) (-6.27) (-6.52)

[1.18] [4.26] [9.05] [17.79] [27.17] [32.20]

CRSP -0.06* -0.22** -0.42** -0.68*** -0.95*** -1.16***

t-stat (-1.83) (-2.18) (-2.40) (-3.76) (-6.20) (-6.12)

[1.10] [4.01] [8.35] [16.92] [26.77] [31.18]

S&P 500 -0.06* -0.19* -0.37** -0.63*** -0.90*** -1.14***

t-stat (-1.74) (-1.93) (-1.98) (-2.93) (-4.57) (-5.45)

[0.93] [3.23] [7.11] [15.42] [25.33] [31.18]

CRSP -0.06* -0.19* -0.35* -0.59*** -0.84*** -1.04***

t-stat (-1.66) (-1.82) (-1.86) (-2.84) (-4.53) (-5.40)

[0.86] [3.01] [6.36] [14.16] [24.07] [29.06]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns

!

"#$

!

"#$

!

"#$

!

"#$

!

"#$

!

"#$



80 of 155 

 

Panel A of Table 6 for CRSP shows the coefficients -0.07, -0.24, -0.45, -0.71, -0.97, and -1.16 at ℎ =
1, 4, 8, 12, 16, 20. As well as for the other variables, the coefficients are negative, again suggesting an 

inverse relationship between cyclical investment and expected returns, and have an economically sizeable 

predictive effect on future excess stock market returns. The estimate of Ä at ℎ = 1 is -0.28 in annual terms, 

which implies that a one-standard-deviation decrease in cyclical investment leads to an increase in the 

expected return of about 5%. The test statistics are ranging from -1.95 at the lowest to -6.02 at the highest 

in absolute terms. This implies that the ℎ = 1 estimate is “only” significant at a 10% significance level, and 

the ℎ = 4 estimate is “only” significant at a 5% significance level. The rest are highly significant at a 1% 

significance level. In short, cyclical investment has the least significant coefficients of the variables on the 

short horizons, but not to an extent it becomes troublesome. Panel A of Table 6 for CRSP also shows the 

related ?Å+s 1.35%, 4.75%, 10.17%, 20.43%, 32.27%, and 37.02% at ℎ = 1, 4, 8, 12, 16, 20. The ?Å+s 

increase over the horizons exceeding 37% at a five-year return horizon. The ?Å+s are improved compared 

to the ! = 24 results – especially at the longer horizons. Cyclical investment tracks expected stock returns 

relatively bad on short horizons while relatively good on long horizons. At the shorter horizons, i.e. one-

quarter and one-year, cyclical investment is the weakest performing of the four variables presented. On the 

other hand, at the longest horizon, i.e. five-year returns, cyclical investment captures more than 37% of the 

variation in excess stock returns, which is the best performance of all four variables. 

Panel B of Table 6 containing real return results and Panel C of Table 6 containing nominal return results 

show that the ?Å+s in general are slightly lower than on excess returns, e.g. reaching around 30-35% at a 

five-year return horizon. Panel B and C also underline the negative coefficients and, despite delivering the 

least significant results of the four variables also on real and nominal returns, significant statistically and 

economically predictive effect on future real and nominal returns of cyclical investment. 

Summarising, cyclical investment significantly predicts stock returns at various horizons ranging from one 

quarter to five years over the postwar period. Cyclical investment captures fluctuations in stock returns 

really well at longer horizons while worse at shorter horizons. Cyclical investment is the weakest on short 

horizons and best on long horizons. As for the other variables, cyclical investment presents new evidence 

of countercyclical and time-varying risk premia that link stock return predictability directly to fluctuations 

in investment. 
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Summary 

In summary, we show that stock returns can be significantly predicted by cyclical GDP, cyclical industrial 

production, and cyclical investment at various horizons ranging from one quarter to five years over the 

postwar period. Cyclical investment and cyclical industrial production are the best predictors on the long 

horizons both capturing around 35-40% of the variation in five-year stock returns, while cyclical 

consumption is the best predictor on the short horizons capturing around 3% of the variations in one-quarter 

stock returns, followed by cyclical industrial production and cyclical GDP. A general picture is the fact that 

the predictability of the variables increases with the horizon, as suggested by the literature. Furthermore, 

we find no large differences in the predictability of excess, real, and nominal returns. To put it short, the in-

sample predictability is strong both statistically and economically and provides evidence that stock returns 

vary with business cycle conditions; expected returns rise as economic conditions worsen and fall when 

economic conditions improve. In the context of the macroeconomic data presented in the thesis, expected 

returns are predicted to be high when GDP, industrial production, and investment falls relative to its trend 

and vice versa. These findings constitute new evidence of countercyclical and time-varying risk premia that 

link stock return predictability directly to fluctuations in output (GDP and industrial production) and 

investment. 

Hence, the initial motivation of the thesis to substitute the cyclical component of consumption with the 

cyclical component of other macroeconomic variables, such as output and investment, is confirmed. 

Cyclical GDP, cyclical industrial production, and cyclical investment all explain variations in expected 

stock returns in general terms as good as cyclical consumption. 

 

6.2 In-Sample Issues and Robustness 

This section presents a variety of checks of the predictive properties of the variables, and hence, serves to 

validate and strengthen the results. 

 

6.2.1 Long-Horizon Regression Issues 

Table 7 reports the long-horizon implied coefficient estimates, the rescaled t-statistics, and the implied ?Å+ 

estimates on CRSP value-weighted excess returns to assess whether the predictability found in the previous 

section at ℎ = 4, 8, 12, 16, 20, i.e. the long-horizon results, are robust after correcting for the potential bias 

caused by overlapping observations. The table includes four panels for each of the four cyclical 

macroeconomic variables. 
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Table 7 

Long-Horizon Predictability 

The table presents implied coefficient estimates of 4 and ?Å+ from the one-quarter actual estimates under the null 

hypothesis of no long-horizon predictability using the methodology of Boudoukh et al. (2008) and the rescaled t-

statistics of Valkanov (2003) using CRSP value-weighted excess returns. The table shows the results for cyclical GDP 

(Panel A), cyclical industrial production (Panel B), cyclical investment (Panel C), and cyclical consumption (Panel 

D). The significance of the coefficients is indicated by *, **, and *** representing the 10%, 5%, and 1% level, 

respectively, according to the asymptotic critical values from Valkanov (2003, Table 4). The data sample spans the 

period from 1947Q1 to 2018Q4. 

 

Table 7 reassuringly reports negative implied Ä coefficient estimates for cyclical GDP, cyclical industrial 

production, cyclical investment, and cyclical consumption, which confirms that economically the 

relationship between the variables and expected excess returns are of the correct sign. The rescaled t-

statistics, :/√à, confirm that the cyclical macroeconomic variables are statistically significant predictors 

of long-horizon excess stock returns, also when adjusting for the bias caused by overlapping observations 

in the long-horizon statistics. Only cyclical investment is not significant at ℎ = 4. 

h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

-0.94* -1.77*** -2.50*** -3.15*** -3.72***

(-0.31) (-0.41) (-0.51) (-0.56) (-0.55)

[7.16] [12.70] [16.92] [20.10] [22.44]

-0.55** -1.02*** -1.42*** -1.76*** -2.05***

(-0.33) (-0.42) (-0.54) (-0.65) (-0.71)

[8.70] [14.95] [19.34] [22.34] [24.28]

-0.25 -0.44** -0.59*** -0.70*** -0.78***

(-0.23) (-0.34) (-0.50) (-0.67) (-0.74)

[4.42] [6.84] [8.05] [8.52] [8.56]

-1.65** -3.09*** -4.35*** -5.45*** -6.41***

(-0.37) (-0.49) (-0.55) (-0.68) (-0.72)

[11.46] [20.09] [26.50] [31.18] [34.48]

Panel A: Cyclical GDP

Panel B: Cyclical Industrial Production

Panel C: Cyclical Investment

Panel D: Cyclical Consumption

Implied !"#

Implied	,
-/ /

Implied !"#
-/ /

Implied !"#
-/ /

Implied !"#
-/ /

Implied	,

Implied	,

Implied	,
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Given the one-quarter estimates presented in Table 2, 4, 5, and 6, the implied coefficient estimates and ?Å+ 

estimates increase with the horizon. Table 7 indicates that the results may be partly driven by the bias 

discussed in Boudoukh et al. (2008), i.e. that stronger long-horizon results, present little, if any, independent 

evidence over and above the short-horizon results for persistent regressors. This is observed as the implied 

coefficient estimates and implied ?Å+ estimates are not that far away from the actual estimates presented in 

the previous section. Below we focus on the comparison between actual and implied ?Å+ estimates. 

Especially concerning cyclical GDP and cyclical consumption, the differences in the magnitudes and the 

pattern of the actual and implied ?Å+ estimates indicate little independent evidence over and above the short-

horizon results. In particular, cyclical GDP has an actual ?Å+ estimate at 24.59% at ℎ = 20, while the implied 

?Å+ estimate is 22.44%. This picture is also evident at the other long-return horizons; a rather small 

difference between the actual and implied ?Å+ estimates statistically indicating that cyclical GDP does not 

track expected excess returns better at the long-horizon compared to the one-quarter horizon. This pattern 

is even more evident considering cyclical consumption. 

On the other hand, the picture is different concerning cyclical industrial production and cyclical investment. 

Table 7 shows larger differences in the magnitudes and the pattern of the actual and implied ?Å+ estimates 

of cyclical industrial production and cyclical investment. This indicates that the long-horizon results contain 

independent evidence over and above the short-horizon results. Specifically, cyclical industrial production 

has an actual ?Å+ estimate at 35.68% at ℎ = 20, while the implied ?Å+ estimate is 24.28%. We see the same 

evidence at the other long-return horizons. Regarding cyclical investment, the pattern is even more 

pronounced. The actual ?Å+ estimate of cyclical investment at ℎ = 20 is 37.02%, while the implied estimate 

of ?Å+ is only 8.56%. Hence, a clear indication that both cyclical industrial production and cyclical 

investment predict long-horizon returns better than short-horizon returns. 

Considering equation (48) in section 5.3.1 Long-Horizon Regression Issues, these findings are in line with 

the facts that cyclical GDP and cyclical consumption have the largest first-order autocorrelations, hence the 

most persistent predictors, and at the same time exhibiting high ?Å+ estimates at the one-quarter horizon. 

This causes that the amount of variation in returns they predict extra on the long-horizon compared to the 

one-quarter horizon is marginal. In relation to cyclical industrial production and cyclical investment, which 

exhibit lower first-order autocorrelations, they do statistically predict long-horizon returns better than one-

quarter returns. 

In sum, all the variables remain significant predictors after adjusting for the bias caused by overlapping 

observations in the long-horizon statistics. More mixed evidence arises from the implied estimates of the 

long-horizon ?Å+s. The cyclical GDP and cyclical consumption provide little or no statistical evidence that 
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returns are more predictable at long horizons than short horizons, whereas cyclical industrial production 

and cyclical investment variables do provide statistical evidence that returns are more predictable at long 

horizons than short horizons. 

 

6.2.2 Alternative Predictor Variables 

Table 8 presents the predictive regression results of six-well known predictor variables that have been 

rationalised by their ability to track business cycle conditions. Table 8 contains the results on CRSP value-

weighted excess stock returns, and Appendix 9 shows the results on the S&P 500 index as well as real and 

nominal returns. Furthermore, we provide the summary statistics and time series plots of the alternative 

predictor variables in Appendix 10. However, these descriptive results are not commented on because they 

are not the main focus of this analysis. 

Table 8 

Alternative Predictor Variables 

The table presents results of predictive regression analysis using six alternative predictors of the form %!,!#$ = 2 +
4<! + 5!,!#$, where %!,!#$ is the ℎ-quarter-ahead continuously compounded excess return on the CRSP value-weighted 

index, and <! is the predictor variable. The table shows the results for price-dividend (Panel A), price-earnings (Panel 

B), price-output (Panel C), relative T-bill rate (Panel D), investment to capital ratio (Panel E), and consumption-wealth 

ratio (Panel F). For each regression, the table reports the coefficient, the Newey-West corrected t-statistic truncated at 

ℎ lags in parentheses, and the 67% in percent in square brackets. The significance of the coefficient is indicated by *, 

**, and *** representing the 10%, 5%, and 1% level, respectively. The data sample spans the period from 1953Q4 to 

2018Q4. 

 

 

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

CRSP -0.02* -0.09* -0.13 -0.15 -0.17 -0.22**

t-stat (-1.72) (-1.86) (-1.60) (-1.46) (-1.54) (-2.21)

[0.91] [3.80] [5.27] [5.28] [5.45] [7.67]

CRSP -0.01 -0.04 -0.05 -0.06 -0.04 -0.05

t-stat (-0.42) (-0.88) (-0.77) (-0.66) (-0.34) (-0.36)

[-0.26] [0.56] [0.57] [0.60] [-0.09] [-0.02]

Panel A: Price-Dividend

Panel B: Price-Earnings

!"#

!"#

$

$
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Table 8 

(Continued) 

 

Five out of six of the alternative predictor variables exhibit significant predictive power over some or all 

return horizons ranging from one-quarter to five years. That is price-dividend, price-output, relative T-bill 

rate, investment to capital ratio, and consumption-wealth ratio. On the other hand, price-earnings exhibits 

no significant predictive power at any return horizon. Thus, price-earnings is not dealt with further. 

Price-dividend is significant at the shortest (ℎ = 1, 4) and the longest horizon (ℎ = 20) and explains close 

to 1% of the variation in one-quarter excess returns, while it captures around 8% of the variation in five-

year excess returns. The predictive power is lower corresponding to the findings of Fama and French (1988). 

However, when considering real and nominal returns as Fama and French, presented in Appendix 9.1, the 

results correspond well. The results are more significant, and the predictive power is higher. 

Price-output is insignificant at the one-quarter horizon, while it is significant at any other return horizon 

presented. It captures close to 14% of the variation in five-year excess returns. The relatively better and 

more significant performance of price-output on the longer return horizons than the short return horizons is 

in line with the reported results of Rangvid (2006). Furthermore, Appendix 9.3 shows that price-output 

explains nominal returns better than excess returns, which is also in line with Rangvid (2006). 

CRSP -0.02 -0.09** -0.15** -0.20** -0.24** -0.32**

t-stat (-1.49) (-2.02) (-2.08) (-2.05) (-2.20) (-2.55)

[0.50] [3.05] [5.83] [7.92] [10.06] [13.55]

CRSP -4.34* -10.44 -8.77 -12.44** -15.02** -19.29**

t-stat (-1.88) (-1.35) (-1.45) (-2.03) (-2.10) (-2.30)

[1.59] [2.42] [0.76] [1.48] [1.95] [2.63]

CRSP -4.45*** -14.56*** -23.22*** -33.63*** -44.61*** -52.21***

t-stat (-2.85) (-2.70) (-2.74) (-4.20) (-6.11) (-6.06)

[2.88] [8.19] [12.32] [21.02] [31.85] [34.23]

CRSP 0.51** 1.80** 3.10** 4.23*** 5.38*** 6.08***

t-stat (2.31) (2.36) (2.53) (2.95) (3.38) (3.07)

[1.52] [5.24] [8.97] [13.27] [17.56] [16.97]

Panel C: Price-Output

Panel D: Relative T-Bill Rate

Panel E: Investment to Capital Ratio

Panel F: Consumption-Wealth Ratio

!"#

!"#

!"#

!"#

$

$

$

$
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The relative T-bill rate is a significant predictor at the one-quarter horizon and the longest horizons (ℎ =
12, 16, 20), but in general exhibits low ?Å+ values below 3%. In other words, at return horizons longer than 

one-quarter, the relative T-bill rate is the weakest predictor apart from the insignificant price-earnings. 

The investment to capital ratio is the most impressive of the alternative predictor variables. The investment 

to capital ratio explains around 3% of the variation in one-quarter excess returns while capturing almost 

35% of the variation in five-year excess returns. Its predictive performance fits surprisingly well with 

Møller et al. (2020), which specifies 19 alternative predictor variables and the investment to capital is the 

only variable capturing fluctuations in excess stock returns as well as cyclical consumption. 

The consumption-wealth ratio explains around 1.5% of the variation in one-quarter excess returns, while it 

captures 17% of the variation in the five-year excess returns. The results are less impressive on the short-

horizons than those of Lettau and Ludvigson (2001a), who present approximately four times as high ?Å+ 

values at the one-quarter horizon. At the longer return horizons, the results fit well with those of Lettau and 

Ludvigson (2001a). 

In comparison to the cyclical macroeconomic variables, the general picture is that the traditional predictor 

variables are less significant and have weaker predictive power than the variables presented in this thesis. 

At a return horizon of one quarter, three out of six variables underperform cyclical GDP, cyclical industrial 

production, cyclical investment, and cyclical consumption. Only the relative T-bill rate, the investment to 

capital ratio, and the consumption-wealth ratio are on the same level of predictability in terms of ?Å+ when 

considering the one-quarter horizon. An even stronger picture holds true at longer horizons. For example, 

at the five-year horizon, only the investment to capital ratio performs as well as the cyclical macroeconomic 

variables, followed by the consumption-wealth ratio and price-output. 

Overall, for the one-quarter horizon cyclical consumption, the investment to capital ratio, and cyclical 

industrial production emerge as the most powerful predictors in our sample. Considering the five-year 

horizon, only the investment to capital ratio yields ?Å+ values at the level of those of cyclical GDP, cyclical 

industrial production, cyclical investment, and cyclical consumption. 

To summarise, the alternative predictor analysis confirms the strong predictive ability of cyclical GDP, 

cyclical industrial production, cyclical investment as well as cyclical consumption relative to numerous 

popular business cycle predictors. In particular, we only find that one of the six traditional predictor 

variables usually considered in the literature, the investment to capital ratio, systematically predicts excess 

stock returns at the level of the cyclical macroeconomic variables. 
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6.2.3 International Evidence 
Next, the thesis considers the predictability of the cyclical macroeconomic variables in international equity 

markets. We report the results in Table 9 showing the coefficients, the corresponding t-statistics, and the 

?Å+s on MSCI G7 excess returns. We show the summary statistics of the international evidence analysis in 

Appendix 11. 

Table 9 

International Evidence 

The table presents the results from the international predictive regression analysis of the form %!,!#$ = 2 + 4)! +
5!,!#$, where %!,!#$ is the ℎ-quarter-ahead continuously compounded excess return on the MSCI G7 index, and )! is 

the G7 measures of the cyclical macroeconomic variables. The table shows the results for cyclical GDP (Panel A), 

cyclical industrial production (Panel B), cyclical investment (Panel C), and cyclical consumption (Panel D). For each 

regression, the table reports the coefficient, the Newey-West corrected t-statistic truncated at ℎ lags in parentheses, 

and the 67% in percent in square brackets. The significance of the coefficient is indicated by *, **, and *** representing 

the 10%, 5%, and 1% level, respectively. The data sample spans the period from 1977Q1 to 2018Q4. 

 

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

-0.48* -1.74 -2.92 -3.76* -4.71** -5.29***

t-stat (-1.71) (-1.43) (-1.47) (-1.74) (-2.25) (-2.63)

[1.55] [6.52] [9.56] [11.67] [16.37] [19.30]

-0.26* -0.92 -1.68* -2.15** -2.90*** -3.46***

t-stat (-1.71) (-1.59) (-1.71) (-2.07) (-3.12) (-4.07)

[1.96] [7.56] [13.11] [15.72] [25.73] [35.04]

-0.25** -0.91*** -1.55** -1.84** -1.91** -1.92**

t-stat (-2.46) (-2.70) (-2.40) (-2.52) (-2.46) (-2.22)

[3.86] [13.09] [20.11] [20.55] [19.73] [18.86]

-0.45** -2.09*** -4.27*** -5.45*** -5.96*** -5.95***

t-stat (-2.40) (-3.12) (-3.33) (-3.41) (-4.04) (-5.65)

[2.83] [16.26] [32.63] [38.55] [42.60] [40.39]

Panel A: Cyclical GDP

Panel B: Cyclical Industrial Production

Panel C: Cyclical Investment

Panel D: Cyclical Consumption

!

"#$

!
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Overall, we find negative coefficients, and hence, a stable inverse relation between the cyclical 

macroeconomic variables and future excess stock returns in international equity markets. This relation is 

always economically significant, however, in general less statistically significant compared to the U.S. 

benchmark results. In terms of economic magnitudes, the international coefficients imply an impact of the 

variables in the area around 5% to 7% on expected excess stock returns similar to the U.S. findings. In 

relation to the statistical significance, cyclical investment and cyclical consumption are statistically 

significant at least at a 10% level at all horizons, which is the same for cyclical industrial production except 

the ℎ = 4 coefficient, and for cyclical GDP except the ℎ = 4 and ℎ = 8 coefficients. Despite the general 

less statistically significant results, the ℎ = 1 coefficients, where there are no overlapping observations, 

remain significant for all four variables also outside the U.S. 

With respect to the ?Å+ results, cyclical GDP captures 1.55% of the variation in G7 stock returns at the one-

quarter horizon and increases to 19.30% at the five-year horizon, which is slightly lower but generally in 

line with the previous U.S. results. The ?Å+s of cyclical industrial productions climbs from 1.96% to 35.04%, 

also in accordance with the benchmark results. However, cyclical investment shows a different pattern in 

terms of ?Å+ peaking at ℎ = 12 with an ?Å+ of 20.55%, and furthermore, it has the highest ?Å+ of the variables 

looking at ℎ = 1. This contrasts the U.S. benchmark results where cyclical investment has the lowest ?Å+ at 

the one-quarter horizon and shows an increasing predictive power with the horizons up to ℎ = 20. Lastly, 

cyclical consumption shows generally more predictable power than its U.S. benchmark results and the other 

international variables, peaking at a ?Å+ of 42.60%. 

To support the above findings in international equity markets, we also consider the common specification 

of ! = 24 due to the considerably fewer observations in the sample (42 versus 72 years). The results are 

shown in Appendix 12. We find even more clear evidence of economically and statistically significant 

predictability in international equity markets reaching as high as 43.75%, 48.88%, and 47.1% for cyclical 

GDP, cyclical industrial production, and cyclical investment, respectively. 

To conclude, we find international evidence of cyclical GDP, cyclical industrial production, and cyclical 

investment as well as cyclical consumption as significant stock return predictors by using G7 measures. 

Hence, the predictive power of the variables is not only confined to the U. S. stock market, but also 

international equity markets. Furthermore, the analysis contributes to the literature about the level of 

globalisation and integration in financial markets. This suggests that international measures of business 

cycles are relevant to explain fluctuations in expected stock returns. 
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6.2.4 Predictability in Good and Bad Times 

In this section, we present results of whether cyclical GDP, cyclical industrial production, cyclical 

investment, and cyclical consumption are able to predict stock returns in both good and bad economic times. 

Table 10 presents two coefficients, ÄJ5K and Ä9LLK, and the corresponding t-statistics, and the ?Å+s on CRSP 

value-weighted excess returns. 

Table 10 

Predictability in Good and Bad Times 

The table presents the results from the predictability in good and bad times predictive regression analysis of the form 

%!,!#$ = 2 + 4&'(=&'()! + 4)**((1 − =&'())! + 5!,!#$, where %!,!#$ is the ℎ-quarter-ahead continuously 

compounded excess return on the CRSP value-weighted index, =&'( is the state indicator (dummy variable) that equals 

1 during bad economic states using the NBER business cycle dates and 0 otherwise, and )! is the cyclical 

macroeconomic variables. The table shows the results for cyclical GDP (Panel A), cyclical industrial production (Panel 

B), cyclical investment (Panel C), and cyclical consumption (Panel D). For each regression, the table reports the 

coefficients, the corresponding Newey-West corrected t-statistics truncated at ℎ lags in parentheses, and the 67% in 

percent in square brackets. The significance of the coefficient is indicated by *, **, and *** representing the 10%, 

5%, and 1% level, respectively. The data sample spans the period from 1947Q1 to 2018Q4. 

 

 

 

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

-1.18*** -3.66*** -1.80*** -2.30*** -4.17*** -4.36***

t-stat (-2.84) (-4.83) (-2.10) (-4.23) (-5.50) (-5.03)

-0.15 -0.66* -1.63*** -2.29*** -2.51*** -2.87***

t-stat (-1.55) (-1.92) (-2.74) (-3.28) (-3.49) (-3.21)

[5.26] [15.97] [14.32] [21.15] [25.47] [24.85]

-0.50*** -1.54*** -0.98** -1.19*** -1.95*** -2.27***

t-stat (-2.82) (-5.27) (-2.23) (-3.68) (-4.69) (-3.90)

-0.09 -0.37* -0.88** -1.28*** -1.50*** -1.81***

t-stat (-1.52) (-1.81) (-2.42) (-3.24) (-4.12) (-4.55)

[4.87] [14.79] [14.89] [23.31] [31.03] [35.67]

Panel A: Cyclical GDP

Panel B: Cyclical Industrial Production

!"#$

!%&&$
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Table 10 

(Continued) 

 

 

First, Table 10 shows negative coefficients, extending the evidence of countercyclicality between the 

variables and expected stock returns to both good and bad times. Furthermore, the estimates of ÄJ5K 

generally exceed the corresponding estimates of Ä9LLK, in absolute terms, implying a greater economic 

impact during bad times than good times. Looking at the one-quarter horizon, the statistical significance of 

the coefficients shows that only cyclical consumption predicts expected future excess returns in both good 

and bad economic times, in line with Møller et al. (2020), while cyclical GDP and cyclical industrial 

production only do so in bad economic times, and cyclical investment does not exhibit significant 

predictability at the one-quarter horizon. The ?Å+s are higher for cyclical GDP, cyclical industrial 

production, cyclical investment, and cyclical consumption compared to the benchmark results, 5.26% 

(1.96%), 4.87% (2.45%), 1.53% (1.35%), and 3.85% (3.35%), respectively. However, as mentioned, 

cyclical investment does not significantly predict stock returns neither during economic recessions nor 

expansions at the one-quarter horizon. Note that differences in the level of statistical significance over good 

and bad times may be due to the fact that recessions are more infrequent than expansions (40 versus 248 

observations in our 72-year sample) (Møller et al., 2020). 

When looking at longer horizons, ℎ = 4, 8, 12, 16, 20, cyclical GDP, cyclical industrial production, and 

cyclical investment as well as cyclical consumption present significant results, except ℎ = 4 for cyclical 

-0.16 -0.67*** -0.64*** -0.66*** -1.02*** -1.28***

t-stat (-1.34) (-4.07) (-3.87) (-4.42) (-4.39) (-3.94)

-0.05 -0.15 -0.41** -0.72*** -0.96*** -1.14***

t-stat (-1.49) (-1.35) (-2.05) (-3.47) (-5.09) (-5.24)

[1.53] [7.74] [10.19] [20.13] [32.01] [36.83]

-1.09** -4.06*** -3.51* -3.52** -6.50*** -7.29***

t-stat (-1.99) (-2.65) (-1.85) (-2.55) (-4.92) (-3.84)

-0.37*** -1.34*** -2.61*** -3.28*** -3.95*** -4.81***

t-stat (-2.66) (-3.06) (-3.87) (-4.32) (-4.39) (-4.25)

[3.85] [14.46] [19.24] [23.30] [33.68] [36.53]

Panel C: Cyclical Investment

Panel D: Cyclical Consumption
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investment, and explain variations in stock returns to the same extent as the benchmark results. This 

suggests evidence of predictability in both good and bad times when looking at longer-horizons. 

Taken together, the relation between future excess stock returns and cyclical GDP, cyclical industrial 

production, and cyclical investment is present both in good economic times and in bad economic times 

considering longer horizons than one quarter. Whereas, at the one-quarter horizon, the relation is only 

present in bad economic times for cyclical GDP and industrial production and not present for cyclical 

investment. Considering cyclical consumption, the results show greater consistent evidence of 

predictability across the five horizons both during economic recessions and expansions. 

 

6.2.5 Subsamples 

Table 11 reports the results of the predictive regression subsample analysis for cyclical GDP, cyclical 

industrial production, cyclical investment, and cyclical consumption including the coefficients, the t-

statistics, and the ?Å+s on CRSP value-weighted excess returns. The two subsamples are 1947Q1 to 1982Q4 

and 1983Q1 to 2018Q4. 

Table 11 

Subsamples 

The table presents the results from the subsample predictive regression analysis of the form %!,!#$ = 2 + 4)! + 5!,!#$, 

where %!,!#$ is the ℎ-quarter-ahead continuously compounded excess return on the CRSP value-weighted index, and 

)! is the cyclical macroeconomic variables. The table shows the results for cyclical GDP (Panel A), cyclical industrial 

production (Panel B), cyclical investment (Panel C), and cyclical consumption (Panel D) for each subsample 1947Q1 

to 1982Q4 and 1983Q1 to 2018Q4. For each regression, the table reports the coefficient, the Newey-West corrected 

t-statistic truncated at ℎ lags in parentheses, and the 67% in percent in square brackets. The significance of the coefficient 

is indicated by *, **, and *** representing the 10%, 5%, and 1% level, respectively. 

 

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

1947-1982 -0.38** -1.44*** -1.96*** -2.62*** -3.16*** -3.97***

t-stat (-2.41) (-2.69) (-3.01) (-4.56) (-7.86) (-7.97)

[4.11] [16.88] [22.63] [38.52] [52.05] [56.13]

1983-2018 -0.47** -1.91** -3.56*** -4.62*** -4.97*** -4.50***

t-stat (-2.52) (-2.48) (-3.18) (-4.57) (-6.47) (-4.63)

[3.74] [17.49] [29.93] [35.76] [34.93] [26.20]

Panel A: Cyclical GDP

!
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Table 11 

(Continued) 

 

 

Firstly, we see that the coefficients are negative for both subsamples in line with full-sample results. 

Additionally, the coefficients are systematically larger in absolute terms. Looking to the t-statistics, they 

show statistical significance across the cyclical macroeconomic variables and all horizons, except for 

cyclical investment at ℎ = 1 for the subsample 1983Q1 to 2018Q4. In terms of predictive power, the general 

picture is that the ?Å+ values are higher compared to the full-sample results steadily increasing to very high 

?Å+ values, e.g. 61.24% for cyclical investment in the period 1983Q1 to 2018Q4. 

When we compare the first subsample (1947Q1 to 1982Q4) and the second subsample (1983Q1 to 2018Q4) 

across the five horizons, the results show mixed evidence of whether the significance and the predictive 

1947-1982 -0.26*** -0.86*** -1.03*** -1.38*** -1.65*** -2.15***

t-stat (-2.97) (-3.01) (-2.78) (-4.48) (-8.06) (-7.33)

[6.75] [19.91] [20.09] [34.28] [45.91] [53.32]

1983-2018 -0.23* -1.19*** -2.33*** -3.08*** -3.65*** -3.68***

t-stat (-1.95) (-3.00) (-3.60) (-4.93) (-9.10) (-15.63)

[2.34] [20.58] [39.42] [49.13] [58.65] [55.23]

1947-1982 -0.12** -0.36** -0.46* -0.71*** -0.98*** -1.29***

t-stat (-2.31) (-2.01) (-1.84) (-3.43) (-5.16) (-4.41)

[3.16] [7.71] [8.76] [20.33] [34.81] [42.49]

1983-2018 -0.07 -0.32** -0.75** -1.18*** -1.54*** -1.67***

t-stat (-1.41) (-2.15) (-2.57) (-3.79) (-6.19) (-10.17)

[1.05] [8.25] [22.95] [41.20] [58.07] [61.24]

1947-1982 -0.54** -2.11** -3.06*** -3.54*** -5.08*** -6.84***

t-stat (-2.05) (-2.57) (-2.78) (-4.21) (-6.04) (-7.25)

[3.51] [14.65] [20.81] [27.33] [50.23] [60.30]

1983-2018 -0.61*** -2.19*** -4.02** -5.50*** -6.77*** -7.39***

t-stat (-2.82) (-2.73) (-2.55) (-2.92) (-3.87) (-6.29)

[4.25] [14.77] [24.96] [33.14] [42.11] [41.79]

Panel B: Cyclical Industrial Production

Panel C: Cyclical Investment

Panel D: Cyclical Consumption
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power of the cyclical macroeconomic variables are highest in the first or the latter period. However, our 

results contrast the fact that Welch and Goyal (2008) find evidence of poor in-sample predictability of 

various business cycle predictors in the post-oil price crisis in 1973-1975. 

In sum, the evidence suggests that the cyclical macroeconomic variables are robust across subsamples, i.e. 

the coefficients are still negative and significant as well as having comparable or even greater predictive 

power than the full-sample results. The results are also interesting since we do not find that our variables 

reduce their predictable power after the oil price crisis. This emphasises the stability of the relation between 

the cyclical macroeconomic variables and future expected stock returns. 

 

6.3 Out-of-Sample 

Table 12 reports the results of out-of-sample forecasts of excess returns on the CRSP value-weighted index. 

The results compare the forecasts of a restricted (constant expected return) model and unrestricted (time-

varying expected return) model based on either cyclical GDP, cyclical industrial production, cyclical 

investment, and cyclical consumption to validate the in-sample predictive properties. 

Table 12 

Out-of-Sample 

The table presents results of out-of-sample forecasts of ℎ-quarter-ahead continuously compounded excess returns on 

the CRSP value-weighted index, where a time-varying expected return model with either cyclical GDP, cyclical 

industrial production, cyclical investment, and cyclical consumption as regressors are compared against a constant 

expected return model. The parameters used to calculate the variables are estimated recursively from the latest-

available data. > is the Theil’s > of Theil (1966), MSE-F is the F-statistic of McCracken (2007), ENC-NEW is the 

encompassing test statistic of Clark and McCracken (2001), and 6++,%  is the out-of-sample 6% in percent. The 

significance is indicated by *, **, and *** representing the 10%, 5%, and 1% level, respectively, according to 

asymptotic critical values from McCracken (2007, Table 4) for the MSE-F test, and Clark and McCracken (2001, 

Table 1) for the ENC-NEW test. Note, asymptotic critical values at 1% level are not found for ENC-NEW. The first 

observation in the out-of-sample period is 2000Q1, and the predictive model is estimated recursively until 2018Q4. 

 

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

0.98 0.94 0.88 0.80 0.71 0.64

MSE-F 2.92*** 9.82*** 19.39*** 35.78*** 60.57*** 81.49***

ENC-NEW 3.13** 10.32** 18.51** 34.61** 55.41** 71.07**

[3.75] [12.00] [22.19] [35.86] [50.24] [59.27]

Panel A: Cyclical GDP

!""#$
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Table 12 

(Continued) 

 

 

Table 12 reveals that the Y-statistics for all four variables and at all return horizons are smaller than one 

when forecasting excess stock returns out-of-sample. This implies that the excess stock return forecasts 

generated from either of the variables are superior to those generated from just a constant. Hence, the Y-

statistic results indicate that the variables forecast excess returns better than the historical average. 

Additionally, the Y-statistics decrease over the return horizon being closest to one at the one-quarter 

forecasting horizon and furthest away from one at the five-year forecasting horizon. This indicates that the 

unrestricted models are even more superior at longer forecasting horizons. In the following, the formal tests 

of the out-of-sample forecasts support this pattern. 

The MSE-F test of McCracken (2007) in Table 12 rejects the null hypothesis that the mean squared errors 

from the unrestricted model are greater than or equal to those from the historical average return at the 1% 

significance level for all horizons and all four variables. This provides clear evidence that the variables 

forecast excess returns better than the historical average. The MSE-F test statistics increase over the return 

horizon – also indicating the unrestricted models are more superior at longer forecasting horizons. 

0.98 0.92 0.87 0.82 0.74 0.67

MSE-F 3.75*** 12.92*** 21.75*** 31.71*** 48.68*** 67.59***

ENC-NEW 3.33** 10.98** 17.43** 28.57** 44.71** 64.64**

[4.76] [15.21] [24.23] [33.13] [44.79] [54.69]

0.98 0.95 0.91 0.85 0.77 0.70

MSE-F 3.46*** 8.23*** 15.02*** 25.44*** 40.05*** 59.22***

ENC-NEW 2.55** 6.27** 11.57** 23.79** 42.88** 63.19**

[4.41] [10.26] [18.09] [28.44] [40.03] [51.40]

0.98 0.97 0.95 0.92 0.86 0.80

MSE-F 2.81*** 5.27*** 7.02*** 12.28*** 21.70*** 32.18***

ENC-NEW 3.34** 8.78** 13.16** 20.34** 34.74** 46.10**

[3.62] [6.83] [9.36] [16.10] [26.56] [36.49]

Panel B: Cyclical Industrial Production

Panel C: Cyclical Investment

Panel D: Cyclical Consumption
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Next, the ENC-NEW test of Clark and McCracken (2001) in Table 12 shares the findings of the Y-statistics 

and MSE-F tests and rejects the null hypothesis that the forecasts from the constant expected return models 

encompass the forecasts from the time-varying expected return models at the 5% level for all horizons and 

all four variables. Again, the ENC-NEW test statistics are increasing with respect to return horizon, hence 

suggesting the time-varying expected return models are more superior at longer forecasting horizons. 

Lastly, the ?RRS+  statistics in Table 12 are all positive, meaning that cyclical GDP, cyclical industrial 

production, cyclical investment, and cyclical consumption systematically deliver a lower average 

forecasting error than the historical average forecast. For example, at the one-quarter horizon, the ?RRS+  is 

3.75% for cyclical GDP, 4.76% for cyclical industrial production, 4.41% for cyclical investment, and 3.62% 

for cyclical consumption – all statistically significant. When we compare these measures of fit with the 

corresponding ?Å+ statistics from the in-sample regressions for the subsample over the same period, 2000Q1 

to 2018Q4 presented in Appendix 13 – 2.91% for cyclical GDP, 3.43% for cyclical industrial production, 

3.42% for cyclical investment, and 6.17% for cyclical consumption – surprisingly, we find that our variables 

have a higher out-of-sample fit, while cyclical consumption a lower out-of-sample fit at a one-quarter 

horizon. However, at horizons greater than one quarter, the ?RRS+  statistics all remain statistically significant 

and systematically below their in-sample counterparts consistent with Bossaerts and Hillion (1999), Welch 

and Goyal (2008), and Møller et al. (2020). 

To summarise, the results show that cyclical fluctuations in GDP, industrial production, investment, and 

consumption display statistically significant out-of-sample forecasting power for aggregate stock market 

returns, and hence, validate the in-sample predictive power. Specifically, we find that cyclical GDP, cyclical 

industrial production, cyclical investment, and cyclical consumption individually forecast future excess 

stock returns out-of-sample better than a constant, i.e. a historical average return. These results are in 

contrast to Welch and Goyal (2008), who conclude that a long list of popular business cycle predictor 

variables has been unsuccessful out-of-sample over the last few decades. However, our findings are in line 

with those of Campbell and Thompson (2008), who show that certain predictor variables, based on ?RRS+ , 

do have out-of-sample forecasting power in recent decades (Cooper and Priestley, 2009). 
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6.4 Orthogonal Regression 

We have now shown that all four cyclical macroeconomic variables significantly capture fluctuations in 

stock returns at various horizons and are robust to an array of tests. However, these findings lead to an 

intriguing question; are the predictive properties across the variables solely due to the correlation between 

them or do any of the variables contain some independent and significant information not captured by the 

others? 

Table 13 reports the predictive results of the residuals from the orthogonal regressions of excess returns on 

the CRSP value-weighted index. The results on the S&P 500 index as well as real and nominal returns are 

presented in Appendix 14. 

 

Table 13 

Orthogonal Regressions 

The table presents the results from the predictive regression analysis of the form %!,!#$ = 2 + 4)! + 5!,!#$, where 

%!,!#$ is the ℎ-quarter-ahead continuously compounded excess return on the CRSP value-weighted index, and )! is 

the residuals from the orthogonal regressions. The table shows the results for cyclical GDP vs. cyclical consumption 

(Panel A), cyclical industrial production vs. cyclical consumption (Panel B), cyclical investment vs. cyclical 

consumption (Panel C), cyclical consumption vs. cyclical GDP (Panel D), cyclical consumption vs. cyclical industrial 

production (Panel E), and cyclical consumption vs. cyclical investment (Panel F). For each regression, the table reports 

the coefficient, the Newey-West corrected t-statistic truncated at ℎ lags in parentheses, and the 67% in percent in square 

brackets. The significance of the coefficient is indicated by *, **, and *** representing the 10%, 5%, and 1% level, 

respectively. The data sample spans the period from 1947Q1 to 2018Q4. 

 

 

 

 

 

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

-0.08 -0.42 -0.77 -1.28 -1.01 -0.89

t-stat (-0.65) (-0.96) (-0.94) (-1.12) (-0.75) (-0.61)

[-0.29] [0.41] [1.06] [2.61] [1.11] [0.50]

Panel A: Cyclical GDP vs. Cyclical Consumption
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Table 13 

(Continued) 

 

 

Panels A to C of Table 13 show that none of our variables contain independent and significant predictive 

power not already captured in cyclical consumption at the short-horizon, while cyclical industrial 

production and cyclical investment do provide extra predictive power not already captured by cyclical 

consumption at the long horizons, ℎ = 16 and ℎ = 20. On the other hand, Panels D to F of Table 13 show 

that cyclical consumption consistently contains independent and significant predictive power not already 

included in either cyclical GDP, cyclical industrial production, and cyclical investment at all horizons 

(except ℎ = 1 for cyclical consumption vs. cyclical industrial production). Taken together, the results in 

Table 13 indicate that on excess returns cyclical consumption is the stronger predictor of the four variables. 

 

-0.08 -0.31 -0.50 -0.82 -0.96* -1.26**

t-stat (-1.07) (-1.31) (-1.16) (-1.55) (-1.81) (-2.53)

[0.10] [1.57] [2.45] [5.57] [6.55] [9.08]

-0.02 -0.04 -0.12 -0.39 -0.59* -0.76**

t-stat (-0.41) (-0.29) (-0.46) (-1.18) (-1.90) (-2.40)

[-0.31] [-0.31] [0.05] [3.21] [6.83] [9.07]

-0.34* -1.16** -1.99** -2.36* -3.66** -4.51**

t-stat (-1.79) (-2.20) (-2.08) (-1.75) (-2.09) (-2.17)

[0.65] [2.54] [4.53] [4.93] [10.51] [12.56]

-0.29 -1.02** -1.79** -2.01** -2.71** -2.99*

t-stat (-1.63) (-2.32) (-2.52) (-2.03) (-1.98) (-1.69)

[0.55] [2.53] [4.84] [4.77] [7.63] [7.05]

-0.34* -1.35** -2.25*** -2.26** -2.60** -2.82*

t-stat (-1.69) (-2.53) (-3.10) (-2.55) (-2.19) (-1.77)

[0.89] [4.74] [7.84] [6.15] [7.01] [6.37]

Panel F: Cyclical Consumption vs. Cyclical Investment

Panel B: Cyclical Industrial Production vs. Cyclical Consumption

Panel C: Cyclical Investment vs. Cyclical Consumption

Panel D: Cyclical Consumption vs. Cyclical GDP

Panel E: Cyclical Consumption vs. Cyclical Industrial Production
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However, the results on real and nominal returns offer a slightly different conclusion. The results on real 

and nominal returns are presented in Appendix 14 (not shown to save space). Cyclical GDP contains 

independent and significant predictive power not already captured in cyclical consumption at long horizons 

(ℎ = 12, 16, 20) considering nominal returns. Cyclical industrial production provides extra predictive 

power not already captured in cyclical consumption at various horizons looking at both real and nominal 

returns, while the conclusion on cyclical investment is similar to the one for excess returns. 

The differences are even more pronounced for cyclical consumption versus our variables. Cyclical 

consumption does not contain independent and significant predictive power not already included in either 

cyclical GDP, cyclical industrial production, and cyclical investment at any horizon looking at nominal 

returns, while only partly on real returns. Taken together, the results in Appendix 14 indicate cyclical 

consumption does not provide extra predictive power on real and nominal returns not already captured by 

our variables, and hence, does not suggest cyclical consumption as a stronger predictor compared to cyclical 

GDP, cyclical industrial production, and cyclical investment. 

To sum up, considering excess returns, only cyclical industrial production and cyclical investment contain 

independent and significant predictive power not captured by cyclical consumption at long horizons, while 

cyclical consumption does so at various horizons. Hence, the test indicates that cyclical consumption is the 

strongest predictor focusing on excess returns. On the other hand, looking at real and nominal returns, 

cyclical consumption does not consistently provide extra predictive power at any horizon not already 

captured in our variables. Hence, the test also indicates that cyclical GDP, cyclical industrial production, 

and cyclical investment generally provide the same predictive information as cyclical consumption on real 

and nominal returns. 
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6.5 Expected Return over the Next Five Years 

First, we examine the individual forecasts of the cyclical macroeconomic variables, but, as these estimates 

naturally are surrounded by uncertainty, we also use an average of the variables in two ways; method 1 

where we consider an “average variable” as predictor, and method 2 being simply an average of the 

individual forecasts of the variables. 

 

6.5.1 Individual Expected Return 

Figure 7 presents the four individual expected excess return forecasts of cyclical GDP, cyclical industrial 

production, cyclical investment, and cyclical consumption along with the per annum realised excess stock 

returns. Thus, one can judge how well the cyclical macroeconomic variables capture future realised returns. 

In Appendix 15, we provide the summary statistics. 

 

 

Figure 7. Individual Expected Returns and Realised Returns. The figure plots the expected excess return 

forecasts of the cyclical macroeconomic variables along with the per annum realised excess stock returns for a five-

year holding period on the CRSP value-weighted index in grey from 1953Q4 to 2018Q4. 
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Before starting to interpret how the predictors capture the realised returns, it is useful to illustrate the 

interpretation of the figures. For that, we use the very first observation of cyclical GDP; at the end of 

1957Q4, cyclical GDP predicted an annualised excess return over the next five years of 8.9%, while the per 

annum realised return over the five-year holding period from 1957Q4 to 1962Q4 turned out to be 10.3%. 

With that interpretation in mind, then from looking at the four different time series plots in Figure 7, it 

suggests that overall the cyclical macroeconomic variables capture many of the movements in realised 

returns, especially from the start of the sample period until the 1990s and from the mid-2000s until the end 

of the sample period. On the other hand, around the 1990s and at the beginning of the 2000s, the variables 

have been weaker predictors of future realised stock returns, e.g. the spike and burst in returns from the dot-

com bubble in the late 1990s. 

If we then look to the summary statistics, the realised returns have an average of 5.25%, a standard deviation 

of 6.20%, a minimum of -11.94%, and a maximum of 19.46%. For cyclical GDP, cyclical industrial 

production, cyclical investment, and cyclical consumption, the averages are 5.26%, 5.16%, 4.96%, and 

5.34%, respectively – very close to the realised returns. However, the standard deviations between 3.21% 

to 3.73% are lower, suggesting less volatility, which is also emphasised by the graphs not reaching as low 

and high returns as the realised returns. In particular, cyclical investment has the largest minimum and 

maximum, in absolute terms, while cyclical GDP has the lowest. 

But what do the cyclical macroeconomic variables forecast over the next five years? To answer that, we 

simply use the last observation, which represents the estimated per annum expected excess return from 

2019 to 2023. The variables forecast as follows; cyclical GDP 7.3%, cyclical industrial production 5.7%, 

cyclical investment 0.0%, and cyclical consumption 2.5%. Compared to the average realised return of 

5.25%, two variables suggest a higher return and two variables suggest a lower return leading to mixed 

evidence of whether we should expect lower or higher stock returns compared to the historical average in 

the future. 
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6.5.2 Average Expected Return 

Before examining the average expected return forecasts of method 1 and method 2, we report the in-sample 

predictive regressions results of the average variable in the same manner as previously. 

 

6.5.2.1 Predictive Regression Results of the Average Variable 

Table 14 

Predictive Regressions Average Variable 

The table presents the results from the predictive regression analysis of the form %!,!#$ = 2 + 48?! + 5!,!#$, where 

%!,!#$ is the ℎ-quarter-ahead continuously compounded stock return on the S&P 500 index and on the CRSP value-

weighted index, and 8?! is the average variable. The table shows the results for excess returns (Panel A), real returns 

(Panel B), and nominal returns (Panel C). For each regression, the table reports the coefficient, the Newey-West 

corrected t-statistic truncated at ℎ lags in parentheses, and the 67% in percent in square brackets. The significance of 

the coefficients is indicated by *, **, and *** representing the 10%, 5%, and 1% level, respectively. The data sample 

spans the period from 1947Q1 to 2018Q4. 

 

 

 

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.19*** -0.69*** -1.20*** -1.77*** -2.31*** -2.78***

t-stat (-2.92) (-3.35) (-3.45) (-4.90) (-6.66) (-6.92)

[2.98] [10.24] [17.48] [28.26] [38.83] [43.93]

CRSP -0.19*** -0.68*** -1.15*** -1.68*** -2.16*** -2.57***

t-stat (-2.69) (-3.07) (-3.14) (-4.42) (-5.73) (-5.69)

[2.63] [9.34] [16.03] [26.57] [37.77] [42.22]

S&P 500 -0.19*** -0.68*** -1.20*** -1.80*** -2.40*** -2.95***

t-stat (-2.83) (-3.26) (-3.44) (-5.06) (-7.15) (-7.42)

[2.78] [9.66] [16.24] [26.09] [35.63] [41.02]

CRSP -0.19*** -0.67*** -1.15*** -1.71*** -2.25*** -2.74***

t-stat (-2.62) (-3.00) (-3.16) (-4.60) (-6.22) (-6.12)

[2.47] [8.91] [15.15] [25.02] [35.36] [40.26]

Panel A: Excess Returns

Panel B: Real Returns
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Table 14 

(Continued) 

 

 

Table 14 shows that the coefficients all are negative as well as statistically and economically significant 

across horizons and the three return definitions, in line with the results of the individual cyclical 

macroeconomic variables. In fact, the coefficients are highly significant - all at a 5% level. Panel A of Table 

14 for CRSP reports the estimate of the coefficient at ℎ = 1 is -0.76 in annual terms. This implies that a 

one-standard-deviation decrease in the average variable leads to an increase in the expected return of about 

3 percentage points at an annual rate, which is lower compared to the individual cyclical macroeconomic 

variables. Looking at the ?Å+ values, it shows that for ℎ = 1, the explanatory power is 2.63% only beaten 

by cyclical consumption of 3.35%. As with the individual cyclical macroeconomic variables, the ?Å+s 

increase over the horizons reaching 42.22% at ℎ = 20, which is the highest among all the variables. Finally, 

turning the focus to Panel A for S&P 500, Panel B, and Panel C, the average variable maintains its predictive 

properties at another index and also on real and nominal returns in accordance with the individual variables. 

To summarise, the results of the average variable show great predictive power across all horizons and return 

definitions. In particular, at the five-year horizon, we are interested in here, where it beat the individual 

variables. Hence, it seems that the idea of combining the individual cyclical macroeconomic variables into 

an average variable appears to work. 

 

6.5.2.2 Average Expected Return – Method 1 and Method 2 

Figure 8 presents the expected excess return forecasts using method 1 and method 2 along with the per 

annum realised excess stock returns. In Appendix 15, we show the summary statistics. 

S&P 500 -0.17*** -0.60*** -1.04*** -1.59*** -2.14*** -2.65***

t-stat (-2.59) (-2.93) (-2.92) (-4.05) (-5.40) (-6.03)

[2.28] [7.97] [13.52] [22.96] [33.01] [39.20]

CRSP -0.17** -0.59*** -1.00*** -1.49*** -1.99*** -2.44***

t-stat (-2.40) (-2.70) (-2.69) (-3.77) (-5.05) (-5.58)

[2.01] [7.25] [12.28] [21.29] [31.55] [36.98]

Panel C: Returns
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Figure 8. Average Expected Returns and Realised Returns. The figure plots the expected excess return 

forecasts of method 1, using the average variable as predictor,  and method 2, using the simple average of the individual 

forecasts of each variable, along with the per annum realised excess stock returns for a five-year holding period on 

the CRSP value-weighted index in grey from 1957Q4 to 2018Q4. 

 

If we start by looking at Figure 8 and compare it to the individual forecasts in Figure 7, we overall see the 

same development. However, Figure 8 shows that some of the spikes and troughs of the realised returns, 

which is captured in only some of the individual variables, are now encapsulated better with the averaging 

methods, e.g. the spike in realised returns around 2008-2009 which was very well predicted by cyclical 

investment. Thus, combining the information from each individual cyclical macroeconomic variable seems 

to capture the movements in realised stock returns better. 

Turning to compare the two averaging methods in Figure 8, we see that the patterns are very similar. 

Although, method 1 appears to capture the extreme variations in realised stock returns better, which is also 

underlined by its slightly higher ?Å+ of 42.22% versus 41.87% for method 2. Additionally, the summary 

statistics also emphasise that point, i.e. the standard deviation of 3.95% versus 3.12% is higher as well as 

the minimum of -3.95% versus -1.27% and a maximum of 14.07% versus 11.21%, in absolute terms, are 

higher, but the averages are approximately the same 5.05% versus 5.11. 
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With the above in mind, it suggests that the most reliable predictor of stock returns is method 1 using the 

average variable. Hence, in general, we put the most emphasis on that estimate, but due to uncertainty and 

method 1 and 2 are closely linked, we consider the range provided by the two methods for the latter 

discussion in section 7.1 Implications of Low Returns. 

Method 1 forecasts an expected excess return of 2.6% over the next five years from 2019 to 2023, which is 

considerably lower than the historical average of 5.2% implying low expected return. Method 2 forecasts 

an expected excess return of (7.3% + 5.7% + 0.0% + 2.5%)/4 = 3.9%. The expected return estimate is also 

lower compared to the historical average, but 1.3 percentage points higher compared to method 1. Taken 

together, both methods show clear evidence of low expected return over the next five years. 

 

6.5.3 Summary 

To summarise, the expected excess return forecasts of the individual cyclical macroeconomic variables 

show mixed evidence of expected stock return over the next five years – cyclical GDP and cyclical 

industrial production forecasts higher expected return compared to the historical average, while cyclical 

investment and cyclical consumption forecasts lower. However, combining the forecasts of the cyclical 

variables with two different averaging methods reveals more reliable estimates, and hence, we put more 

emphasis on these results. The averaging methods show consistent low expected returns over the next five 

years, more specifically, 2.6% and 3.9%. This is in line with Rangvid’s (2017) updated estimates from 

February 2019 of expected real return per year over the coming decade of 2.8%, well aware that Rangvid 

(2017) uses real returns and forecasts over a decade. 

 

6.6 Summary of Results 

We show that cyclical GDP, cyclical industrial production, and cyclical investment predict expected stock 

returns at various horizons ranging from one quarter to five years over the postwar period. Cyclical 

investment and cyclical industrial production are the best predictors on the long horizons both capturing 

around 35-40% of the variation in five-year stock returns, while cyclical consumption is the best predictor 

on the short-horizons capturing around 3% of the variations in one-quarter stock returns, followed by 

cyclical industrial production and cyclical GDP. The in-sample predictability is strong both statistically and 

economically, and we find no large differences in the predictability of excess, real, and nominal returns. 

Expected returns are predicted to be high when GDP, industrial production, investment, or consumption 

falls relative to its trend and vice versa. These findings constitute new evidence of countercyclical and time-
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varying risk premia that link stock return predictability directly to fluctuations in output (GDP and industrial 

production) and investment. 

All the variables remain significant predictors after correcting for bias caused by overlapping observations. 

However, cyclical GDP and cyclical consumption provide little or no statistical evidence that returns are 

more predictable at long horizons than short horizons, whereas cyclical industrial production and cyclical 

investment do provide statistical evidence that returns are more predictable at long horizons than short 

horizons. The comparison with alternative predictor variables confirms the strong predictive ability of the 

cyclical macroeconomic variables relative to numerous popular business cycle predictors. In particular, we 

only find that one of six traditional predictor variables, investment to capital ratio, systematically predicts 

excess stock returns at the level of cyclical GDP, cyclical industrial production, cyclical investment, and 

cyclical consumption. The analysis of international evidence shows that the predictive power of the 

variables is not confined to the U. S. stock market. We find evidence of stock return predictability in 

international equity markets using G7 measures of cyclical GDP, cyclical industrial production, and cyclical 

investment as well as cyclical consumption. Furthermore, the relation between future excess stock returns 

and cyclical GDP, cyclical industrial production, and cyclical investment is present both in good and bad 

economic times considering longer horizons than one quarter, while the relation is present for cyclical 

consumption both during economic recessions and expansions across all horizons. The evidence is also 

robust using different subsamples, and hence, emphasise the stability of the relation between fluctuations 

in GDP, industrial production, investment, and consumption and future expected stock returns. 

The above in-sample predictive ability is validated out-of-sample. Our results show that cyclical 

fluctuations in GDP, industrial production, investment, and consumption display statistically significant 

out-of-sample predictive power for aggregate stock market returns, and hence, validate the in-sample 

predictive power. Specifically, we find that cyclical GDP, cyclical industrial production, cyclical 

investment, and cyclical consumption individually predict future returns out-of-sample better than a 

constant, i.e. a historical average return. 

The orthogonal regression analysis shows that cyclical consumption contains extra information not already 

captured by cyclical GDP, cyclical industrial production, and cyclical investment considering excess 

returns, while our variables generally provide the same predictive information as cyclical consumption on 

real and nominal returns. 

At last, the cyclical macroeconomic variables forecast consistent low expected returns over the next five 

years, more specifically, 2.6% and 3.9%. 
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7 Implications and Further Research 
To wrap up the findings of the thesis, the last part employs a more outward-looking perspective. It is 

intended to be rather short, and hopefully, encourage and inspire researchers within this field of study. 

Firstly, we elaborate on the implications of low returns to individual investors, professional asset allocation 

managers, and governments. Secondly, we present suggestions for further research. 

 

7.1 Implications of Low Returns 

This thesis was introduced by the initial motivation that financial markets matter for everyone, and there 

exists an interplay between the macroeconomy and financial markets. To take the latter point first, this 

thesis has provided clear evidence of the interplay between the macroeconomy and financial markets, 

exemplified by the ability of key macroeconomic aggregates to significantly predict stock returns. Of 

course, this is an interesting discovery from an academic point of view, but maybe we lack the link to the 

society. Based on underlying macroeconomic fundamentals, we have furthermore shown that expected 

returns at least over the next five years in financial markets, i.e. the stock market, are expected to be low in 

a historical context. Low expected returns will imply broad implications to society, and we now turn to 

specific examples on the implications of low returns, and hence, why financial markets matter for everyone. 

We have presented estimates of the expected annual excess returns from stocks over the next five years. 

Our estimates show that returns are expected to be low. This corresponds to what an extensive literature 

has shown before us. We estimate yearly expected excess return from stocks in the range of 2.6% to 3.9%. 

This is below the historical average of realised excess returns of 5.2% per year. But if the low expected 

returns materialise in the years ahead, how do they affect individual investors, professional asset allocation 

managers, and governments? 

First and foremost, it should be mentioned that the estimates of expected returns both from us and other 

researchers are surrounded by uncertainty. Furthermore, it follows that an investor would be ill-advised to 

start day-trading on the predictions we propose (Rangvid, 2017). As Rangvid (2017) also highlights, the 

message is instead that investors should think about the implications going forward for their overall savings 

decisions. For instance, if the expected excess return from a stock portfolio is going to be close to only half 

of what we have been used to, this will present obvious challenges to investors (Rangvid, 2017). 

Low returns present a common challenge to long-term investors. In general, and seemingly simple, they 

imply that individuals will have to save more, retire later, or face lower income during retirement in order 

to keep up with a certain retirement income. These challenges are only more relevant when also 
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acknowledging that individuals face the otherwise happy outlook of growing life expectancies (Rangvid, 

2017). Additionally, the share of elderly in most European countries and the U.S is about to increase in the 

coming years (McKinsey, 2016). Even those who have saved sufficiently under the historic stock returns 

can find themselves short of savings in a world of lower returns (McKinsey, 2016). This makes it important 

to discuss how to prepare for a world where returns from savings will be lower than what we have 

historically been used to (Rangvid, 2017). If investors aim for returns like those they have been used to 

historically, they are forced to take more risk. This can be achieved by buying more stocks, but also in the 

form of different alternative investments where investors try to harvest other risk premia (Rangvid, 2017). 

Another trend can be towards more passive investments. In a low-return era, the proportion of returns given 

up to management fees in a high-return period becomes less acceptable, why products with much lower 

charges may attract more attention (McKinsey, 2016). In the end, it is important to remember that in 

equilibrium nobody can expect higher returns without taking some form of higher risk (Rangvid, 2017). 

In sum, past performance is not necessarily indicative of future outcome. With a long-term perspective, 

stocks cannot diverge themselves directly from the underlying business and economic fundamentals that 

drive them. A sustained period of lower returns, as both this study and several other studies indicate, will 

have substantial implications for big parts of society. Households will need to save more, retire later, or 

accept a lower standard of living. Professional asset allocation managers, such as pension funds, will have 

to rethink their investment strategies. Governments may have to rethink retirement policies. These are all 

difficult choices. However, resetting expectations for less generous times, with lower returns than the past, 

is at least an essential starting point (McKinsey, 2016). 

 

7.2 Further Research 

Referring to the introduction, our thesis builds on some fundamental decisions. Some examples are the 

focus on predicting stock returns, the detrending method of Hamilton (2018), and the choice of 

macroeconomic aggregates; GDP, industrial production, and investment. These fundamental decisions 

distinguish this study from other studies within the area of macroeconomic variables and return 

predictability, and hence, contribute to the existing literature in its own unique way. However, the authors 

of the thesis are well aware that all these decisions have forced other interesting aspects not to be included. 

We include this section to inspire further research. 
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7.2.1 Alternatives to Stock Return Predictability 

A natural alternative to stock return predictability is bond return predictability. Even though, the amount of 

research on predictability of stock returns to our knowledge exceed that of bond returns, several papers in 

the literature study bond return predictability. A lot of studies combine or extend the investigation of stock 

return predictability to also include bond return predictability. The literature finds evidence of time-varying 

risk premia in government bond returns, see for instance Fama and Bliss (1987), Campbell and Shiller 

(1988b), and Cochrane and Piazzesi (2005). Cochrane and Piazzesi (2005) explicitly state that bond returns 

are suggestively correlated with business cycles, however, their evidence based on forecasting with term 

spreads and forward spreads does not directly tie the time-varying premia to macroeconomic fundamentals 

(Cooper and Priestley, 2009). Other studies, such as Ludvigson and Ng (2009), find little evidence that ties 

the macroeconomy to bond risk premia. They write that an unanswered question is whether such 

movements in bond market risk premia bear any relation to the macroeconomy, as economic theory predicts 

(Cooper and Priestley, 2009; Ludvigson and Ng, 2009). 

Cooper and Priestley (2009) are to our best knowledge some of the first to show that a specific 

macroeconomic variable can predict bond returns. They conduct an analysis of bond returns, similar to the 

one conducted in this thesis of stock returns. More specifically, Cooper and Priestley (2009) test whether 

their business cycle variable, measuring the output gap, predicts bond returns. Their idea is to add further 

support to the notion that the output gap is an important predictor of risk premia and provide a direct link 

between the macroeconomy and bond risk premia. They find evidence that excess bond returns are 

predictable both in-sample and out-of-sample. Hence, this finding adds support to the ability of the output 

gap to describe the time variation in expected returns and risk premia (Cooper and Priestley, 2009). 

In relation to this thesis, the finding of Cooper and Priestley (2009), successfully relating a business cycle 

variable to bond returns, may spark a justified belief and motivation that the predictable power of the 

cyclical macroeconomic variables presented here also extends to bond returns. 

 

7.2.2 Alternative Detrending Methods 

Another defining decision of this thesis is the choice of detrending method. There is no theoretical guidance 

regarding an appropriate choice of econometric method to isolate cyclical variation in macroeconomic 

aggregates. Therefore, it may be relevant to further study alternative detrending methods and its 

implications for stock return predictability. Cooper and Priestley (2009), Møller and Priestley (2019), and 

Møller et al. (2020) present an array of detrending methods as alternatives to the Hamilton (2018) method 

applied in this thesis. Examples are a simple linear trend, a linear trend with a breakpoint, a quadratic trend, 
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a cubic trend, a stochastic detrending method of Campbell (1991) and Hodrick (1992), including more 

(Møller et al., 2020; Cooper and Priestley, 2009; Møller and Priestley, 2019). Møller et al. (2020) and 

Møller and Priestley (2019) suggest that using the detrending process of Hamilton (2018) as a benchmark 

specification provides a conservative view of the degree of stock return predictability. They argue that the 

procedure to isolate cyclical variation in macroeconomic aggregates appears to be largely irrelevant, as they 

find substantial stock return predictability applying the different detrending methods (Møller et al., 2020). 

These above findings of Møller et al. (2020) are obviously based on cyclical consumption. However, it 

remains a question to be answered whether this is also the case when it comes to cyclical GDP, cyclical 

industrial production, and cyclical investment. Hence, evidence showing robust predictive power of our 

variables across detrending method appears as a natural extension to the present study. 

 

7.2.3 Alternative Macroeconomic Variables 

This thesis focuses on the cyclical variation in output (measured as GDP and industrial production) and 

investment as alternative stock return predictors to the proven predictability of cyclical consumption. The 

choice of the specific macroeconomic aggregates in this thesis is well-founded both empirically and 

theoretically. However, this does not exclude that testing other macroeconomic aggregates may be both 

empirically and theoretically sensible. Specifically, we can think of employment, import, or export as 

examples of possible macroeconomic data alternatives. Møller and Priestley (2019) link cyclical 

consumption and time-varying discount rates with employment growth, and other studies show that labour 

hiring predicts stock returns (Belo et al., 2014). Concerning the cyclical variation in import and export as 

stock return predictors, the argumentation can be similar to the one we present in this thesis. Import and 

export, as well as output, consumption, and investment, are part of the national income accounting identity 

in an open economy. Thus, import and export may also significantly predict stock returns and possibly 

further extend the evidence of the ability of macroeconomic variables as stock return predictors. 

Finally, alternative macroeconomic predictors may also emerge from combining variables already existing 

in the literature, inspired by our introduction of an average variable of cyclical GDP, cyclical industrial 

production, cyclical investment, and cyclical consumption. The in-sample predictability of the average of 

the cyclical macroeconomic variables indicates that a variable that collects predictability from the different 

macroeconomic aggregates may capture stock returns even better than the individual variables. Rangvid 

(2017) is an inspirational source of combining already existing variables into one common variable (sum 

of the parts) to capture higher fractions of stock returns, however, nobody to our knowledge has applied 

this method only using macroeconomic variables. 
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8 Conclusion 
Several examples reveal that financial markets have vast implications for individuals. Therefore, 

researchers have for more than three decades studied stock return predictability as a part of understanding 

the underlying mechanisms of financial markets. The recent study of Møller et al. (2020) links 

macroeconomic fluctuations to expected returns. They show strong evidence that the cyclical component 

of consumption captures a significant fraction of the variation in expected stock returns. But are these 

findings confined to consumption as macroeconomic aggregate alone? If expected returns are predictable 

using a cyclical component of consumption, expected returns may also be predictable using a cyclical 

component of other closely related macroeconomic aggregates. 

This thesis studies the cyclical component of key macroeconomic variables as stock return predictors, and 

hence, provides new empirical evidence on the link between macroeconomic fluctuations and expected 

returns. We propose three novel macroeconomic predictor variables – cyclical GDP, cyclical industrial 

production, and cyclical investment – and show that they capture a significant fraction of the variation in 

expected stock returns at various horizons ranging from one quarter to five years over the postwar period. 

We employ the detrending method of Hamilton (2018) to extract the cyclical component of GDP, industrial 

production, and investment, respectively. The results document a robust inverse relation between cyclical 

GDP, cyclical industrial production, and cyclical investment and future expected returns; when economic 

conditions improve, stock prices rise, and future expected returns fall. Analogous, when economic 

conditions worsen, stock prices fall, and future expected returns rise. 

The predictive properties of cyclical GDP, cyclical industrial production, and cyclical investment are in 

general terms on the same level as cyclical consumption presented by Møller et al. (2020). More 

specifically, cyclical investment and cyclical industrial production are the best predictors on the long 

horizons, while cyclical consumption is the best predictor on the short horizons. The predictive power of 

the cyclical macroeconomic variables is largely unaffected considering excess, real, and nominal returns 

both on the S&P 500 index and on the CRSP value-weighted index. However, cyclical consumption 

contains extra information about excess stock returns not captured by cyclical GDP, cyclical industrial 

production, and cyclical investment, while this is not case on real and nominal returns. 

We conduct a battery of robustness tests that confirms the predictive power of cyclical GDP, cyclical 

industrial production, and cyclical investment. Their predictive power is; 1) robust after adjusting for the 

bias caused by overlapping observations in the long-horizon statistics, 2) greater than that of numerous 

popular predictor variables rationalised by their ability to track business cycle conditions, 3) evident in 

international equity markets using G7 data, 4) confined to both good and bad economic times at longer 
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horizons, and 5) stable over time. The in-sample predictive ability is furthermore validated out-of-sample. 

We find that the cyclical macroeconomic variables individually forecast future returns out-of-sample better 

than the historical average return. 

Taken together, the results imply that the cyclical component of consumption is not unique as stock return 

predictor relative to the cyclical component of other well-known macroeconomic aggregates. Overall, this 

thesis concludes that cyclical GDP, cyclical industrial production, and cyclical investment generally capture 

the fluctuations in expected stock returns to the same extent as cyclical consumption. Furthermore, these 

findings constitute new evidence of countercyclical and time-varying risk premia that link stock return 

predictability directly to fluctuations in output and investment. In other words, our empirical evidence lends 

support to the idea that stock return predictability is a rational response to changing business conditions. 

This is consistent with the theoretical explanations of asset prices and the role of habit formation, as 

suggested by Campbell and Cochrane (1999), and the view that the variation in expected returns reflects 

the rational response of agents to time-varying risk aversion. 

Using the variables cyclical GDP, cyclical industrial production, cyclical investment, and cyclical 

consumption, we present forecasts of the expected annual excess return from stocks over the next five years, 

2019 to 2023. Our results reveal that returns are expected to be low. This is in line with what an extensive 

literature has shown before us. We estimate yearly expected excess return from stocks in the range of 2.6% 

to 3.9%. This is below the historical average of realised excess returns of 5.2% per year. A sustained period 

of lower returns, as both this study and several other studies indicate, will have substantial implications for 

society. However, resetting expectations for less generous times, with lower returns than the past, is at least 

an essential starting point. 

Given the nature of the thesis, possible extensions may relate to alternatives to stock return predictability, 

alternative detrending methods, or alternative macroeconomic predictor variables. 
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10 Appendix 

1 Definitions of U.S. National Accounts Data 

1.1 Consumption 

Personal consumption expenditure (PCE) The goods and services purchased by persons. 
Durable goods Tangible products that can be stored or inventoried 

and that have an average life of at least three years. 
Nondurable goods Tangible products that can be stored or inventoried 

and that have an average life of less than three 
years. 

Services Products that cannot be stored and are consumed at 
the place and time of their purchase. 

 

1.2 GDP 

Gross domestic product (GDP) The market value of goods and services produced 
by labour and property in the United States, 
regardless of nationality; GDP replaced gross 
national product (GNP) as the primary measure of 
U.S. production in 1991. 

 

1.3 Investment 

Gross private domestic investment The sum of gross private domestic fixed 
investment, the change in private inventories, and 
government gross investment. 

Fixed investment The change in the physical volume of inventories 
owned by private business, valued at the average 
prices of the period. It differs from the change in 
the book value of inventories reported by many 
businesses; the difference is the inventory 
valuation adjustment (IVA). 

Change in private inventories The change in the physical volume of inventories 
owned by private business, valued at the average 
prices of the period. It differs from the change in 
the book value of inventories reported by many 
businesses; the difference is the inventory 
valuation adjustment (IVA). 
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2 Time Series Plots of Cyclical Macroeconomic Variables ! = #$ 

The figures plot cyclical GDP, cyclical industrial production, cyclical investment, and cyclical consumption 

along with shaded bars representing NBER recession dates over the period from 1953Q4 to 2018Q4. 

2.1 Cyclical GDP 

 

2.2 Cyclical Industrial Production 
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2.3 Cyclical Investment 

 

2.4 Cyclical Consumption 
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3 Time Series Plot of Stock Returns 

The figure shows the yearly (ℎ = 4) excess stock returns for the CRSP value-weighted index over the 

period from 1953Q4 to 2018Q4. The S&P 500 stock returns as well as the returns on real and nominal are 

similar to the plot below why we only show one plot. 

 

 

4 Correlation Coefficients ! = #$ 

The table displays the Pearson correlation coefficients between cyclical GDP, cyclical industrial 

production, cyclical investment, and cyclical consumption and the stock returns. The sample covers the 

period from 1947Q1 to 2018Q4. 

 

  

-0.70

-0.50

-0.30

-0.10

0.10

0.30

0.50

1953 1959 1965 1971 1976 1982 1988 1994 1999 2005 2011 2017

cy cp ci cc Excess S&P 500 Excess CRSP Real S&P 500 Real CRSP S&P 500 CRSP
cy 1.00 0.89 0.77 0.83 -0.29 -0.27 -0.27 -0.26 -0.26 -0.24
cp 1.00 0.85 0.69 -0.31 -0.30 -0.30 -0.29 -0.29 -0.28
ci 1.00 0.62 -0.26 -0.25 -0.23 -0.23 -0.22 -0.21
cc 1.00 -0.37 -0.35 -0.35 -0.33 -0.30 -0.28

Excess S&P 500 1.00 0.99 0.99 0.99 0.98 0.97
Excess CRSP 1.00 0.98 0.99 0.97 0.98
Real S&P 500 1.00 0.99 0.99 0.97

Real CRSP 1.00 0.98 0.99
S&P 500 1.00 0.99

CRSP 1.00

Correlation Coefficients
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5 Predictive Regressions ! = #$ 

The tables present the results from the predictive regression analysis of the form 7!,!'D = G + ÄW! + <!,!'D, 

where 7!,!'D is the ℎ-quarter-ahead continuously compounded stock return on the S&P 500 index and the 

CRSP value-weighed index, and W! is cyclical GDP, cyclical industrial production, cyclical investment, 

and cyclical consumption. The tables show the results for excess returns (Panel A), real returns (Panel B), 

and nominal returns (Panel C). For each regression, the tables report the coefficient, the Newey-West 

corrected t-statistic truncated at ℎ lags in parentheses, and the ?Å+ in percent in square brackets. The 

significance of the coefficients is indicated by *, **, and *** representing the 10%, 5%, and 1% level, 

respectively. The data sample spans the period from 1947Q1 to 2018Q4. 

5.1 Cyclical GDP 

 

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.27*** -1.00*** -1.69*** -2.32*** -2.98*** 3.50***

t-stat (-2.78) (-3.41) (-3.54) (-3.99) (-4.39) (-4.54)

[2.32] [8.16] [13.12] [19.31] [26.06] [27.18]

CRSP -0.27*** -0.96*** -1.57*** -2.13*** -2.74*** -3.23***

t-stat (-2.58) (-3.09) (-3.25) (-3.93) (-4.50) (-4.67)

[2.02] [7.14] [11.34] [17.11] [24.29] [25.80]

S&P 500 -0.25** -0.95*** -1.63*** -2.27*** -2.97*** -3.58***

t-stat (-2.55) (-3.23) (-3.40) (-3.77) (-4.20) (-4.44)

[1.93] [7.02] [11.26] [16.50] [22.25] [23.99]

CRSP -0.25** -0.91*** -1.51*** -2.08*** -2.73*** -3.31***

t-stat (-2.37) (-2.94) (-3.15) (-3.76) (-4.34) (-4.61)

[1.68] [6.18] [9.81] [14.81] [21.05] [23.17]

S&P 500 -0.24** -0.86*** -1.45*** -2.01*** -2.67*** -3.28***

t-stat (-2.42) (-2.88) (-2.81) (-3.02) (-3.34) (-3.66)

[1.72] [6.26] [9.94] [14.85] [21.17] [24.08]

CRSP -0.24** -0.83*** -1.33*** -1.82*** -2.42*** -3.01***

t-stat (-2.25) (-2.62) (-2.58) (-2.90) (-3.28) (-3.68)

[1.48] [5.40] [8.36] [12.80] [19.26] [22.49]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns

!

"#$
!

"#$

!

"#$
!

"#$

!

"#$
!

"#$
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5.2 Cyclical Industrial Production 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.17*** -0.61*** -0.94*** -1.29*** -1.71*** -2.12***

t-stat (-2.86) (-3.15) (-2.96) (-3.94) (-5.82) (-6.96)

[3.12] [9.56] [12.94] [18.77] [27.16] [32.27]

CRSP -0.18*** 0.60*** -0.90*** 1.20*** -1.59*** -1.96***

t-stat (-2.73) (-2.98) (-2.84) (-3.95) (-5.88) (-6.32)

[2.90] [8.75] [11.66] [17.25] [25.81] [30.91]

S&P 500 -0.17*** 0.60*** -0.94*** -1.30*** -1.74*** -2.2***

t-stat (-2.74) (-3.03) (-2.88) (-3.89) (-6.18) (-8.36)

[2.89] [8.88] [11.95] [17.13] [24.26] [29.26]

CRSP -0.17*** -0.59*** -0.89*** -1.22*** -1.62*** -2.04***

t-stat (-2.63) (-2.90) (-2.81) (-4.00) (-6.76) (-7.99)

[2.71] [8.21] [10.93] [16.04] [23.48] [28.57]

S&P 500 -0.16*** -0.55*** -0.85*** -1.17*** -1.59*** -2.02***

t-stat (-2.65) (-2.92) (-2.61) (-3.21) (-4.58) (-6.23)

[2.64] [8.27] [11.00] [16.07] [23.86] [29.77]

CRSP -0.16** -0.54*** -0.80** -1.09*** -1.47*** -1.87***

t-stat (-2.54) (-2.77) (-2.52) (-3.21) (-4.69) (-6.22)

[2.46] [7.54] [9.81] [14.58] [22.34] [28.18]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns

!

"#$
!

"#$

!

"#$
!

"#$

!

"#$
!

"#$
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5.3 Cyclical Investment 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.08** -0.28*** -0.47** -0.74*** -1.06*** -1.30***

t-stat (-2.57) (-2.74) (-2.57) (-4.10) (-7.78) (-9.15)

[2.22] [6.24] [9.75] [18.53] [30.84] [36.09]

CRSP -0.09** -0.28*** -0.45** -0.70*** -0.99*** 1.20***

t-stat (-2.54) (-2.71) (-2.55) (-4.23) (-8.16) (-8.78)

[2.21] [5.90] [9.00] [17.58] [29.57] [34.09]

S&P 500 -0.08** -0.25** -0.42** -0.67*** -0.98*** -1.23***

t-stat (-2.33) (-2.48) (-2.32) (-3.63) (-6.81) (-8.37)

[1.74] [4.95] [7.39] [13.76] [22.57] [26.90]

CRSP -0.08** -0.26** -0.41** -0.63*** -0.91*** -1.12***

t-stat (-2.32) (-2.47) (-2.31) (-3.74) (-7.23) (-8.08)

[1.77] [4.73] [6.87] [13.15] [21.72] [25.47]

S&P 500 -0.07** -0.23** -0.37** -0.59*** -0.86*** -1.09***

t-stat (-2.26) (-2.37) (-2.05) (-2.87) (-4.44) (-5.32)

[1.59] [4.39] [6.30] [12.01] [20.71] [25.63]

CRSP -0.08** -0.23** -0.35** -0.55*** -0.79*** -0.99***

t-stat (-2.24) (-2.34) (-2.01) (-2.87) (-4.36) (-5.04)

[1.62] [4.15] [5.68] [11.09] [19.14] [23.29]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns

!

"#$

!

"#$

!

"#$

!

"#$

!

"#$

!

"#$
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5.4 Cyclical Consumption 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.45*** -1.67*** -2.85*** -3.55*** -4.50*** -5.43***

t-stat (-3.41) (-3.88) (-4.28) (-4.74) (-4.85) (-4.67)

[3.93] [13.30] [21.56] [25.88] [33.98] [36.97]

CRSP -0.44*** -1.62*** -2.70*** -3.31*** -4.21*** -5.07***

t-stat (-3.16) (-3.60) (-4.01) (-4.58) (-4.69) (-4.44)

[3.35] [11.72] [19.37] [23.59] [32.85] [35.98]

S&P 500 -0.44*** -1.64*** -2.81*** -3.53*** -4.53*** -5.57***

t-stat (-3.25) (-3.60) (-3.90) (-4.19) (-4.22) (-4.11)

[3.60] [12.20] [19.45] [22.93] [29.61] [32.76]

CRSP -0.43*** -1.58*** -2.66*** -3.29*** -4.24*** -5.21***

t-stat (-3.02) (-3.36) (-3.67) (-4.02) (-3.99) (-3.82)

[3.09] [10.85] [17.70] [21.25] [29.11] [32.43]

S&P 500 -0.37*** -1.35*** -2.22*** -2.66*** -3.40*** -4.22***

t-stat (-2.79) (-3.05) (-3.11) (-3.12) (-3.18) (-3.23)

[2.59] [8.86] [13.52] [14.87] [19.59] [22.40]

CRSP -0.36*** -1.29*** -2.07*** -2.42*** -3.11*** -3.86***

t-stat (-2.59) (-2.83) (-2.90) (-2.94) (-2.99) (-3.02)

[2.17] [7.65] [11.75] [12.88] [18.03] [20.81]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns

!

"#$
!

"#$

!

"#$
!

"#$

!

"#$
!

"#$
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6 Specifications of Parameter ! 

The tables present the results from the predictive regression analysis of the form 7!,!'D = G + ÄW! + <!,!'D, 

where 7!,!'D is the ℎ-quarter-ahead continuously compounded stock return on the CRSP value-weighed 

index, and W! is cyclical GDP, cyclical industrial production, cyclical investment, and cyclical 

consumption. The cyclical macroeconomic variables are computed as specified in equation (36) for 

different values of parameter !. For each regression, the tables report the coefficient, the Newey-West 

corrected t-statistic truncated at ℎ lags in parentheses, and the ?Å+ in percent in square brackets. The 

significance of the coefficients is indicated by *, **, and *** representing the 10%, 5%, and 1% level, 

respectively. The data sample spans the period from 1947Q1 to 2018Q4. 
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6.1 Cyclical GDP 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20
k  = 4 -0.36 -1.55*** -1.94** -2.29** -2.22* -3.41**

t-stat (-1.43) (-2.73) (-2.12) (-2.53) (-1.77) (-2.38)
[0.71] [4.44] [3.74] [4.04] [3.05] [5.82]

k  = 8 -0.27* -0.95** -1.24* -1.40 -2.00 -2.83**
t-stat (-1.78) (-2.07) (-1.79) (-1.53) (-1.62) (-2.31)

[0.87] [3.21] [3.02] [2.96] [5.28] [8.31]
k  = 12 -0.22 -0.76** -1.00 -1.55 -2.20** -2.72***

t-stat (-1.60) (-2.12) (-1.58) (-1.60) (-2.03) (-2.66)
[0.67] [2.72] [2.64] [5.18] [8.90] [11.05]

k  = 16 -0.21* -0.72** -1.24* 1.90** -2.49*** -2.89***
t-stat (-1.75) (-1.99) (-1.85) (-2.30) (-3.03) (-3.36)

[0.82] [2.92] [5.13] [9.53] [14.36] [15.69]
k  = 20 -0.24** 0.90*** -1.49*** -2.11*** -2.61*** -3.15***

t-stat (-2.12) (-2.59) (-2.68) (-3.47) (-4.05) (-4.41)
[1.36] [5.40] [8.62] [14.03] [18.94] [21.88]

k  = 24 -0.27*** -0.96*** -1.57*** -2.13*** -2.74*** -3.23***
t-stat (-2.58) (-3.09) (-3.25) (-3.93) (-4.50) (-4.67)

[2.02] [7.14] [11.34] [17.11] [24.29] [25.80]
k  = 28 -0.26** -0.87*** -1.42*** -2.08*** -2.63*** -3.14***

t-stat (-2.56) (-2.90) (-2.87) (-3.65) (-4.26) (-4.38)
[2.04] [6.49] [10.36] [17.93] [23.97] [26.63]

k  = 32 -0.21** -0.82** -1.47*** -2.09*** -2.69*** -3.13***
t-stat (-2.07) (-2.57) (-2.75) (-3.53) (-4.38) (-4.00)

[1.26] [6.11] [11.80] [18.86] [25.90] [27.04]
k  = 36 -0.24** -0.92*** -1.55*** -2.23*** -2.77*** -3.08***

t-stat (-2.41) (-2.77) (-2.83) (-3.81) (-4.41) (-3.87)
[1.92] [7.97] [13.47] [21.34] [27.32] [26.21]

k  = 40 -0.25*** -0.95*** -1.65*** -2.29*** 2.70*** -3.04***
t-stat (-2.59) (-2.71) (-2.96) (-3.64) (-4.00) (-3.73)

[1.96] [8.47] [14.68] [21.49] [24.86] [24.59]
k  = 44 -0.25** -0.96** -1.66*** -2.17*** -2.68*** -3.09***

t-stat (-2.53) (-2.55) (-2.63) (-3.08) (-3.70) (-3.81)
[1.85] [8.08] [13.77] [17.89] [23.01] [23.63]

!

"#$
!

"#$
!

"#$
!

"#$
!

"#$
!

"#$
!
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!
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6.2 Cyclical Industrial Production 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20
k  = 4 -0.23** -0.81*** -0.89** -0.95** -0.95** -1.51***

t-stat (-1.97) (-3.20) (-2.15) (-2.47) (-2.01) (-2.88)
[1.72] [5.95] [3.78] [3.27] [2.65] [5.48]

k  = 8 -0.17** -0.52** -0.54 -0.62 -0.95* -1.41***
t-stat (-2.11) (-2.28) (-1.60) (-1.46) (-1.79) (-2.85)

[1.52] [3.94] [2.22] [2.22] [4.65] [8.16]
k  = 12 -0.14* -0.43** -0.50 -0.79 -1.17** -1.52***

t-stat (-1.96) (-2.06) (-1.44) (-1.63) (-2.27) (-3.32)
[1.19] [3.08] [2.27] [4.63] [8.78] [12.00]

k  = 16 -0.14** -0.45** -0.70* -1.04** -1.40*** -1.76***
t-stat (-2.01) (-2.13) (-1.85) (-2.33) (-3.41) (-4.94)

[1.24] [3.89] [5.42] [9.50] [15.10] [19.24]
k  = 20 -0.16** -0.57*** -0.86** -1.16*** -1.52*** -1.91***

t-stat (-2.39) (-2.62) (-2.46) (-3.19) (-4.81) (-6.08)
[1.96] [7.05] [9.19] [13.56] [20.59] [25.68]

k  = 24 -0.18*** -0.60*** -0.90*** 1.20*** -1.59*** -1.96***
t-stat (-2.73) (-2.98) (-2.84) (-3.95) (-5.88) (-6.32)

[2.90] [8.75] [11.66] [17.25] [25.81] [30.91]
k  = 28 -0.15** -0.52*** -0.80*** -1.15*** -1.55*** 1.90***

t-stat (-2.42) (-2.74) (-2.64) (-3.78) (-5.27) (-5.40)
[2.20] [7.36] [10.48] [17.37] [26.28] [31.86]

k  = 32 -0.14** -0.50*** -0.81*** -1.18*** -1.57*** 1.90***
t-stat (-2.25) (-2.62) (-2.60) (-3.67) (-4.96) (-4.96)

[2.03] [7.19] [11.30] [19.16] [28.70] [33.60]
k  = 36 -0.14** -0.51*** -0.85*** -1.24*** -1.61*** -1.88***

t-stat (-2.32) (-2.71) (-2.67) (-3.71) (-4.87) (-4.83)
[2.14] [8.21] [13.32] [21.95] [31.34] [34.16]

k  = 40 -0.15** -0.54*** -0.89*** -1.27*** -1.57*** -1.88***
t-stat (-2.55) (-2.75) (-2.76) (-3.69) (-4.69) (-5.09)

[2.45] [9.47] [15.23] [23.62] [31.00] [35.68]
k  = 44 -0.14** -0.52** -0.89** 1.20*** -1.58*** -1.92***

t-stat (-2.32) (-2.52) (-2.58) (-3.32) (-4.72) (-5.44)
[1.98] [8.65] [14.63] [20.52] [30.56] [35.83]
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6.3 Cyclical Investment 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20
k  = 4 -0.06 -0.20 -0.22 -0.39* -0.43** -0.64**

t-stat (-1.22) (-1.63) (-1.10) (-1.90) (-2.17) (-2.53)
[0.30] [1.29] [0.71] [2.25] [2.26] [4.02]

k  = 8 -0.04 -0.13 -0.20 -0.35 -0.50** -0.66**
t-stat (-0.87) (-1.05) (-1.02) (-1.61) (-2.02) (-2.57)

[-0.03] [0.62] [1.02] [2.79] [4.91] [6.76]
k  = 12 -0.05 -0.16 -0.25 -0.45** -0.61*** -0.76***

t-stat (-1.25) (-1.51) (-1.55) (-2.15) (-2.64) (-3.29)
[0.32] [1.52] [2.28] [6.11] [9.47] [11.45]

k  = 16 -0.06 -0.21** -0.38** -0.61*** -0.82*** -1.03***
t-stat (-1.51) (-2.23) (-2.14) (-2.88) (-4.12) (-6.08)

[0.60] [3.06] [5.61] [11.77] [18.03] [22.20]
k  = 20 -0.07** -0.27** -0.44** -0.67*** -0.91*** -1.16***

t-stat (-2.04) (-2.52) (-2.39) (-3.41) (-5.98) (-8.89)
[1.31] [5.09] [8.11] [14.81] [23.27] [29.71]

k  = 24 -0.09** -0.28*** -0.45** -0.70*** -0.99*** 1.20***
t-stat (-2.54) (-2.71) (-2.55) (-4.23) (-8.16) (-8.78)

[2.21] [5.90] [9.00] [17.58] [29.57] [34.09]
k  = 28 -0.08** -0.24** -0.42** -0.72*** -0.97*** -1.19***

t-stat (-2.38) (-2.35) (-2.41) (-4.35) (-6.66) (-6.95)
[1.94] [4.67] [8.22] [19.28] [29.83] [35.89]

k  = 32 -0.07* -0.24** -0.45*** -0.71*** -0.97*** -1.16***
t-stat (-1.95) (-2.34) (-2.60) (-3.98) (-6.02) (-5.88)

[1.35] [4.75] [10.17] [20.43] [32.27] [37.02]
k  = 36 -0.07** -0.27*** -0.46** -0.72*** -0.94*** -1.06***

t-stat (-2.21) (-2.72) (-2.55) (-3.92) (-5.23) (-4.99)
[1.77] [6.54] [11.49] [22.98] [33.38] [33.45]

k  = 40 -0.08** -0.27** -0.48*** -0.73*** -0.88*** -1.00***
t-stat (-2.47) (-2.54) (-2.73) (-3.72) (-4.44) (-4.79)

[2.18] [6.89] [13.05] [23.65] [29.21] [30.24]
k  = 44 -0.08** -0.29*** -0.52*** -0.71*** -0.90*** -1.05***

t-stat (-2.36) (-2.59) (-2.58) (-3.17) (-4.33) (-5.32)
[2.01] [7.63] [13.73] [20.22] [28.30] [30.63]
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6.4 Cyclical Consumption 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20
k  = 4 -0.88* -3.00** -5.97*** -6.61*** -7.27*** -10.78***

t-stat (-1.74) (-2.34) (-3.04) (-3.78) (-3.64) (-4.92)
[1.33] [4.32] [9.80] [9.26] [9.21] [15.68]

k  = 8 -0.68** -2.62*** -4.04*** -4.58*** -6.68*** -8.71***
t-stat (-2.36) (-2.97) (-3.11) (-3.34) (-4.40) (-4.96)

[2.24] [8.85] [11.94] [11.82] [20.81] [27.27]
k  = 12 -0.45** -1.77*** -2.77*** -4.27*** -5.99*** -7.02***

t-stat (-1.97) (-2.73) (-2.72) (-3.86) (-5.11) (-5.70)
[1.47] [6.43] [9.00] [16.66] [27.51] [30.06]

k  = 16 -0.35* -1.32** -2.89*** -4.27*** -5.32*** -5.88***
t-stat (-1.93) (-2.55) (-3.55) (-4.76) (-5.66) (-5.19)

[1.09] [4.83] [13.46] [22.96] [30.75] [30.18]
k  = 20 -0.42*** -1.71*** -3.18*** -4.06*** -4.71*** -5.61***

t-stat (-2.59) (-3.85) (-4.24) (-5.37) (-5.71) (-5.15)
[2.37] [10.75] [21.18] [27.73] [32.68] [36.50]

k  = 24 -0.44*** -1.62*** -2.70*** -3.31*** -4.21*** -5.07***
t-stat (-3.16) (-3.60) (-4.01) (-4.58) (-4.69) (-4.44)

[3.35] [11.72] [19.37] [23.59] [32.85] [35.98]
k  = 28 -0.33*** -1.25*** -2.06*** -2.93*** -3.79*** -4.31***

t-stat (-2.59) (-3.22) (-3.33) (-3.95) (-4.27) (-4.02)
[2.01] [8.08] [13.24] [21.47] [29.89] [29.26]

k  = 32 -0.28** -1.00*** -2.01*** -2.81*** -3.34*** -3.87***
t-stat (-2.50) (-2.61) (-3.09) (-3.71) (-3.87) (-3.48)

[1.50] [5.80] [14.34] [21.93] [25.46] [25.64]
k  = 36 -0.29** -1.17*** -2.15*** -2.68*** -3.23*** -3.47***

t-stat (-2.44) (-2.98) (-3.34) (-3.83) (-3.96) (-3.06)
[1.87] [8.84] [17.62] [20.96] [24.88] [21.54]

k  = 40 -0.33*** -1.17*** -1.89*** -2.46*** -2.74*** -2.91***
t-stat (-3.05) (-3.04) (-3.10) (-3.69) (-3.22) (-2.70)

[2.58] [9.05] [13.87] [17.64] [18.09] [15.41]
k  = 44 -0.23* -0.91** -1.70*** -2.03*** -2.29*** -2.43***

t-stat (-1.95) (-2.27) (-2.73) (-2.70) (-2.63) (-2.23)
[1.05] [5.33] [10.91] [11.65] [12.35] [10.44]

!

"#$
!

"#$
!

"#$
!

"#$
!

"#$
!

"#$
!

"#$
!

"#$
!

"#$
!

"#$
!

"#$



131 of 155 

7 Time Series Plots of the Cyclical Macroeconomic Variables Optimised ! 

The figures plot cyclical GDP, cyclical industrial production, cyclical investment, and cyclical consumption 

along with shaded bars representing NBER recession dates over the period from 1955Q4 to 2018Q4. 

7.1 Cyclical GDP 

 

7.2 Cyclical Industrial Production 
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7.3 Cyclical Investment 
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8 Correlation Coefficients Optimised ! 

The table displays the Pearson correlation coefficients between cyclical GDP, cyclical industrial 

production, cyclical investment, and cyclical consumption and the stock returns. The sample covers the 

period from 1947Q1 to 2018Q4. 

 

  

cy cp ci cc Excess S&P 500 Excess CRSP Real S&P 500 Real CRSP S&P 500 CRSP
cy 1.00 0.90 0.56 0.71 -0.31 -0.30 -0.31 -0.30 -0.29 -0.28
cp 1.00 0.67 0.62 -0.33 -0.31 -0.33 -0.32 -0.31 -0.30
ci 1.00 0.63 -0.23 -0.23 -0.22 -0.21 -0.19 -0.18
cc 1.00 -0.37 -0.35 -0.35 -0.33 -0.30 -0.28

Excess S&P 500 1.00 0.99 0.99 0.99 0.98 0.97
Excess CRSP 1.00 0.98 0.99 0.97 0.98
Real S&P 500 1.00 0.99 0.99 0.97

Real CRSP 1.00 0.98 0.99
S&P 500 1.00 0.99

CRSP 1.00

Correlation Coefficients
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9 Alternative Predictor Variables - Predictive Regressions 

The tables present results of predictive regression analysis using six alternative predictors of the form !!,!#$ =
# + %&! + '!,!#$, where !!,!#$ is the ℎ-quarter-ahead continuously compounded stock return on the S&P 500 

index and the CRSP value-weighted index, and &! is price-dividend, price-earnings, price-output, relative T-bill 

rate, investment to capital ratio, and consumption-wealth ratio. The tables show the results for excess returns 

(Panel A), real returns (Panel B), and nominal returns (Panel C). For each regression, the tables report the 

coefficient, the Newey-West corrected t-statistic truncated at ℎ lags in parentheses, and the )*% in percent in 

square brackets. The significance of the coefficient is indicated by *, **, and *** representing the 10%, 5%, and 

1% level, respectively. The data sample spans the period from 1953Q4 to 2018Q4. 

9.1 Price-Dividend 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.02* -0.08* -0.13 -0.15 -0.18 -0.25**

t-stat (-1.68) (-1.74) (-1.49) (-1.35) (-1.44) (-2.02)

[0.85] [3.56] [5.04] [5.20] [5.74] [8.59]

CRSP -0.02* -0.09* -0.13 -0.15 -0.17 -0.22**

t-stat (-1.72) (-1.86) (-1.60) (-1.46) (-1.54) (-2.21)

[0.91] [3.80] [5.27] [5.28] [5.45] [7.67]

S&P 500 -0.03* -0.10** -0.16* -0.20* -0.25** -0.35***

t-stat (-1.89) (-2.02) (-1.87) (-1.85) (-2.10) (-2.93)

[1.16] [4.72] [7.14] [8.28] [9.97] [14.23]

CRSP -0.03* -0.10** -0.16** -0.20** -0.24** -0.32***

t-stat (-1.93) (-2.16) (-2.04) (-2.06) (-2.38) (-3.45)

[1.22] [5.01] [7.53] [8.63] [10.09] [13.78]

S&P 500 -0.03** -0.12*** -0.21*** -0.28*** -0.35*** -0.46***

t-stat (-2.53) (-2.77) (-2.74) (-2.99) (-3.70) (-5.47)

[2.26] [8.67] [14.51] [18.76] [23.52] [31.25]

CRSP -0.03** -0.13*** -0.22*** -0.28*** -0.34*** -0.44***

t-stat (-2.52) (-2.89) (-2.93) (-3.27) (-4.21) (-6.59)

[2.26] [8.88] [14.97] [19.38] [24.11] [30.99]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns
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!

"#$
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!
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!
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9.2 Price-Earnings 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.01 -0.04 -0.05 -0.06 -0.04 -0.05

t-stat (-0.42) (-0.90) (-0.75) (-0.59) (-0.32) (-0.36)

[-0.26] [0.59] [0.54] [0.43] [-0.10] [0.04]

CRSP -0.01 -0.04 -0.05 -0.06 -0.04 -0.05

t-stat (-0.42) (-0.88) (-0.77) (-0.66) (-0.34) (-0.36)

[-0.26] [0.56] [0.57] [0.60] [-0.09] [-0.02]

S&P 500 -0.01 -0.05 -0.08 -0.10 -0.10 -0.13

t-stat (-0.56) (-1.15) (-1.18) (-1.05) (-0.82) (-0.88)

[-0.17] [1.17] [1.71] [2.09] [1.54] [2.21]

CRSP -0.01 -0.05 -0.08 -0.10 -0.10 -0.13

t-stat (-0.55) (-1.13) (-1.24) (-1.19) (-0.90) (-0.97)

[-0.17] [1.12] [1.79] [2.48] [1.72] [2.28]

S&P 500 -0.02 -0.08* -0.13** -0.17* -0.19 -0.24

t-stat (-1.06) (-1.85) (-2.00) (-1.87) (-1.60) (-1.61)

[0.48] [4.06] [6.24] [8.22] [8.02] [9.90]

CRSP -0.02 -0.08* -0.13** -0.18** -0.19* -0.24***

t-stat (-1.03) (-1.77) (-2.00) (-1.98) (-1.67) (-1.72)

[0.43] [3.86] [6.36] [9.09] [8.78] [10.46]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns
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!
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9.3 Price-Output 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.02 -0.08* -0.15* -0.20* -0.26** -0.35**

t-stat (-1.40) (-1.88) (-1.91) (-1.88) (-2.04) (-2.45)

[0.39] [2.71] [5.52] [7.82] [10.27] [14.55]

CRSP -0.02 -0.09** -0.15** -0.20** -0.24** -0.32**

t-stat (-1.49) (-2.02) (-2.08) (-2.05) (-2.20) (-2.55)

[0.50] [3.05] [5.83] [7.92] [10.06] [13.55]

S&P 500 -0.02 -0.09** -0.18** -0.26** -0.34*** -0.46***

t-stat (-1.62) (-2.19) (-2.31) (-2.36) (-2.61) (-3.14)

[0.65] [3.78] [7.76] [11.48] [15.49] [21.28]

CRSP -0.02* -0.10** -0.19*** -0.25*** -0.32*** -0.43***

t-stat (-1.71) (-2.36) (-2.58) (-2.66) (-2.96) (-3.46)

[0.77] [4.17] [8.25] [11.94] [15.89] [21.02]

S&P 500 -0.03** -0.13*** -0.25*** -0.35*** -0.46*** -0.59***

t-stat (-2.48) (-3.41) (-3.85) (-4.17) (-4.72) (-5.48)

[1.91] [8.50] [17.24] [25.69] [33.85] [42.83]

CRSP -0.03** -0.14*** -0.26*** -0.35*** -0.44*** -0.56***

t-stat (-2.51) (-3.54) (-4.16) (-4.61) (-5.26) (-5.86)

[2.00] [8.89] [17.87] [26.49] [34.97] [42.89]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns
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9.4 Relative T-Bill Rate 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -4.09* -9.61 -8.67 -11.93* -15.57** -20.97**

t-stat (-1.86) (-1.27) (-1.48) (-1.86) (-2.09) (-2.49)

[1.58] [2.12] [0.73] [1.24] [1.88] [2.81]

CRSP -4.34* -10.44 -8.77 -12.44** -15.02** -19.29**

t-stat (-1.88) (-1.35) (-1.45) (-2.03) (-2.10) (-2.30)

[1.59] [2.42] [0.76] [1.48] [1.95] [2.63]

S&P 500 -4.25* -10.18 -8.46 -10.03 -12.57 -17.61*

t-stat (-1.90) (-1.29) (-1.26) (-1.41) (-1.43) (-1.76)

[1.70] [2.32] [0.60] [0.64] [0.87] [1.50]

CRSP 4.50* -11.01 -8.56 -10.54 -12.02 -15.92*

t-stat (-1.92) (-1.38) (-1.27) (-1.58) (-1.45) (-1.66)

[1.72] [2.65] [0.64] [0.83] [0.91] [1.36]

S&P 500 -3.36 -6.46 -2.87 -4.55 -7.76 -12.74

t-stat (-1.53) (-0.83) (-0.44) (-0.61) (-0.79) (-1.15)

[0.97] [0.79] [-0.27] [-0.16] [0.17] [0.79]

CRSP -3.61 -7.29 -2.96 -5.06 -7.21 -11.05

t-stat (-1.56) (-0.92) (-0.44) (-0.70) (-0.76) (-1.04)

[1.01] [1.04] [-0.26] [-0.08] [0.14] [0.59]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns
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9.5 Investment to Capital Ratio 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -4.35*** -14.63*** -23.89*** -34.95*** -46.75*** -55.21***

t-stat (-3.00) (-2.81) (-2.79) (-4.11) (-5.99) (-6.03)

[3.10] [8.75] [12.97] [21.58] [31.58] [34.29]

CRSP -4.45*** -14.56*** -23.22*** -33.63*** -44.61*** -52.21***

t-stat (-2.85) (-2.70) (-2.74) (-4.20) (-6.11) (-6.06)

[2.88] [8.19] [12.32] [21.02] [31.85] [34.23]

S&P 500 -4.04*** -13.53** -21.82** -32.34*** -44.29*** -53.53***

t-stat (-2.74) (-2.52) (-2.46) (-3.71) (-5.52) (-5.33)

[2.57] [7.13] [9.99] [16.52] [24.37] [27.07]

CRSP -4.15*** -13.47** -21.14** -31.03*** -42.15*** -50.53***

t-stat (-2.62) (-2.44) (-2.42) (-3.78) (-5.60) (-5.28)

[2.41] [6.75] [9.57] [16.27] [24.84] [27.29]

S&P 500 -3.30** -10.65** -16.85* -25.91** -36.46*** -43.85***

t-stat (-2.31) (-2.05) (-1.82) (-2.51) (-3.33) (-3.47)

[1.65] [4.67] [6.56] [12.08] [19.41] [21.73]

CRSP -3.40** -10.58** -16.18* 24.60** -34.32*** -40.85***

t-stat (-2.21) (-1.96) (-1.76) (-2.47) (-3.26) (-3.43)

[1.55] [4.34] [6.07] [11.45] [19.00] [20.94]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns
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9.6 Consumption-Wealth Ratio 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 0.51** 1.84** 3.21*** 4.43*** 5.79*** 6.70***

t-stat (2.46) (2.52) (2.68) (3.02) (3.63) (3.75)

[1.73] [5.80] [9.59] [13.81] [18.37] [18.46]

CRSP 0.51** 1.80** 3.10** 4.23*** 5.38*** 6.08***

t-stat (2.31) (2.36) (2.53) (2.95) (3.38) (3.07)

[1.52] [5.24] [8.97] [13.27] [17.56] [16.97]

S&P 500 0.64*** 2.34*** 4.13*** 5.69*** 7.35*** 8.51***

t-stat (3.03) (3.15) (3.36) (3.79) (4.46) (4.45)

[2.85] [9.25] [15.02] [20.71] [25.70] [25.30]

CRSP 0.64*** 2.30*** 4.02*** 5.50*** 6.95*** 7.90***

t-stat (2.86) (2.98) (3.23) (3.79) (4.29) (3.79)

[2.54] [8.55] [14.53] [20.70] [25.79] [24.62]

S&P 500 0.54*** 1.89*** 3.19*** 4.19*** 5.17*** 5.55***

t-stat (2.69) (2.91) (3.03) (3.22) (3.34) (2.91)

[1.99] [6.49] [9.94] [12.77] [14.81] [12.71]

CRSP 0.54** 1.86*** 3.08*** 4.00*** 4.76*** 4.94**

t-stat (2.52) (2.72) (2.87) (3.16) (3.04) (2.32)

[1.75] [5.87] [9.32] [12.23] [13.85] [11.13]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns

!

"#$
!

"#$

!

"#$
!

"#$

!

"#$
!

"#$
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10 Alternative Predictor Variables - Summary Statistics and Time Series Plots 

10.1 Summary Statistics 

The table provides summary statistics for price-dividend, price-earnings, price-output, relative T-bill rate, 

investment to capital ratio, and consumption-wealth ratio. The summary statistics include the time series 

average (mean), standard deviation (std), first-order autocorrelation (K(1)), and the t-statistic for the 

Augmented Dickey-Fuller (ADF) test for a unit root where the critical values are -2.57 for 10%, -2.87 for 

5%, and -3.44 for 1% indicated by *, **, and ***, respectively. The data sample spans the period from 

1953Q4 to 2018Q4. 

 

 

  

mean std ρ (1) ADF
pd 3.58 0.39 0.97 -1.77
pe 2.84 0.42 0.93 -2.83*
py -2.52 0.37 0.97 -1.59
RREL 0.00 0.00 0.72 -6.46***
i/k 0.04 0.00 0.97 -3.99***
cay 0.00 0.02 0.96 -1.69

Summary Statistics
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The table displays the Pearson correlation coefficients between cyclical GDP, cyclical industrial production, cyclical investment, and cyclical 

consumption and the stock returns. The sample covers the period from 1953Q4 to 2018Q4. 

 

 

  

pd pe py RREL ik cay cy cp ci cc Excess S&P 500 Excess CRSP Real S&P 500 Real CRSP S&P 500 CRSP
pd 1.00 0.73 0.69 -0.01 0.20 0.01 0.31 0.44 0.37 0.13 -0.20 -0.20 -0.23 -0.23 -0.30 -0.30
pe 1.00 0.60 -0.18 -0.11 0.12 0.21 0.19 0.10 0.09 -0.10 -0.10 -0.12 -0.12 -0.21 -0.21
py 1.00 0.06 0.09 -0.18 0.13 0.30 0.28 -0.01 -0.18 -0.19 -0.20 -0.21 -0.30 -0.30
RREL 1.00 0.29 -0.17 0.11 0.21 0.29 0.12 -0.16 -0.17 -0.16 -0.17 -0.11 -0.12
ik 1.00 -0.20 0.53 0.70 0.73 0.53 -0.30 -0.29 -0.27 -0.27 -0.22 -0.22
cay 1.00 0.02 -0.16 -0.10 -0.08 0.25 0.24 0.31 0.30 0.26 0.25
cy 1.00 0.90 0.56 0.71 -0.31 -0.30 -0.31 -0.30 -0.29 -0.28
cp 1.00 0.67 0.62 -0.33 -0.31 -0.33 -0.32 -0.31 -0.30
ci 1.00 0.63 -0.23 -0.23 -0.22 -0.21 -0.19 -0.18
cc 1.00 -0.37 -0.35 -0.35 -0.33 -0.30 -0.28

Excess S&P 500 1.00 0.99 0.99 0.99 0.98 0.97
Excess CRSP 1.00 0.98 0.99 0.97 0.98
Real S&P 500 1.00 0.99 0.99 0.97

Real CRSP 1.00 0.98 0.99
S&P 500 1.00 0.99

CRSP 1.00

Correlation Coefficients
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10.2 Time Series Plots 
The figures plot price-dividend, price-earnings, price-output, relative T-bill rate, investment to capital ratio, 

and consumption-wealth ratio over the period from 1953Q4 to 2018Q4. 

10.2.1 Price-Dividend 

 

10.2.2 Price-Earnings 
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10.2.3 Price-Output 

 

 

10.2.4 Relative T-Bill Rate 
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10.2.5 Investment to Capital Ratio 

 

 

10.2.6 Consumption-Wealth Ratio 
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11 International Evidence Summary Statistics Optimised ! 
The table provides summary statistics for cyclical GDP, cyclical industrial production, cyclical investment, 

and cyclical consumption as well as for the yearly (ℎ = 4) stock returns on excess the MSCI G7 index. The 

summary statistics include the time series average (mean), standard deviation (std), first-order 

autocorrelation (%(1)), and the t-statistic for the Augmented Dickey-Fuller (ADF) test for a unit root where 

the critical values are -2.57 for 10%, -2.87 for 5%, and -3.44 for 1% indicated by *, **, and ***, 

respectively. The data sample spans the period from 1977Q1 to 2018Q4. 

 

 

 

  

mean (%) std (%) ρ (1) ADF
cy 0.00 2.55 0.97 -1.99
cp 0.00 5.13 0.95 -2.33
ci 0.00 7.11 0.94 -2.61*
cc 0.00 3.36 0.96 -3.22**

Excess MSCI G7 2.77 16.89 0.05 -3.85***

Summary Statistics
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12 International Evidence ! = #$ 

12.1 Predictive Regression 
The table presents the results from the international predictive regression analysis of the form (!,!#$ = ) +
+,! + -!,!#$, where (!,!#$ is the ℎ-quarter-ahead continuously compounded excess return on the MSCI G7 

index, and ,! is the G7 measures of the cyclical macroeconomic variables. The table shows the results for 

cyclical GDP, cyclical industrial production, cyclical investment, and cyclical consumption. For each 

regression, the table reports the coefficient, the Newey-West corrected t-statistic truncated at ℎ lags in 

parentheses, and the ./% in percent in square brackets. The significance of the coefficient is indicated by *, 

**, and *** representing the 10%, 5%, and 1% level, respectively. The data sample spans the period from 

1977Q1 to 2018Q4. 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

-0.69*** -2.62*** -5.00*** -6.29*** -6.57*** -6.28***

t-stat (-3.31) (-3.82) (-4.06) (-4.36) (-5.19) (-6.13)

[6.28] [22.12] [38.32] [43.43] [43.75] [37.67]

-0.45*** -1.57*** -2.86*** -3.63*** -3.90*** -3.80***

t-stat (-3.59) (-3.82) (-4.27) (-5.34) (-6.73) (-6.82)

[8.58] [25.11] [40.05] [46.11] [48.88] [44.32]

-0.24*** -0.97*** -2.02*** -2.77*** -2.93*** -2.77***

t-stat (-2.66) (-3.35) (-4.05) (-5.07) (-5.72) (-6.32)

[4.25] [17.34] [35.14] [45.95] [47.10] [40.74]

-0.45** -2.09*** -4.27*** -5.45*** -5.96*** -5.95***

t-stat (-2.40) (-3.12) (-3.33) (-3.41) (-4.04) (-5.65)

[2.83] [16.26] [32.63] [38.55] [42.60] [40.39]

Panel A: Cyclical GDP

Panel B: Cyclical Industrial Production

Panel C: Cyclical Investment

Panel D: Cyclical Consumption

!

"#$

!

"#$

!

"#$

!

"#$
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12.2 Summary Statistics 
The table provides summary statistics for cyclical GDP, cyclical industrial production, cyclical investment, 

and cyclical consumption as well as for the yearly (ℎ = 4) stock returns on excess the MSCI G7 index. The 

summary statistics include the time series average (mean), standard deviation (std), first-order 

autocorrelation (%(1)), and the t-statistic for the Augmented Dickey-Fuller (ADF) test for a unit root where 

the critical values are -2.57 for 10%, -2.87 for 5%, and -3.44 for 1% indicated by *, **, and ***, 

respectively. The data sample spans the period from 1977Q1 to 2018Q4. 

 

 

  

mean (%) std (%) ρ (1) ADF
cy 0.00 3.12 0.96 -2.78*
cp 0.00 5.52 0.94 -2.58*
ci 0.00 7.61 0.96 -2.73*
cc 0.00 3.36 0.96 -3.22**

Excess MSCI G7 2.77 16.89 0.05 -3.85***

Summary Statistics
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13 Subsample from 2000Q1 to 2018Q4 
The table presents the results from the subsamples predictive regression analysis of the form (!,!#$ = ) +
+,! + -!,!#$, where (!,!#$ is the ℎ-quarter-ahead continuously compounded excess return on the CRSP 

value-weighted index, and ,! is the cyclical macroeconomic variables. The table shows the results for 

cyclical GDP (Panel A), cyclical industrial production (Panel B), cyclical investment (Panel C), and cyclical 

consumption (Panel D) for a subsample from 2000Q1 to 2018Q4. For each regression, the table reports the 

coefficient, the Newey-West corrected t-statistic truncated at ℎ lags in parentheses, and the ./% in percent 

in square brackets. The significance of the coefficient is indicated by *, **, and *** representing the 10%, 

5%, and 1% level, respectively. 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

2000-2018 -0.27** -1.11** -2.00** -2.70*** -3.40*** -4.16***

t-stat (-2.03) (-2.19) (-2.33) (-2.94) (-4.29) (-7.21)

[2.91] [13.53] [23.04] [34.82] [48.48] [57.62]

2000-2018 -0.16* -0.70** -1.22** -1.51*** -1.85*** -2.18***

t-stat (-1.86) (-2.54) (-2.48) (-3.01) (-4.38) (-6.54)

[3.43] [16.89] [27.24] [35.08] [48.70] [58.77]

2000-2018 -0.09* -0.36*** -0.66*** -0.81*** -0.97*** -1.15***

t-stat (-1.72) (-2.70) (-2.83) (-3.82) (-5.38) (-6.62)

[3.42] [13.74] [24.34] [33.97] [46.51] [57.89]

2000-2018 -0.58*** -1.95*** -2.85** -3.26** -3.87*** -4.71***

t-stat (-2.71) (-2.71) (-2.21) (-2.53) (-3.33) (-4.94)

[6.17] [16.74] [19.59] [23.71] [32.48] [39.88]

Panel A: Cyclical GDP

Panel B: Cyclical Industrial Production

Panel C: Cyclical Investment

Panel D: Cyclical Consumption

!

"#$

!

"#$

!

"#$

!

"#$
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14 Orthogonal Regressions 
The tables present the results from the predictive regression analysis of the form (!,!#$ = ) + +,! + -!,!#$, 

where (!,!#$ is the ℎ-quarter-ahead continuously compounded stock return on the S&P 500 index and the 

CRSP value-weighted index, and ,! is the residuals from the orthogonal regressions. The tables show the 

results for excess returns (Panel A), real returns (Panel B), and nominal returns (Panel C). For each 

regression, the tables report the coefficient, the Newey-West corrected t-statistic truncated at ℎ lags in 

parentheses, and the ./% in percent in square brackets. The significance of the coefficient is indicated by *, 

**, and *** representing the 10%, 5%, and 1% level, respectively. The data sample spans the period from 

1947Q1 to 2018Q4. 

14.1 Cyclical GDP versus Cyclical Consumption 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.09 -0.41 -0.71 -1.18 -0.90 -0.76

t-stat (-0.73) (-0.94) (-0.83) (-0.94) (-0.57) (-0.43)

[-0.25] [0.41] [0.85] [2.00] [0.66] [0.18]

CRSP -0.08 -0.42 -0.77 -1.28 -1.01 -0.89

t-stat (-0.65) (-0.96) (-0.94) (-1.12) (-0.75) (-0.61)

[-0.29] [0.41] [1.06] [2.61] [1.11] [0.50]

S&P 500 -0.10 -0.49 -0.93 -1.61 -1.59 -1.73

t-stat (-0.83) (-1.09) (-1.05) (-1.14) (-0.87) (-0.83)

[-0.20] [0.73] [1.63] [3.62] [2.51] [2.22]

CRSP -0.09 -0.50 -0.99 -1.71 -1.70 -1.85

t-stat (-0.74) (-1.12) (-1.18) (-1.34) (-1.08) (-1.06)

[-0.24] [0.72] [1.93] [4.50] [3.38] [3.03]

S&P 500 -0.12 -0.58 -1.18 -2.08 -2.32 -2.60

t-stat (-1.00) (-1.36) (-1.46) (-1.61) (-1.36) (-1.33)

[-0.10] [1.31] [3.22] [7.27] [6.90] [6.72]

CRSP -0.11 -0.59 -1.24 -2.18* -2.44* -2.72*

t-stat (-0.90) (-1.39) (-1.61) (-1.86) (-1.66) (-1.65)

[-0.17] [1.27] [3.58] [8.52] [8.49] [8.30]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns

!

"#$
!

"#$

!

"#$
!

"#$

!

"#$
!

"#$
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14.2 Cyclical Industrial Production vs. Cyclical Consumption 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.08 -0.30 -0.48 -0.83 -1.02* -1.38**

t-stat (-1.13) (-1.31) (-1.12) (-1.49) (-1.74) (-2.44)

[0.17] [1.58] [2.32] [5.45] [6.71] [9.73]

CRSP -0.08 -0.31 -0.50 -0.82 -0.96* -1.26**

t-stat (-1.07) (-1.31) (-1.16) (-1.55) (-1.81) (-2.53)

[0.10] [1.57] [2.45] [5.57] [6.55] [9.08]

S&P 500 -0.09 -0.35 -0.59 -1.02* -1.30** -1.74***

t-stat (-1.29) (-1.48) (-1.34) (-1.72) (-2.05) (-2.84)

[0.35] [2.14] [3.38] [7.41] [9.34] [13.03]

CRSP -0.09 -0.36 -0.60 -1.00* -1.23** -1.62***

t-stat (-1.23) (-1.50) (-1.40) (-1.81) (-2.21) (-3.08)

[0.27] [2.14] [3.58] [7.76] [9.53] [12.83]

S&P 500 -0.09 -0.37* -0.65 -1.14** -1.47** -1.92***

t-stat (-1.36) (-1.69) (-1.59) (-2.06) (-2.47) (-3.18)

[0.40] [2.65] [4.77] [10.74] [14.31] [18.83]

CRSP -0.09 -0.38* -0.67* -1.13** -1.41*** -1.79***

t-stat (-1.29) (-1.70) (-1.67) (-2.18) (-2.69) (-3.49)

[0.30] [2.61] [4.95] [11.05] [14.47] [18.38]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns

!

"#$
!

"#$

!

"#$
!

"#$

!

"#$
!

"#$
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14.3 Cyclical Investment versus Cyclical Consumption 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.02 -0.03 -0.12 -0.40 -0.63* -0.83**

t-stat (-0.36) (-0.24) (-0.45) (-1.13) (-1.83) (-2.25)

[-0.33] [-0.34] [0.04] [3.21] [6.95] [9.72]

CRSP -0.02 -0.04 -0.12 -0.39 -0.59* -0.76**

t-stat (-0.41) (-0.29) (-0.46) (-1.18) (-1.90) (-2.40)

[-0.31] [-0.31] [0.05] [3.21] [6.83] [9.07]

S&P 500 -0.01 -0.02 -0.08 -0.35 -0.58 -0.79**

t-stat (-0.28) (-0.14) (-0.30) (-0.95) (-1.61) (-2.01)

[-0.36] [-0.39] [-0.21] [2.04] [4.96] [7.20]

CRSP -0.02 -0.03 -0.09 -0.34 -0.55* -0.72**

t-stat (-0.33) (-0.20) (-0.32) (-1.00) (-1.72) (-2.20)

[-0.34] [-0.37] [-0.20] [2.07] [4.90] [6.74]

S&P 500 -0.02 -0.03 -0.11 -0.41 -0.68* -0.90**

t-stat (-0.37) (-0.22) (-0.40) (-1.10) (-1.87) (-2.36)

[-0.33] [-0.35] [-0.01] [3.44] [8.16] [11.52]

CRSP -0.02 -0.04 -0.11 -0.40 -0.64** -0.83**

t-stat (-0.41) (-0.28) (-0.41) (-1.16) (-1.97) (-2.56)

[-0.31] [-0.32] [0.00] [3.46] [8.06] [10.85]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns

!

"#$
!

"#$

!

"#$
!

"#$

!

"#$
!

"#$
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14.4 Cyclical Consumption versus Cyclical GDP 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.34* -1.21** -2.20** -2.74* -4.12** -5.05**

t-stat (-1.83) (-2.24) (-2.09) (-1.76) (-2.03) (-2.14)

[0.75] [3.07] [5.70] [6.43] [12.00] [14.06]

CRSP -0.34* -1.16** -1.99** -2.36* -3.66** -4.51**

t-stat (-1.79) (-2.20) (-2.08) (-1.75) (-2.09) (-2.17)

[0.65] [2.54] [4.53] [4.93] [10.51] [12.56]

S&P 500 -0.31* -1.09** -1.94* -2.33 -3.55 -4.36*

t-stat (-1.68) (-1.99) (-1.80) (-1.41) (-1.63) (-1.71)

[0.55] [2.31] [4.00] [4.01] [7.46] [8.53]

CRSP -0.32* -1.04** -1.73* -1.96 -3.10 -3.82*

t-stat (-1.65) (-1.97) (-1.80) (-1.37) (-1.62) (-1.67)

[0.48] [1.90] [3.11] [2.91] [6.34] [7.39]

S&P 500 -0.23 -0.72 -1.09 -0.97 -1.68 -2.15

t-stat (-1.24) (-1.36) (-1.07) (-0.62) (-0.83) (-0.94)

[0.13] [0.84] [1.13] [0.44] [1.61] [2.15]

CRSP -0.24 -0.66 -0.88 -0.59 -1.22 -1.61

t-stat (-1.23) (-1.30) (-0.95) (-0.42) (-0.68) (-0.78)

[0.09] [0.58] [0.58] [-0.09] [0.77] [1.17]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns

!

"#$
!

"#$

!

"#$
!

"#$

!

"#$
!

"#$
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14.5 Cyclical Consumption vs. Cyclical Industrial Production 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.29* -1.08** -1.95** -2.25* -2.93* -3.20*

t-stat (-1.69) (-2.34) (-2.39) (-1.90) (-1.87) (-1.65)

[0.68] [3.12] [5.92] [5.75] [8.05] [7.17]

CRSP -0.29 -1.02** -1.79** -2.01** -2.71** -2.99*

t-stat (-1.63) (-2.32) (-2.52) (-2.03) (-1.98) (-1.69)

[0.55] [2.53] [4.84] [4.77] [7.63] [7.05]

S&P 500 -0.26 -0.96** -1.75** -1.95 -2.56 -2.79

t-stat (-1.48) (-2.01) (-2.01) (-1.54) (-1.55) (-1.39)

[0.42] [2.31] [4.28] [3.73] [5.09] [4.36]

CRSP -0.26 -0.91** -1.58** -1.72 -2.34 -2.58

t-stat (-1.43) (-2.00) (-2.10) (-1.60) (-1.59) (-1.38)

[0.33] [1.85] [3.45] [3.00] [4.76] [4.24]

S&P 500 -0.19 -0.66 -1.07 -0.90 -1.16 -1.18

t-stat (-1.13) (-1.44) (-1.36) (-0.83) (-0.86) (-0.76)

[0.07] [0.94] [1.52] [0.58] [0.89] [0.57]

CRSP -0.19 -0.60 -0.90 -0.67 -0.94 -0.97

t-stat (-1.09) (-1.38) (-1.31) (-0.72) (-0.79) (-0.68)

[0.02] [0.64] [0.95] [0.14] [0.53] [0.32]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns

!

"#$
!

"#$

!

"#$
!

"#$

!

"#$
!
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14.6 Cyclical Consumption versus Cyclical Investment 

 

 

  

h  = 1 h  = 4 h  = 8 h  = 12 h  = 16 h  = 20

S&P 500 -0.35* -1.41*** -2.39*** -2.47** 2.80** -2.99*

t-stat (-1.82) (-2.66) (-3.08) (-2.46) (-2.20) (-1.82)

[1.13] [5.59] [8.94] [7.07] [7.34] [6.41]

CRSP -0.34* -1.35** -2.25*** -2.26** 2.60** -2.82*

t-stat (-1.69) (-2.53) (-3.10) (-2.55) (-2.19) (-1.77)

[0.89] [4.74] [7.84] [6.15] [7.01] [6.37]

S&P 500 -0.35* -1.40** -2.44*** -2.60** -2.98** -3.28*

t-stat (-1.81) (-2.54) (-2.81) (-2.27) (-2.10) (-1.80)

[1.08] [5.32] [8.68] [6.99] [7.10] [6.40]

CRSP -0.34* -1.35** -2.31*** -2.39** -2.78** -3.11*

t-stat (-1.68) (-2.44) (-2.86) (-2.34) (-2.07) (-1.72)

[0.85] [4.56] [7.77] [6.26] [6.96] [6.53]

S&P 500 -0.27 -1.1** -1.79** -1.58 -1.60 -1.64

t-stat (-1.43) (-2.11) (-2.23) (-1.55) (-1.36) (-1.15)

[0.55] [3.39] [5.02] [2.69] [2.10] [1.58]

CRSP -0.26 -1.05** -1.66** -1.37 -1.40 -1.46

t-stat (-1.32) (-1.99) (-2.20) (-1.50) (-1.23) (-1.02)

[0.39] [2.78] [4.20] [2.03] [1.72] [1.36]

Panel A: Excess Returns

Panel B: Real Returns

Panel C: Returns

!

"#$
!

"#$

!

"#$
!

"#$

!

"#$
!
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15 Expected Return over the Next Five Years Summary Statistics 
The table provides summary statistics for cyclical GDP, cyclical industrial production, cyclical investment, 

and cyclical consumption as well as for realised returns (per annum realised excess stock returns for a five-

year holding period on the CRSP value-weighted index). The summary statistics include the time series 

average (mean), standard deviation (std), minimum, and maximum. The data sample spans the period from 

1977Q1 to 2018Q4. 

 

mean (%) std (%) min (%) max (%)
cy 5.26 3.21 -0.99 11.76
cp 5.16 3.69 -2.03 12.56
ci 4.96 3.73 -4.42 15.37
cc 5.34 3.67 -2.32 13.93

Method 1 5.05 3.95 -3.95 14.07
Method 2 5.11 3.12 -1.27 11.21

Realised Returns 5.25 6.20 -11.94 19.46

Summary Statistics


