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EXECUTIVE SUMMARY 

This thesis investigates the relationship between the business cycle and risk premia-based investing strategies 

in the US stock market since 1963. A business cycle score is developed using a four-phase classification 

scheme to categorize the business cycle into either an expansion, slowdown, recession, or recovery. Based on 

the classification scheme, two predictive classification models – the multinomial logistic regression and the 

support vector machines model – are developed using 25 leading macroeconomic, financial, and credit 

variables on five horizons of 0- to 12-months ahead. Out-of-sample forecasting tests reveal that the two models 

correctly predict 66% of the regimes on average with the multinomial logistic regression showing the best 

performance, particularly at short horizons with 77% and 74% accuracy at 1- and 3-months ahead. The 

regression results of the multinomial logistic regression also confirm prior literature on the significance of key 

indicators. The 6-month lagged yield spread, the S&P 500 yearly return, the number of new non-farm jobs 

added, and the ISM purchasing mangers’ index are significant at four out of five horizons. In general, many 

macroeconomic indicators have predictive power at short horizons, while financial and credit variables are 

highly predictive at longer horizons. 

The predictions of the two models are then applied in market-timing asset allocation strategies with the 

objective of timing the business cycle to maximize risk-adjusted return. The assets of analysis are the market 

portfolio and four long-short factor portfolios which includes the size, value, momentum, and volatility factor. 

Factor investing – also known as risk premia-based investing – entails targeting specific drivers of asset returns 

such as the ability of small-cap portfolios to outperform large-cap portfolios. Factor risk-premia can be targeted 

in single-factor models to generate higher returns, but combining several factors in multifactor models can 

both increase returns while lowering risk exposures due to high diversification benefits between factors. In 

order to find optimal portfolios over the business cycle, mean-variance and Black-Litterman optimization has 

been applied to the five assets for each regime. The out-of-sample results of market-timing strategies applying 

mean-variance optimization are not particularly favourable for investors timing the business cycle. Only at 

three horizons are the dynamic strategies able to outperform the market portfolio in terms of Sharpe ratio and 

Jensen’s alpha, however, the information ratio is negative across the board. When compared to a naïve 1/N 

portfolio, none of the dynamic strategies are able to outperform this benchmark. In addition, neither of the two 

predictive models dominate one or the other across the horizons, but the average out-of-sample performance 

of portfolios using the support vector machine are marginally better. When applying the Black-Litterman 

approach, we are able to generate less extreme weights that more accurately reflects the estimated risk premia 

over the business cycle. As a result, the out-of-sample results of all dynamic market-timing strategies are able 

to outperform the benchmark in terms of Sharpe ratio, significant Jensen’s alpha and positive information 

ratios. However, once again, the 1/N portfolio outperforms all the dynamic portfolios and active investors are 

best off resorting to naïve diversification rather than attempting to time asset allocation over the business cycle.  
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1. INTRODUCTION 

In financial markets, as in life, timing is key. If you invested $10,000 in the S&P 500 in February 2009 and 

sold your holdings ten years later in February 2019, your wealth would have increased to $37,369 or by 274%. 

However, had you invested 18 months prior in September 2007, your wealth ten years later in September 2017 

would have been 16,624, an increase of 66%. In hindsight, everyone is a genius, but the lesson for investors is 

clear; the gains from timing asset reallocations are tremendous. However, as Soren Kierkegaard once said; life 

can only be understood backwards, but it must be lived forward. Just as life, asset returns are hard to predict. 

For decades, investors have tried to achieve abnormal high returns by predicting stock returns over bull and 

bear markets using all kinds of information (Guidoa, et al., 2011). However, the empirical evidence on the 

performance of active mutual funds are at best mixed and rarely kind when taking transaction costs and 

management fees into account (Cai, et al., 2018). The (net)-underperformance of many active mutual funds 

confirms the proposition of the efficient market hypothesis (EHM) that investors cannot consistently beat the 

market since asset prices already reflect all available information. The validity of the EHM is still rigorously 

discussed in academic research with many researchers finding that stocks have a predictable component, but 

few suggests that this can be timed and capitalized upon by investors – at least not without incurring significant 

risk and high transaction costs (Kirby & Ostdiek, 2012). In recent decades, the real challenge to the EHM has 

not come from the predictability of individual stocks, asset classes or industries, but rather from observed 

market anomalies of specific drivers of asset returns. These drivers are certain characteristics of the assets – 

also known as style factors – such as their relative size, book-to-market equity, and volatility. Researchers 

have proven that forming portfolios based on these factors can significantly and consistently improve average 

returns with high diversification benefits (Adrian, et al., 2014). According to Fama & French (1989), the so-

called factor anomalies do not represent a market inefficiency, but rather an additional risk factor that investors 

can be exposed towards in the hope of higher return but at a cost of incurring more risk. Many of the equity 

risk premia seems persistent to this date, however, researchers have also documented that factors are time-

varying over the business cycle (Arisoy, 2010). Thus, risk-premia investing represents both interesting 

opportunities for portfolio selection but also for tactical asset allocation over the business cycle. 

1.1 MOTIVATION 

The motivation behind this thesis is an interest in understanding the link between financial markets and the 

macroeconomy. This link has been studied extensively by economic researchers, particularly with the growing 

availability of information technology since the second half of the twentieth century (Franta, 2017). However, 

this thesis differs from most studies within financial economics in two important ways. First, it expands upon 

the classification of economic regimes by dividing the business cycle into four rather than merely two phases. 

As of July 2019, it has been 122 months since the last recession in the US, the longest ever expansionary run 

since records began in mid-19th century (NBER, 2019). During this period, however, asset returns have varied 
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significantly. For example, the S&P 500 experienced yearly negative returns for several months in both 2011-

2012, 2015 and 2018. In addition, only 93 months (13%) out of 715 months since 1960 have been classified 

as a recession by the National Bureau of Economic Research (NBER), creating huge imbalance in the study 

period. Upon expanding the business cycle phases, the common predictors of regime changes in the business 

cycle such as the yield spread, may no longer prove the best indicator. Therefore, this thesis re-examines the 

predictability of business cycle phases at different horizons testing macroeconomic, financial, and credit 

variables in a four-phase business cycle.        

 The thesis also differs from most previous research by studying equity factor investing – also known 

as risk premia-based investing strategies – rather than the aggregate stock market or asset classes. The thesis 

links the performance of risk premia-based investing strategies to the business cycle, asking whether investors 

can capitalize on timing of factor-investing strategies over the business cycle. Factor investing has gained great 

interest in the latest decades, both within academics and the investment industry (Angelidis & Tessaromatis, 

2017). According to Blackrock, the estimated asset under management within the factor industry is $1.9 trillion 

in 2018 and projected to increase to $3.4 trillion in 2022 (Blackrock, 2019). Unlike traditional stock-picking, 

factor-based investing attempts to generate higher returns, reducing risk, or increase diversification by 

targeting specific drivers of asset returns. Often a rule-based approach is applied rather than an investment 

manager’s analysis or “intuition” of an asset’s future returns. Popular examples of factors include value (versus 

growth stocks), momentum (winners versus losers), small cap (versus large cap), and volatility (low versus 

high). Many studies have examined the correlation, optimal allocation, and return across different factors 

(Fama & French, 1992; Vliet & Blitz, 2011; Jegadeesh et al., 2019), but to a much lesser extent have these 

factors been linked to the business cycle in a multi-phase setting. This thesis intends to answer questions such 

as; does value and momentum factors provide diversification benefits or are their returns simply inversely 

related across the business cycle? Which factors generate the highest return in the brief, but volatile periods of 

recessions and recoveries? When should investor decrease or increase their exposure to specific style factors 

to reduce volatility and increase returns? Thus, the link between the real economy and factor-based investing 

strategies present many profound and interesting questions, which will be studied in this thesis. 

1.2 PROBLEM STATEMENT 

The aim of this thesis is two-fold. First, an investigation into the classification and predictability of US business 

cycles will be carried out. The thesis expands on the classical binary partitioning of business cycles as either 

‘recession’ or ‘expansion’ with the addition of a ‘recovery’ and ‘slowdown’ phase. Second, a comparative 

analysis of asset returns for different factor-based investing strategies will be performed. This part of the 

analysis will emphasize the performance of risk premia-based investing strategies – based on the predictive 

models – versus a passive market-weighted portfolio and 1/N portfolio both for long-short hedge portfolios 

and for long-only factor portfolios. Thus, the aim and motivation of the thesis lead to the main research 

question:  
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Which predictive macro models are optimal for timing risk premia-based strategies over the business 

cycle? 

To examine the research question in detail, it will be split into four sub questions: 

1 How can the classification of US business cycles be extended to include four phases that reflect changes 

in real economic activity? 

2 Which predictive model provides the most accurate forecast of regime changes in the business cycles? 

3 How much, if any, can the predictive models improve asset returns on risk premia-based investing 

strategies versus a passive-market weighted stock portfolio and 1/N portfolio? 

Uncovering the answers to these sub questions should provide a meaningful answer to our main research 

question of business cycle predictability and how investors can capitalize on factors in the stock market across 

the business cycle. 

1.3 DELIMITATION 

This thesis studies two broad and profound topics within economics and finance. As a result, several limitations 

are imposed to narrow down the emphasis and objectives of the paper. First, many factors influence the 

development of economic activity from major fluctuations and innovations in key industries to politics and 

extreme weather. This thesis limits the variables of interest to key macroeconomic, financial and credit 

indicators, but in particular leading indicators which have theoretical relevance or empirically been proven to 

signal regime changes ahead of time. For example, inflation and GDP rates are key macroeconomic indicators, 

but they are both backward looking and often published at a significant delay. Furthermore, studies that have 

included these variables in their predictive models have found little or none evidence (Liu & Moench, 2016). 

 Second, the severity and amplitude of business cycle phases will not be addressed in detail, as the main 

focus is merely on the predictability of regime changes at different horizons. The forecasting models will 

emphasize which variables are either significant or improves the accuracy of the models, but causality or 

implications for policy makers are not addressed. We are merely interested in improving the predictability of 

macroeconomic models, not explain why a regime change has occurred.    

 Third, the thesis will not take into account market imperfections or taxation rules faced by the investor. 

Transaction costs or other constraints such as leverage of the proposed investment strategies will only be 

considered qualitatively due to the scope of this thesis. Even though financial markets have experienced a 

remarkable decline in trading and management fees in the latest decades, factor investing often comes at 

substantial costs. Even if the investors resort to low-cost ETFs, the performance of factor portfolios reported 

here most likely overstate the expected return significantly.     

 Fourth, only the period from 1960-2019 in the United States will be studied since it is the largest 
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economy, with international ties, and has a rich data history. For the portfolio factor analysis, we limit the 

sample period to 1963-2019 due to a lack of data on some factors. Data on factor returns are provided by 

Kenneth French who both has defined and sorted all the portfolios in advance. Thus, the definitions and 

portfolios of French are assumed to reflect current market practice. 

1.4 STRUCTURE OF STUDY  

Section 2 provides a literature review of the empirical research on the key indicators of business cycle turning 

points and its predictability. The section then moves on to a review of factor models for asset pricing with an 

emphasis on arbitrage pricing theory and risk premia-based investing strategies. Section 3 describes the sample 

period, data, and data handling. The section also describes the classification scheme of the four-phase business 

cycle developed and briefly reports the results, thus answering the first sub-question. Section 4 provides a 

methodological description of the two predictive classification then follows. Section 5 outlines the 

methodology for the portfolio optimization techniques and risk-premia investing analysis. Section 6 answers 

the second sub-question by presenting the results of the two predictive models applied to the task of forecasting 

US regimes. Section 7 summarizes the result of mean-variance optimization for both long-short and long-only 

factor portfolios with rebalancing according to the predictive models and then compares the performance to a 

passive market-weighted portfolio. Section 8 summarizes the result of Black-Litterman optimization for long-

only factor portfolios again based on the predictive macro models and compared to the market portfolio. 

Section 9 discusses the results of our analysis and the implications of the assumptions made throughout the 

thesis. Finally, section 10 concludes on the study. 
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2. LITERATURE REVIEW 

This section is divided into three subsections. The first section reviews the empirical literature and evidence 

on predicting regime changes using key macroeconomic, financial, and credit indicators. Throughout this 

section, variables for the predictive analysis will be identified and summarised. The next section establishes 

how the real economy and equity markets are linked with an emphasis on market timing strategies. Lastly, 

factor models will be reviewed with an emphasis on arbitrage pricing theory and risk premia-based investing 

over the business cycle. In this section, the equity factors studied in this will also be described and defined. 

2.1 THE BUSINESS CYCLE 

Most working definitions agrees upon the fact that business cycles are fluctuations in the aggregate level of 

economic activity. A more detailed definition applied by many researchers is given by Burns & Mitchell 

(1946): 

“Business cycles are a type of fluctuation found in the aggregate economic activity of nations that organize 

their work mainly in business enterprises: a cycle consists of expansions occurring at about the same time in 

many economic activities, followed by similarly general recessions, contractions, and revivals which merge 

into the expansion phase of the next cycle”, Burns & Mitchell, 1946 (p. 5 Ch. 1). 

The authors emphasize the importance of co-movement in economic activities, that is key economic indicators 

all move in the same direction. The co-movement in economic activities has been documented extensively by 

Sandqvist (2017), Tase (2019), and Ghosh & Wolf (1997). Camacho & Leiva-Leon (2019) tested disaggregate 

economic activity at sector levels for the US and found that some key industries are leading their non-cyclical 

counterparts in signalling regime changes. However, the movement of most sectors are almost always in the 

same direction during a turning point only with some different lags. Burns & Mitchell (1946) also describes 

the cyclical nature of real economic activity as consisting of several phases rather than merely an expansionary 

and contractionary phase. This idea can be presented visually by using some measure of real economic activity 

– often GDP – on the vertical-axis and time on the horizontal-axis as done in figure 2.1 
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Several studies have tested the existence of multiple regimes using different time-series models that allow for 

regime-switching (Guidolin & Hyde, 2012). The presence of multiple regimes has been well-established ever 

since Hamilton (1990) applied a Markov process with regime-switching to GDP growth rates and found the 

presence of three regimes. Since then, a huge body of literature has documented the existence of three or four 

distinct phases in the US economy (Boldin 1990; Weiser, 2003; Guidolin & Hyde, 2012). In addition, the 

duration and magnitude of regimes can differ significantly from cycle to cycle. Bondt & Vermeulen (2018) 

tested the asymmetry of business cycle regimes durations for G7 countries from 1948 to 2016 and found that 

US expansions on average last 60 months, while recessions only last 12 months. This asymmetry is explained 

by the gradual improvement in economic conditions that occur in expansions followed by abrupt declines in 

recessions (Vliet & Blitz, 2011).  

2.2 BUSINESS CYCLE PREDICTABILITY 

Since the early start of the 20th century, macroeconomists have tried to predict regime changes in the business 

cycle, particularly the abrupt and volatile recession period. The first models focused on the inverse relationship 

between a few key economic financial indicators such as stock prices to lead and short-term interest rates to 

lag business activity (Stock & Watson, 1993). These indicators were later expanded upon and combined into 

an index of leading indicators consisting of several measures of economic activity – an approach still applied 

to this day by the National Bureau of Economic Research and The Conference Board (Conference Board, 

2019). In the second half of the 20th century, more sophisticated econometric models were applied taking into 

account the non-linear nature of economic variables. However, the literature is not kind to macroeconomic 

forecasters. Since 1968, the Federal Reserve bank of Philadelphia have surveyed professional forecasters’ 

prediction of a decline in GDP in the following quarters ahead (see appendix A for graph). The only recession 

that more than 50% of forecasters correctly predicted ahead of time was the 1980 recession where interest rates 
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increased dramatically to combat inflation. For example, less than 20% of forecasters predicted the recessions 

in 1982 and 1990, while less than 30% predicted a recession to occur in 2001 and 2008 (Federal Reserve Bank 

of Philadelphia, 2019). An, Jalles, & Loungani (2018) tested the forecasting ability of economists’ predictions 

of future recessions across 63 countries from 1992-2014. They find 154 years of recessions in their sample 

period across the 63 economies. In April the year prior to a recession, 𝑡 − 1, only 5 recessions were forecasted 

correctly to occur in a year from now. In October the year prior to the recession, 𝑡 − 1, 14 recessions were 

correctly predicted and not until October in the actual year of the recession, 𝑡, does a majority of economists 

predict a recession. The findings show the difficulty in predicting recessions ahead of time, but also the 

recognition lag, that is, the number of months it takes for an algorithm/institution to recognize a recession.  

Despite the poor evidence for business cycle predictability, researchers have attempted to forecast the business 

cycle with many models and variables. They usually emphasize three types of indicators; (1) macroeconomic, 

(2) financial, (3) credit. Macroeconomic indicators capture measures of real economic activity such as 

production, employment, and investments. Financial variables describe asset prices and their implied risk, 

while credit variables contain interest rate (spreads) and lending conditions. 

2.2.1 MACROECONOMIC VARIABLES 

Many key macroeconomic variables such as industrial production, new orders of capital and consumer goods, 

purchasing manager’s indices (ISM PMI), new building permits, net exports, inflation, inventories, and many 

more have been studied extensively for their predictive power across several time periods and countries 

(Layton, 1996; Ozyildirim et al., 2010; Filardo, 2012; Liu & Moench, 2016). A review of each of these 

variables is not carried out here. Rather, macroeconomic variables can be classified into three categories 

depending on their signal’s lead time; leading, coincident, or lagging. In this thesis, we are particularly 

interested in leading indicators as these by definition leads the business cycle in signalling changes in real 

economic activity ahead of time. The Conference Board – a leading think-tank on macroeconomics and 

business cycles in the US – publishes a monthly leading economic index (LEI) ten macroeconomic variables 

are included in the LEI including a leading credit index (LCI), which can be found in appendix B. These 

variables are based on their historical track-record in signalling regime changes prior to its occurrence. The 

following variables are included; average weekly hours worked (manufacturing), average weekly claims for 

unemployment insurance, manufacturers’ new orders (consumer goods and materials), manufacturers’ new 

orders (non-defence capital goods excl. aircrafts), ISM purchasing managers’ index (PMI), new building 

permits, consumer confidence, the S&P 500 1-year return, and the yield term-spread. The LEI has been tested 

extensively in empirical research, and rarely have a majority of the leading indicators been significant in 

predicting regime changes (Levanon, et al., 2011). Layton (1996) and Ozyildirim et al. (2010) even divide the 

indicators of the LEI into a leading index and a long-leading index where Layton (1996) find evidence for the 

long-leading index to be more accurate at longer horizons ahead of recessions. Berge (2015) tests the predictive 

power of the LEI at horizons ranging from 0 to 24 months. He finds that indicators of real economic activity 
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– macroeconomic variables – are good predictors of the economy at short horizons with industrial production, 

job creation, and initial claims having a high pseudo-𝑅2 and an AUC of 0.90. Real personal incomes, new 

building permits, ISM purchasing mangers’ index, and average weekly working hours in manufacturing are 

all significant at 0- and 6-months horizon, but their pseudo-𝑅2 are lower ranging from 0.10 to 0.15. Serena Ng 

(2014) tests the predictability of 132 different real and financial indicators with different lags from 1961 to 

2011 using boosting classification techniques. Similar to Berge (2015), Serena Ng (2014) finds some 

macroeconomic variables of the LEI significant at short horizons such as the Michigan consumer survey 

(consumer sentiment), ISM.PMI, and total employment (job creation). She then calculates the variable 

importance of all 132 explanatory variables included in the model. While the average importance of some 

macroeconomic variables is significant and important at short horizons at 5%, the short-term models are still 

dominated by financial and credit variables with variable importance of 10-20%. Eric C.Y. Ng (2012) splits 

the LEI into financial and macroeconomic variables. He then creates a separate macroeconomic index 

consisting only of the eight indicators of real economic activity in the LEI. The macroeconomic index is 

significant at the 1- to 6-month lags, but has no predictive power beyond seven months. Even though the 

evidence for the leading indicators are mixed, we include all ten variables of LEI in the predictive models as 

they by definition are cyclical and leading the cycle. Proaño (2017) and Proaño & Tarassow (2018) applies an 

ordered probit model to a three-phase business cycle (acceleration, recession, and normal growth) in Germany, 

Japan and the US using several macroeconomic and credit variables. Proaño (2017) finds the ifo (German) 

business sentiment index to be significant at several short-term lags, but neither the industrial production index, 

foreign or domestic orders, and unemployment are significant at any lags. Proaño & Tarassow (2018) 

investigates the three-period business cycle in the US and Japan. Similarly, their findings indicate few 

macroeconomic variables are significant, however, the growth rate in industrial production and the consumer 

sentiment index were significant at some lags. 

2.2.2 FINANCIAL AND CREDIT VARIABLES 

While some macroeconomic variables have proven to be significant at short horizons, financial and credit 

variables have shown good performance across multiple horizons. In Proaño’s (2017) three-phase business 

cycle model of the German economy, several interest rate spreads such as the corporate bond spread to public 

securities (e.g. Baa-10 year to 10-year government yield spread) are significant at both short- and long-term 

lags including the Euribor rates and the DAX stock price index. Proaño & Tarassow (2018) investigates the 

three-period business cycle in the US and Japan. Similarly, their findings indicate that commercial and treasury 

yield spreads, the S&P 500, and Nikkei 225 are significant predictors at several lags for the US and Japan. Ng 

(2014) finds that at horizons of three and six months ahead, the spread between yields on 10-year Aaa-rated 

bonds and the 3-months fed funds rate is the best predictor, but at 12 months ahead, the risky (junk) bond 

yields and 5-year spreads are more important. Liu & Moench (2016) tests 34 macroeconomic, financial, and 

credit indicators including 10 different spreads for their predictive power at horizons from three months to 2 
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years ahead using logistic regression. At horizons a year or longer ahead, the term-spread between 10-year 

and 3-month fed funds rate alone has an estimated out-of-sample AUROC of 85% or higher, that is the true 

positives and negatives predictions by far outranks false positives and negatives. Adding a 6-month lagged 

term spread improves the AUROC slightly to ~90%. As Liu & Moench (2016) notes, adding the lagged term-

spread makes the term-spread more persistent to brief dips in the yield curve that would otherwise have 

signalled a recession. At shorter horizons of three to six months, the spread and its lag remain a good indicator 

of regime changes but adding the S&P 500 1-year return increases the AUROC from 77% to 94%. Berge 

(2015) also finds the corporate yield spread on Aaa- and Baa 10-year bonds to the 10-year treasury yield 

significant at all lags from 6- to 24-months, while the slope of the 10-year Treasury yield to the 3-month fed 

funds rate and the TED spread is significant at all lags from 0- to 24-months. Unlike Liu & Moench (2016), 

Berge (2015) finds the S&P 500 significant at the 0 and 6-month lag, but not at longer horizons. Eric C.Y. Ng 

(2014) confirms the results of Berge (2015) as his equity price index is significant at lags of 1- to 4-months, 

however. He also tests a housing price index which has high explanatory power at short horizons but not 

beyond four months. In his model, the yield spread on the 10-year Treasury bond to the three-months fed funds 

rate remain the best predictor of future recessions.      

 Nowadays, it is difficult to find a predictive model of regime changes that does not include the term-

spread – and with good reason. Since 1960, a negative term-spread has preceded all US recessions, however, 

the term spread has also been negative without a recession occurring within the next two years, for example in 

1966 and 1998 (Louis, 2019). Nevertheless, the cyclical nature of term spreads to decrease dramatically in the 

build up to recessions followed by sharp increases in the recovery phase and a gradual decrease in the 

slowdown phase makes it a good predictor for a multiphase business cycle (Vliet & Blitz, 2011). Estrella & 

Mishkin (1996) and Chaveut & Potter (2005) also find the term-spread to be the single best predictor of regime 

changes across classification and time-series models with the S&P 500 1-year return improving the accuracy 

of the models even further. Estrella & Hardouvelis (1991) was some of the first researchers to popularize the 

term-spread and explain its relevance. They tested its predictive power of GNP growth rates together with 

lagged output growth, lagged inflation, the index of leading indicators by NBER, and short- and long-term real 

interest rates. Once again, the slope of the yield curve outperforms professional forecasters both in- and out-

of-sample. Estrella & Hardouvelis (1991) regresses the yield spread on GNP and its component and find a 

positive relationship between an increase in the yield spread and the components of real GNP; consumption, 

consumer durables, and investment. Furthermore, Fama (1990) finds evidence that an increase in the term-

spread predicts an increase in the rate of inflation over the next five years and a decrease in real interest rates 

one, two, and three years ahead. Fama then postulates that the yield curve carries information about expected 

inflation rates, i.e. real interest rates, and thus expected monetary policy. In general, the yield curve embodies 

market’s expectations about changes in the fundamentals of the macro environment such as inflation, output 

growth and risk appetite (Hu, 1993). 
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2.2.3 OTHER VARIABLES  

New indicators are constantly being proposed by the investment industry and macroeconomists. A recently 

added indicator to the FRED database is Sahm’s unemployment index coined after the macroeconomist Claudia 

Sahm working as a section chief on the Federal Reserve Board of Governors (Louis, 2019). Sahm (2019) noted 

that the unemployment rate tends to lag the business cycle and peaks after a recession has run its course, 

however, the change in the unemployment rate relative to its minimum in the previous year tends to lead or 

coincide with the occurrence of business cycles. Specifically, the index takes the moving average of the last 

three month’s unemployment rate and then subtracts the minimum value of the unemployment rate in the 

previous 12 months. According to Sahm, when this index rises above 0.50 percentage points a recession is on 

the horizon. Since 1970, the index has predicted every recession with no false positives, and thus this indicator 

has been included in the predictive models.       

 Other interesting indicators have been excluded, not due to their lack of predictive evidence, but simply 

due to lack of historical data. Indicators of this type include media sentiment, for example, The Economists 

tracks the number of times articles in the 50 largest newspapers mentions the word ‘Recession’ or ‘Economic 

Slowdown’, but this data series is only available from 1992 (Economist, 2011). The same lack of historical 

data holds true for the volatility index (VIX) with 1990 being its first date of record, however, Bloomberg has 

extended the VIX to 1960 using historical options prices. Berge (2015) includes the VIX in his predictive 

models and finds it significant at 0, 6- and 24-month lags in his non-linear models, but not in his linear models. 

We therefore include the VIX in our predictive models as a measure of volatility in the financial market before 

1990 and expected volatility after 1990. Section 3.2.2 specifies the exact variables included in the predictive 

models, while section 6.1 reports their summary statistics. Table 2.1 provides an overview of the predictors 

identified in the empirical literature with significant predictive power that will be included in the analysis. 

 

2.3 THE LINK BETWEEN THE BUSINESS CYCLE AND EQUITY MARKETS 

A key topic in economics and finance is the link between the economy and the stock market. Stock markets 

are made up of individual firms, whose present value is equal to all future dividends discounted by its cost of 
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capital in Gordon’s growth model (Ross, et al., 2015). For a company that expects to exist forever, the price 

of its stock, 𝑃, is given by, 

𝑃 =
𝐷1

𝑟 − 𝑔
 

where 𝐷1 is the dividend on period ahead, 𝑟 is the firm’s cost of capital, and 𝑔 is constant growth rate of 

dividends in perpetuity. Any change in real economic activity that impacts a firm’s dividend discount (DD) 

valuation through 𝐷1, 𝑟, or 𝑔 is evidence of a link between the business cycle and the stock market. More 

generally, macro-wide economic shocks cause the price of assets and liabilities to change based on agents’ 

demand for the firm’s products and services (Liu & Moench, 2016). As consumption and risk preferences 

change for both firms and households due to nation-wide economic shocks, so does the firm’s future dividends, 

its growth rate, and the discount rate of the DD model. According to the efficient market hypothesis (EHM), 

stock prices reflect all available information and therefore the asset trades at its fair value (Malkiel, 2003). 

Thus, the EHM links the DD model and the real economy by saying that current prices reflect all available 

information both about the company, but also its competitors, its industry, and its sensitivity to the 

macroeconomy. The implications of the EHM are significant. Since stocks are fairly priced, equities are most 

likely to follow an unpredictable random walk and therefore stock-picking is not a reliable strategy for beating 

the market (Malkiel, 2003). Predicting stock returns has been attempted for many decades using everything 

from advanced regime-switching GARCH models to dividend-price ratios (McMillan, 2018). In this thesis, 

we are particularly interested in the branch of finance that relies on business cycle forecasting as a means to 

timing equity investments and portfolio rebalancing. According to Fama and French (1989), a rational 

explanation for stock return predictability is that expected returns time-vary over the business cycle. Fama and 

French estimates that stocks contain a risk premium that is low near peaks of the business cycle and high near 

its trough, and thus conclude that expected returns are significantly lower in good economic times and higher 

in poor economic periods. The countercyclical nature of the market risk premium has been documented 

extensively since Fama and French (Adrian et al., 2014; Kelly & Pruitt, 2013), with Duarte & Rosa (2014) 

estimating a market risk premium of 10.5% during the Great Recession compared to an average of 5.4%. It 

has also been documented extensively that stock markets move in tandem with the business cycle such that 

bull markets occur during expansions, while bear markets occur during recessions (Duarte & Rosa, 2014). 

Stock markets tend to have some lead time over the business cycle, but also contain much more variation than 

the smooth business cycle and more often than not sends false signals of an incoming recession (Adam & 

Merkel, 2019). In order to study the link between equity returns and the business cycle, Adam and Merkel 

(2019) replaces US stock returns with the dividend growth rate. They find that the dividend growth rate 

replicates the smooth development in the business cycle and predicts a positive and significant relationship 

between this equity metric and key macroeconomic variables such as investments, consumption, and hours 

worked. Ahmed and Lockwood (1998) tested the factor risk premium on macroeconomic indicators such as 
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industrial production, expected inflation, unexpected inflation and the term structure. They apply a dummy 

variable regression to distinguish between bull/bear and expansion/recession, while 20 different portfolios 

formed on size are their dependent variables. They found that the premium on unexpected inflation and 

industrial production was significantly different between both bull and bear markets, but also expansions and 

recessions. Multivariate tests rejected the hypothesis that risk premiums were similar across bull and bear 

markets, thus indicating that the business cycle matters for the investor’s risk exposure (Ahmed & Lockwood, 

1998). However, devising market-timing strategies that can improve asset allocation over the business cycle 

have proven challenging for researchers and practitioners. According Moskowitz (2000), who studied mutual 

funds’ performance from 1975-1994, mutual funds were able to generate yearly gross returns of 21.28% in 

recessions and net returns of 19.10% – an additional 6%-points over the gross and net returns in expansions – 

while the market return averaged -16% in those recessions. Even after adjusting the funds for size, book-to-

market, and momentum risk premia, the funds are able to significantly deliver positive returns during 

recessions. Moskowitz postulates that active mutual funds are value-adding if they can time the market, but 

casts doubt over this conclusion and also highlights the small sample size. Souza & Lynch (2012) replicates 

the study and extends the sample period. They find that most mutual funds exhibit pro-cyclical behaviour and 

do not deliver abnormal returns during recessions as suggested by Moskowitz (2000) after adjusting for the 

Fama-French three-factor model and the Carhart four-factor model. Arshanapalli & Switzer (2007) applies a 

multinomial logistic regression using macroeconomic and financial variables to signal changes in economic 

conditions to a four-factor portfolio consisting of the market, size, value, and momentum factors from 1984 to 

2005. They find that their dynamic portfolios significantly outperform the buy-and-hold portfolio even after 

taking transaction costs into account. An investor with $100 in 1984 who had invested in the best-performing 

buy-and-hold strategy would end up with a terminal wealth of $1,216 against a terminal wealth of $1,990 after 

transaction costs. Both in terms of the Sharpe ratio and the Fama-French three-factor alpha do the dynamic 

portfolios outperform any buy-and-hold strategy. However, Arshanapalli & Switer (2007) compares the buy-

and-hold strategies to dynamic portfolios formed on the Russel-1000 large-cap value/growth or Russel-2000 

small-cap value/growth. These four portfolios exhibit high systematic risk and does not represent a passive-

investing strategy such as the market portfolio or the equally-weighted portfolio, 1/N. The latter portfolio – 

also referred to as naïve diversification – was studied by DeMiguel et al. (2009) and compared to several mean-

variance optimizations. They find that the 1/N portfolio is able to outperform all the 14 other models of 

portfolios which includes portfolios based on industries/sectors, international portfolios, Fama-French three-

factor portfolio. The 1/N is superior both in terms of Sharpe ratio, certainty equivalent, and turnover since 

mean-variance estimation leads to huge estimation errors with poor performance in the out-of-sample period. 

Kirkby & Ostdiek (2010) replicates the study of DeMiguel et al. (2009) but consider the timing of investments 

in both industry and factor portfolios. Using a volatility timing strategy and a risk-to-reward strategy to drive 

asset allocations, they find that dynamic portfolios based on mean-variance optimizations significantly 
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outperforms the 1/N portfolio in the presence of low transaction costs. Kirkby & Ostdiek (2010) concludes 

that market-timing strategies based on mean-variance optimization can improve returns and lower risk, 

however, predicting the optimal market timings is the toughest task for the analyst. Even if we accept the 

proposition that stock returns have a predictable component, exploiting the predictions at the optimal timings 

remain extremely challenging. The next section reviews the literature on risk premia-based investing and the 

factors studied in this thesis including their link to the business cycle. 

2.4 RISK PREMIA-BASED INVESTING 

A risk premium is defined as the excess expected return on an investment in a risky asset compared to the risk-

free rate (Lam & Li, 2008). Thus, the interpretation of a risk premium is the compensation that an investor 

requires in order to tolerate the “extra” risk compared to investing in the risk-free asset. Factors are the sources 

of these risk premiums. Factors can be defined as certain characteristics, fundamentals, or technicalities of 

either the individual asset or entire asset classes (Koedijk, et al., 2016). Factor models capture these 

characteristics and an asset’s sensitivity to each factor. 

2.4.1 CAPM 

The first factor model developed was proposed by William F. Sharpe in 1964 who developed the capital asset 

pricing model (CAPM). According to Sharpe (1964), an investor should only be compensated for the 

undiversifiable, systematic risk of an individual stock’s sensitivity to that of the overall market. The CAPM 

thus uses the market return – the value-weighted return on all publicly traded stocks – minus the risk-free 

interest rate as its risk premium, simply termed the market risk premium. The individual stock’s sensitivity to 

the market risk premium – also known as its beta – then determines the expected return on the risky asset. The 

expected return for stock 𝐸[𝑟𝑖] with the unknown beta parameter 𝛽𝑖 to be estimated is given by, 

𝐸[𝑟𝑖] = 𝑟𝑓 + 𝛽𝑖(𝐸[𝑟𝑚] − 𝑟𝑓) 

where 𝐸[𝑟𝑚] is the expected return on the market portfolio and 𝑟𝑓 is the risk-free rate. Since beta is the only 

source of systematic risk in the CAPM, investors are only compensated for its market sensitivity and not 

idiosyncratic factors that can be diversified away. The market risk premium essentially represents a 

macroeconomic factor which investors are unable to diversify away (Ng, et al., 1992). According to the CAPM, 

the relationship between risk and (expected) return is positive and linearly increasing with risk (beta). 

However, Jensen, Black, & Scholes (1972) were some of the first to highlight the inconsistence between the 

CAPM’s predictions and observed risk adjusted returns. They confirmed the positive trend over their sample 

period 1931-1965, but suggested the slope of the SML was flatter than the risk premium implied (Jensen et al., 

1972). Around the same time, Haugen & Heins (1972) also studied the risk-return relationship of the CAPM 

and went on to entirely disregard the positive relationship between higher beta and higher return, even 
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suggesting lower beta stocks earn higher average returns. The next decades, evidence went in and out favour 

of support for the CAPM, but eventually another theory came to dominate asset pricing.  

2.4.2 ARBITRAGE PRICING THEORY 

In the wake of the CAPM’s shortcomings, arbitrage pricing theory (APT) rose to prominence as an explanation 

of the observed anomalies. APT was first proposed by Stephen Ross in 1976 as an extension of the single-

factor CAPM to multi-factor asset pricing models (Ross, 1976). According to APT, no real alpha exists in 

financial markets, only a lack of factors. APT is thus the theory behind multifactor models with the primary 

assumption that arbitrage opportunities do not exist if all relevant factors are included in the model. If factors 

are not priced, arbitrage opportunities exist for investors to exploit by forming long-short arbitrage portfolios 

in the relevant factor to achieve positive alphas on the portfolio investments. The generalized APT pricing 

formula can be expressed as a linear combination of multiple factors in a regression model, 

𝐸[𝑟𝑖] = 𝛾0 + ∑ 𝛽𝑖,𝑘 ∗ 𝛾𝑘

𝐾

𝑘=1

  

where 𝐸[𝑟𝑖] is the expected excess return on asset 𝑖, 𝛽𝑖,𝑘 is asset 𝑖’s sensitivity to factor 𝑘, 𝛾𝑘 is the risk 

premium of factor 𝑘, and finally 𝛾0 is the return not explained by the model, also known as alpha. The zero-

beta asset, 𝛾0, will earn the risk-free rate and its excess return is expected to be 0. If our model predicts an 

insignificant alpha around 0, it implies that we have taking into account all the relevant risk factors priced in 

our security or portfolio. If the multi-factor model, specified above, does not apply to a specific asset or 

portfolio, that is, alpha is significantly different from zero, then we can form arbitrage portfolios to lock in a 

risk-free profit. The risk-free profit is not guaranteed as in other arbitrage strategies, but if the assumptions and 

predictions of APT holds, any mispriced asset could be hedged in long-short portfolios to produce risk-free 

profits. Since most factors are not traded like the market portfolio, we need to turn factors into traded assets. 

This is usually done by sorting and forming portfolios with respect to the particular factor into deciles/quintiles 

and then go short in the low risk-adjusted return portfolio and long in the high risk-adjusted return portfolio. 

Theoretically, this practice leads to costless, self-financing hedge portfolios that investors freely can enter and 

exit. Creating long-short portfolios is usually the first step in a multi-factor model, only preceded by the 

selection of risk factors to include in the model. In general, APT or multi-factor models involves four steps 

from selecting the factors of interest to estimating risk premiums: 

Step 1: Select Factors 

Step 2: Factors as Traded Assets 

Step 3: Determine Factor Sensitivities 

Step 4: Determine Factor Risk Premiums 
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We follow the same four-step approach in this thesis. Step 1 will be carried out in the following section as we 

analyse the theory and empirical literature on risk premia-based investing. Step 2 has already been carried out 

for us by our data source Kenneth French. Step 3 and 4 will be described formally in section 5, with its results 

reported in section 8 and applied to a dynamic regime-dependent portfolio in section 8 as well. 

2.4.3 FAMA AND FRENCH APPROACH 

Fama & French (1992) were some of the first researchers to apply APT and identify the additional sources of 

risk not captured by the CAPM in a multi-factor model. They added two factors to the CAPM and thus extended 

it to a three-factor model that included size and book-to-market equity as the additional risk factors. Since the 

publication of “The Cross-Section of Expected Stock Returns” by Eugene Fama and Kenneth French in 1992, 

their approach to modelling and testing factor models has become the standard technique in finance. The 

novelty of Fama and French (1992) stems not only from their application of a multi-factor model to asset 

pricing, but they furthermore provided a general framework for estimating factor loadings and risk premiums 

in APT models. Fama and French (1992) uses the intersection of 2x3 portfolios of size and the relevant factor 

to turn factors into traded assets. To be more explicit, the value factor portfolios are created by dividing 

portfolios into 6 different portfolios based on size (small or big cap) and value (low BM, neutral BM, high 

BM). Then the excess return on a value portfolio is the average of the small/high BM and big/high BM 

portfolios minus the average of small/low BM and big/low BM portfolios. This process is then repeated for all 

factors in the model. Once factors have been turned into traded assets, Fama and French applies a two-stage 

regression procedure to determine the beta sensitivities of each factor and their risk premiums. This approach 

was first developed by Fama & Macbeth (1973) in an attempt to formalize two-parameter asset pricing models. 

First, the analyst regresses the assets’ returns on the proposed risk factors to the determine the asset’s sensitivity 

to each factor in a time-series regression such as the CAPM or APT pricing model. In the second stage, the 

estimated sensitivities are regressed on the assets’ average return in a given time-period to estimate each 

factor’s risk premium. The second stage (corresponding to step 4 in APT framework) can be formalized as, 

𝑟�̅� = 𝛾0 + ∑ �̂�𝑖,𝑘 ∗ 𝛾𝑘

𝐾

𝑘=1

+ 𝜉𝑖 

where 𝑟�̅� is the average excess return on the asset/stock/portfolio in the time-period, 𝛾𝑘 are the risk premiums 

to estimate based on the estimated factor sensitivities, �̂�𝑖,𝑘. A major problem with this is approach is the error-

in-variables that OLS estimates produce when the beta sensitivities are estimated with errors. To alleviate this 

bias, factor betas are usually estimated on portfolios rather than single stocks which significantly lowers the 

error-in-variables. Section 5.3 describes the two-stage regression procedure for estimating beta sensitivities 

and risk premiums in our multi-factor model. 
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2.5 FACTOR SELECTION 

There does not exist a generally accepted categorisation of factor premiums. However, Bender et al. (2009) 

distinguishes between three classes of factor premiums which exposures the investor to the risk of a broad (1) 

asset class, (2) strategy, or (3) style (see appendix C for an overview). Asset class factors are related to passive-

investing strategies in traditional sources of risk, that is, equities, bonds, commodities, alternative investments 

often using macro-factors such as inflation, economic growth etc. as the input. These factors are essentially 

captured by our separate macroeconomic, predictive model, but rather than applied across asset classes, we 

solely apply them to equities. Strategy factor premiums comes from investing based on a specific strategy that 

has proven to yield abnormal returns such as ‘carry’, ‘IPO-anomaly’, or ‘merger-arbitrage’. Strategy factor 

premiums are applicable to equities, but these strategies either involve significant trading or combining several 

asset classes to create an arbitrage portfolio (Koedijk, et al., 2016). Style factor premiums are exposures to 

certain characteristics and fundamentals of an individual asset, i.e. firm, such as market capitalisation (size), 

book-equity to market-equity (value) etc. We limit our selection of risk premiums to style factors, which is the 

type of risk exposure that has generated a great deal of attention from researchers and the investment industry 

(Koedijk, et al., 2016). Since our sample period covers six decades, we are particularly interested in style 

factors with a rich data history. The style factors should not only have a rich data history, but also a rich 

research history. We are particularly interested in those factors that have proven themselves significant across 

time. Style factors such as ‘short-term reversal’ and ‘dividend yield’ have come and gone out of favour, and 

few researchers find their risk premium significant over longer periods (Ilmanen, 2011). The style factors that 

have generated the greatest deal of attention are also those that have been suggested in the literature the longest. 

As mentioned, the field of factor risk premiums rose to prominence during the 1980s and 1990s, particularly 

advocated by Fama and French (1992). Prior to their research, several individual factors had been suggested 

such as the size factor, but Fama and French (FF) combined beta, size, and value into a multi-factor asset 

pricing model. Carhart (1997) extended FF’s three-factor model to a four-factor model that included the 

momentum factor, which was first proposed by Jegadeesh & Titman (1993). We include all the four factors in 

Carhart’s four-factor model, and then adds the low-volatility factor to create a five-factor model. The low 

volatility factor was first studied by Baker & Haugen (1991) and later spurred a huge body of literature around, 

now known as the low-volatility anomaly. 

2.5.1 SIZE 

The size effect is perhaps the most notable and debated risk premium. Banz (1981) was the first to recognize 

size as a factor driving average returns beyond the CAPM predictions. Like most researchers including Fama 

and French, he defined size based on market capitalisation or market equity (ME) – stock’s price times its 

outstanding shares – and found that average returns on small-cap firms (low ME) are significantly higher than 

large-cap (high ME) in his sample period 1936-1976. Fama and French (1992) found the size effect significant 

in explaining the cross-section of average returns on US stocks from 1941-1990 and found the negative relation 
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between size and average returns robust to the inclusion of other variables. The size effect has been tested 

significantly since then with researchers either confirming Fama and French while others believe it has 

disappeared. Most recently, Jegadeesh et al. (2019) tested the Fama-French three-factor and five-factor models 

both using the Fama-MacBeth approach and a novel instrumental-variables approach. In most tests, they 

predict a significant negative correlation between size and average returns with the monthly size premium to 

be 0.31% or 3.66% yearly, significant at the 5% level. Contrasting results, however, have also been presented. 

Alquist et al. (2018) replicated several studies of the size premium using latest available data. Using both the 

original sample period of Banz (1981) and the full sample period 1926-2018, they find that the size effect on 

its own is significant in explaining stock returns, however, when adjusting for market beta it becomes 

insignificant both in Banz’ study and the full sample period. Of the five most prominent factors in the literature, 

size has the lowest annual return on 2.5%, lowest Sharpe ratio of 0.22, and lowest alpha of 0.9% vs. the CAPM. 

Alquist et al. (2018) also attempts to explain why the size effect exists and what has caused it to become 

insignificant. First, the size effect quickly disappeared after its discovery in the 1980s. Looking at the Sharpe 

ratio over time, it averaged 0.4 from 1936-1986, but since then it has averaged 0.15. Second, it is dominated 

by a January seasonal effect due to significant rebalancing and higher trading of small cap stocks which 

increases their liquidity. However, as the January effect has diminished over time, so has the small size effect. 

Finally, Alquist et al. (2018) postulates that the size effect is driven by microcap stocks, and when removing 

the smallest 1%, 5% or 10% of the small-cap portfolio, average returns decreases significantly. Despite the 

contradictory evidence, the size factor is interesting to include and analyse based on its wide application in 

many factor models, and its variation over the business cycle. Switzer (2010) find that small-cap firms 

outperform large caps in the year after a trough has occurred, that is recoveries. In the year prior to a business 

cycle peak, large-cap firms outperform their counterparts, while in recessions neither large or small caps 

outperform one another. Kim & Burnie (2002) tested the hypothesis that small-cap firms outperform large-

caps during expansions and found evidence for the hypothesis in the period 1976-1995. In line with Switzer 

(2010), they find no significant evidence for a small firm effect in contractionary regimes, but confirm a 

significant January effect. They explain the risk premium on small firms as a consequence of low productivity 

and high financial leverage, which investors require abnormal returns for during expansionary regimes.  

 We define the size premium small-minus-big (SMB) using portfolios based on size and value taken 

from Kenneth French’s website. French uses both CRSP data that comes from all stocks on NYSE, AMEX, 

and NASDAQ which comprises almost all publicly traded stocks in the US. French then uses 2x3 portfolio 

sorts by first creating two size portfolios split at the median market value, thus the smallest half of all stocks 

are in a small-cap portfolio, while the highest half of stocks are in a large-cap portfolio. These two portfolios 

are then split into three portfolios each based on their book-to-market equity values using the 30th (low BM) 

and 70th (high BM) percentile as the breakpoints with the 30-70th percentile represented the neutral value-

growth portfolio (medium BM). The size breakpoint is the median at the end of June for year 𝑡, while the 
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BM/ME breakpoint for June of year 𝑡 is the book equity for the last fiscal year end in 𝑡 − 1 divided by ME for 

December of 𝑡 − 1. This produces six portfolios from which the return on the small-minus-big (long small-

cap, short large-cap) portfolios can be calculated as, 

𝑟𝑡
𝑆𝑀𝐵 = 𝑆𝑀𝐵𝑡 =

𝑅𝑡
𝑆𝑚𝑎𝑙𝑙/𝐿𝑜𝑤

+ 𝑅𝑡
𝑆𝑚𝑎𝑙𝑙/𝑀𝑒𝑑𝑖𝑢𝑚

+ 𝑅𝑡
𝑆𝑚𝑎𝑙𝑙/𝐻𝑖𝑔ℎ

3
−

𝑅𝑡
𝐵𝑖𝑔/𝐿𝑜𝑤

+ 𝑅𝑡
𝐵𝑖𝑔/𝑀𝑒𝑑𝑖𝑢𝑚

+ 𝑅𝑡
𝐵𝑖𝑔/𝐻𝑖𝑔ℎ

3
 

2.5.2 VALUE 

The next factor we include in the model is the high-minus-low (HML) value stocks. High value stocks have 

shown to outperform low value stocks – often termed growth stocks – both in the US and globally (Lam & Li, 

2008; Koedijk et al., 2016). Jeegadeesh et al. (2017) confirms the significance of the value factor in Fama-

French’s three-factor model using the sample period 1926-2014. Their HML portfolio is significant at the 5% 

level with a positive relationship between BE/ME and average US returns and an estimated annual risk 

premium of 4.16%. Santos & Veronesi (2005) similarly estimate a value premium of 5.16% over growth 

stocks. Interestingly for our analysis, they estimate that this value premium increases to 10% in so-called “bad 

times” and around 5% in “good times”. The asymmetric relationship between the value premium and the 

business cycle became widely established with Zhang’s (2005) investigation into the drivers of the value 

premium. Zhang (2005) explains the paradoxically higher risk premium on value stocks as a phenomenon due 

to costly reversibility and countercyclical price of risk. Firms find it much harder to cut capital that already are 

in place than expanding capital based on growth options. This feature means that the returns and dividends of 

value firms with covary much with economic downturns as they cannot dispose of their capital, while growth 

firms are much less exposed as they simply do not make use of their growth options in downturns. During 

economic booms, the capital of value firms already in place easily becomes productive and thus more sensitive 

to market beta. In economic downturns, the discount rate is higher which decreases the valuation of value firms 

more than growth firms who have a more constant price of risk. As a result, value firms will experience more 

variation in returns and risk throughout the business cycle due to their higher sensitivity to the discount rate, 

which is countercyclical. Zhang (2005) somewhat confirms the explanation proposed by Fama and French 

(1992) themselves. According to them, BE/ME is a proxy for a firm’s degree of financial distress risk. Firms 

with a high BE/ME are often subject to earnings problems and have high financial leverage, which obviously 

increases the risk investors associate with the firm’s ability to survive. The other explanation of the value 

premium borrows ideas from behavioural finance and emphasizes the over- or underreaction that investors 

place on financial distress signals and growth opportunities (Banko et al., 2006). Investors overestimate the 

growth opportunities of companies with proven track-record, particularly in new industries, while they 

attribute too much risk to firms with increasing leverage in stable industries due to loss aversion. Growth 

companies are like lottery-tickets that can have huge payoffs if the company realizes its potential, and investors 

bid-up the price on these lottery-tickets beyond what any fundamentals imply. Banko et al. (2006) finds 

evidence for the financial distress explanation put forward by Fama and French (1992), but do not rule out a 
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mispricing explanation due to investor behaviour. We use the same definition as above for the size, but now 

subtract the two high BE/ME portfolios (30th percentile) from the two low BE/ME (70th percentile) portfolios:  

𝑟𝑡
𝐻𝑀𝐿 = 𝐻𝑀𝐿𝑡 =

𝑅𝑡
𝑆𝑚𝑎𝑙𝑙/𝐻𝑖𝑔ℎ

+ 𝑅𝑡
𝐵𝑖𝑔/𝐻𝑖𝑔ℎ

2
−

𝑅𝑡
𝑆𝑚𝑎𝑙𝑙/𝐿𝑜𝑤

+ 𝑅𝑡
𝐵𝑖𝑔/𝐿𝑜𝑤

2
 

2.5.3 MOMENTUM 

A factor that has received little attention in Fama-French models, but a lot outside is the momentum factor. 

The momentum factor refers to the tendency of a stock’s price to continue rising if it has risen in the prior 12 

months and continue falling if it has declined in price in the prior 12 months. It was first identified by Jegadeesh 

& Titman (1993) who showed that buying past winners and selling past losers generate significant positive 

returns for 3- to 12-months holding periods controlling for systematic risk and delayed stock price reactions. 

For all the zero-cost portfolios (i.e. self-financing long-short portfolios), the excess monthly return is 

significant and positive. The most successful zero-cost strategy is based on 12 months of prior return and then 

a holding period of 3-months, which yield 1.3% monthly excess return or 16% yearly. Even when Jegadeesh 

& Titman (1993) take transaction costs into account the winners still significantly outperforms the losers with 

a 9.3% yearly excess return. The momentum factor was formally proposed by Carhart (1997) in a multi-factor 

setting who added it to the Fama-French three factor model. Carhart finds the momentum factor to be the most 

significant factor in explaining cross-sectional stock returns with a monthly (yearly) risk premium of 0.82% 

(10.3%). Asness et al. (2014) reports average returns of the momentum factor portfolios of 8.3% annually from 

1926-2013 with a Sharpe ratio of 0.50. They furthermore prove that momentum is significant when controlling 

for size/market/value, time-period, and trading costs. According to Asness et al. (2014), even if momentum 

were to disappear or achieve lower returns, its diversification benefits – particularly with the value factor – 

would make it an attractive investment for portfolio optimisation. The momentum strategy has also proven to 

be sensitive to the business cycle and particularly following bear markets (Asness et al., 2014). Daniel & 

Moskowitz (2014) showed that when a bear market hits, the momentum strategy most likely goes long low-

beta stocks and short high-beta stocks. Once an upswing then occurs, that is a recovery, this hedge portfolio is 

obviously not capturing the biggest winners, but rather shorting these. Most theories trying to explain the 

momentum anomaly are risk- or behavioural-based. One of them – the disposition effect – claims that investors 

either hold on for losers too long and to sell winners too quickly. Another theory suggests that information is 

priced slowly into stock prices, but once the asset gains attention, investor herding takes place and the price is 

driven up even higher. The risk-based explanation primarily relies on the momentum stocks being subject to a 

higher cost of capital due to their growth and investment opportunities (Jegadeesh et al., 2019). The up-minus-

down (UMD) momentum factor is formed using NYSE breakpoints at the end of each month for the bottom 

30%, middle 40%, and top 30% based on their 12-month prior returns once again combined with the size factor 

(small/big). The portfolios included all NYSE, AMEX and NASDAQ stocks with returns for at least at 𝑡 − 13 

and 𝑡 − 2 
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𝑟𝑡
𝑈𝑀𝐷 = 𝑈𝑀𝐷𝑡 =

𝑅𝑡
𝑆𝑚𝑎𝑙𝑙/𝑊𝑖𝑛𝑛𝑒𝑟

+ 𝑅𝑡
𝐵𝑖𝑔/𝑊𝑖𝑛𝑛𝑒𝑟

2
−

𝑅𝑡
𝑆𝑚𝑎𝑙𝑙/𝐿𝑜𝑠𝑒𝑟

+ 𝑅𝑡
𝐵𝑖𝑔/𝐿𝑜𝑠𝑒𝑟

2
 

2.5.4 VOLATILITY 

The last factor we include is one of the most attractive factors in finance nowadays, that is, the low volatility 

factor. The attractiveness of low volatility stock portfolios rose rapidly during the 1990s, particularly with the 

work by Baker & Haugen (1991). They showed that not only does low-volatility portfolios have higher risk-

adjusted returns than their counterparts, the absolute average return is higher than high-volatility portfolios. 

Their work was followed by a strand of literature supporting their findings both for US equities and 

international stocks such as Chan et al. (1999), Blitz & Vliet (2007), and Baker & Haugen (2012). According 

to Baker, Bradley, & Taliaferro (2014), if you had invested 1 dollar in the low-risk portfolio in 1968 and held 

it to 2012, it would be worth $84.66, while a dollar in the high-risk portfolio would be worth $9.76. Arisoy 

(2010) studied the volatility premium over expansions and recessions and found that the volatility factor 

loadings are time-varying over the business cycle. During periods of low market risk premiums, investors 

overweight riskier stocks as risk appetites are high. During recessions, investors flight-to-quality increase 

dramatically and low volatility stocks become particularly attractive as a safe haven. Explanations for the low-

volatility anomaly has been manifold. Blitz, Falkenstein, & Vliet (2014) provides an overview of the different 

explanations for the low-volatility anomaly’s persistence. First, most investors – including professional mutual 

funds and pension funds – are limited in their leverage and shorting constraints when forming and rebalancing 

portfolios. Without leverage, it is difficult to realize high abnormal returns when the benchmark for most asset 

managers is the market portfolio. Baker et al., 2014 studied the specific abnormal return required on the low-

risk portfolio to induce a manager’s incentives to go long in the low-volatility portfolio. For a stock with a beta 

of 0.75, the alpha would need to be at least 2.5% of that particular stock for the manager to start overweighting 

it, otherwise it would not improve relative performance to the benchmark. Constrained investors thus bid-up 

high volatility stocks which leads to low alphas, while low-beta stocks are underweighted leading to high 

alphas for these portfolios. Blitz et al. (2013) furthermore explain the low-volatility anomaly with behavioural 

theories such as skewness preference for high risk, high reward and investor overconfidence. The minimum-

volatility (VOL) factor is formed using NYSE breakpoints at the end of each month for five percentiles (20th, 

40th etc.) based on their 60-day lagged variance and once again combined with the size factor (small/big). 

Unlike the other factors that used 30th and 70th percentiles, Kenneth French only provides the 20th and 80th 

percentile, thus the volatility factor portfolio is a bit more extreme in its factor returns compared to the other 

portfolios. The volatility portfolios included all NYSE, AMEX and NASDAQ stocks with market equity for 

𝑡 − 2 and non-missing variance of daily returns. 

𝑟𝑡
𝑉𝑂𝐿 = 𝑉𝑂𝐿𝑡 =

𝑅𝑡
𝑆𝑚𝑎𝑙𝑙/𝑀𝑖𝑛𝑉𝑜𝑙

+ 𝑅𝑡
𝐵𝑖𝑔/𝑀𝑖𝑛𝑉𝑜𝑙

2
−

𝑅𝑡
𝑆𝑚𝑎𝑙𝑙/𝑀𝑎𝑥𝑉𝑜𝑙

+ 𝑅𝑡
𝐵𝑖𝑔/𝑀𝑎𝑥𝑉𝑜𝑙

2
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2.5.5 THE RISK-FREE RATE 

The risk-free rate of return can be defined as the return on an asset with zero risk of default. Usually the return 

on short-term government bonds are used as the risk-free return. However, the risk-free rate of return is 

essentially only a theoretically defined return since nothing in the real-world is risk-free. Unstable governments 

can easily default on these obligations. In such cases, the risk-free rate is often adjusted downwards using the 

sovereign default spread. However, for advanced and stable economies such as the US the risk negligible, and 

we simply approximate the theoretical risk-free rate of return with the 1-month Treasury bill provided by 

Kenneth French on his website.  
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3. DATA AND RESEARCH APPROACH 

This section is divided into two subsections. First, a brief overview of the sample period is provided. Next, the 

data for each part of the analysis is described including the results of the four-phase business cycle regime 

proposed in this thesis. Finally, the research approach applied is briefly discussed. 

3.1 SAMPLE PERIOD 

For the predictive macroeconomic models, the sample period covers the period January 1961 to July 2019, 

which yields total of 703 monthly observations. Since 1961 there have been a great deal of variability in the 

business cycle starting with the expansionary 60s, followed by the oil crises in the 70s and 80s, to the dot-com 

bubble in the early 00s and the Great Recession in 2008 through 2009. Many data-series were first recorded in 

January 1960 or the late 50s, thereby limiting explanatory research significantly to periods prior to 1960. Since 

annual growth rates must be calculated for most series, the first date of available data becomes January 1961.

 For the factor analysis, the sample period covers 673 monthly observations from July 1963 to July 

2019. The shorter sample period for the portfolio analysis is due the volatility factor only being available from 

July 1963, while the other factors have historic returns dating back to 1926. 

3.2 DATA 

Different data series are used in the different parts of the analysis. First, a description of the indicators used to 

create a four-phase business cycle indicator (dependent variable) will be given followed by an overview of all 

explanatory (independent) variables included in the predictive models. Lastly, a brief description of the data 

used for the factor analysis will be provided. For all our leading indicators, we are using numerical, continuous 

time-series observations to investigate the relationship between the business cycle and leading indicators. 

While our business cycle indicator is a categorical datatype, it is based on five numerical, continuous indicators 

to create a standardized business cycle score. All data has been collected using the St. Louis Fred Database, 

Bloomberg, or Kenneth French Library in the period of September 15 to September 30. 

3.2.1 DEFINING THE FOUR PHASES OF THE BUSINESS CYCLE 

As defined in the literature review, business cycles are fluctuations in the aggregate level of economic activity. 

Burns & Mitchell (1946) emphasize the importance of co-movement in economic activities. Therefore, our 

indicators should be aggregate time-series of economic activity. The National Bureau of Economic Research 

have published a handbook on ‘Business Cycle Indicators’ and best practices within cyclical indicator 

approaches. In order to develop a robust and reliable business cycle indicator, they suggest the use of three 

guiding principles; duration, depth, and diffusion (Conference, 2001). The longer a change in direction occurs 

(duration), the more significant the change (depth), and the more widespread it becomes (diffusion), the more 

likely a turning point is present. Thus, to create one overall business cycle score we combine several key 

macroeconomic indicators into one standardized measure. Almost all academic research into predicting regime 
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changes in a two-stage business cycle (i.e. expansion or recession) applies the dating chronology provided by 

NBER. NBER applies four key macroeconomic indicators to classify each month as either a recession or 

expansion. These are; industrial production, manufacturing trade and sales, job creation (non-farm payrolls), 

and personal income less transfer payments. The business cycle indicator applied in this thesis makes two 

changes to NBER’s input variables. First, a fifth variable is added, which is monthly GDP calculated by macro 

advisers since 1993, prior to this date we substitute the quarterly GDP growth for all three months in that 

quarter. Second, the indicator ‘manufacturing trade and sales’ is replaced by the unemployment rate since this 

indicator is more stable month to month and industrial production already captures economic activity in the 

manufacturing sector to a large extent. Table 3.1 provides an overview of the indicators included and their 

summary statistics prior to standardization. All data are obtained from the FRED database or Bloomberg and 

have been seasonally- and inflation-adjusted if necessary. 

 

Having gathered data on all five key indicators from 1960 to 2019, their annual growth rate is calculated and 

they are then standardized. Once standardized, they are summed together and finally this number is divided by 

the square root of 5. To smoothen the duration of phases and avoid outliers within phases to distort the business 

cycle score, a three-month moving average is applied to the create the final indicator. A moving average 

essentially increases the duration in which fluctuations have to occur or depth of shocks necessary for a turning 

point, thereby the recommendation by NBER’s three D’s are furthermore fulfilled. There exist other, more 

technical approaches to developing a cyclical indicator such as exponential smoothing moving averages, but 

those techniques also have their pitfalls such as being sensitive to outliers or being delayed in capturing turning 

points (Stock & Watson, 1993). As a result, the standardized approach is applied due to its simplicity and 

reliability.            

 Based on our combined indicator, we define four economic phases; ‘expansion’, ‘slowdown’, 

‘recovery’, and ‘recession’ according to their level (above or below zero) and direction (increasing or 

decreasing). Figure 3.1 visualizes this classification scheme. 

Indicator Variable Source Timespan Transformation Mean Median Standard Deviation Min Max

Monthly GDP (Macro-Advisers) Bloomberg 1993- Annual Growth Rate 2,6% 2,7% 1,7% -4,8% 5,8%

   Quarterly GDP FRED 1960-1992 Annual Growth Rate 3,5% 4,1% 2,7% -2,6% 8,6%

Unemployment rate FRED 1960- Level 94,0% 94,3% 1,6% 90,0% 96,4%

Industrial Production FRED 1960- Annual Growth Rate 2,7% 3,0% 4,7% -15,3% 8,5%

Personal Income Bloomberg 1960- Annual Growth Rate 3,1% 3,4% 2,6% -6,4% 8,0%

Job creation Bloomberg 1960- Annual Growth Rate 1,8% 1,9% 1,9% -5,0% 3,5%

Table 3.1: Indicator Variables, Source, Timespan, Transformation, and Summary Statistics
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In the expansion phase, the business cycle is positive and increasing. In the slowdown phase, the score is 

positive but decreasing. In the recession phase, both the level and direction are negative, whereas in the 

‘recovery’ phase the level is still negative but conditions are improving. The minimum value of our score is -

7.32, which occurred in July 2009 around the trough of the Great Recession, and thus classified as a recession. 

The maximum value is 3.43 which occurred in March 1998 during the long period of growth in the 1990s, 

which equivalently is classified as an expansion. Figure 3.2 visualizes the value of our business cycle score as 

well as NBER’s recessions from 1961-2019. 

 

The main drawback from this approach is the risk of false signals due to outliers in one or more input variables, 

but the moving average should minimize this risk. The major advantage of this approach is a more balanced 
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distribution of phases across the business cycle as discussed in the introduction and literature review. Table 

3.2 summarizes the distribution of our four economic phases, how the NBER’s ‘Recession’-months compare, 

and the accompanying transition matrix between the phases. 

 

From table 3.2, we can see that the expansion and slowdown phases occur more often than recession and 

recovery phases. This distribution is expected as the duration of expansionary states are on average much 

longer in modern economies (Bouali, et al., 2016). In addition, the magnitude of recessions is also much higher 

in the short periods they occur compared to the steady state level of growth that most economies experience 

during upturns. Thus, the asymmetry in terms of impact between the phases leads to short-lived recession and 

recovery phases. Compared to the NBER’s classification of recession phases, this scheme does very well in 

replicating the results as 78 out of 85 months that NBER dated as recession also were a recession in the four-

phase indicator. The results of the transition matrix are in line with expectations as illustrated in figure 3.1. 

The probability of staying in the same state is between 91-93 % and moving to another between 7-9%. Once 

in an expansionary state, the only state that follows is a slowdown phase with a chance of 7%. In the slowdown 

phase, there is a 5% chance you will move into a new expansionary phase or a 2% probability for a recession 

to occur. As expected, all recession states are followed by a recovery phase, and recovery almost always leads 

to an expansionary phase with the exception of the crisis in 1982 that came shortly after the stagflation crisis 

in 1980. 

3.2.2 PREDICTING THE BUSINESS CYCLE 

Based on the business cycle theories and empirical literature on business cycle predictability, a total of 25 

explanatory variables have been identified, all available at a monthly frequency and with historical records for 

at least the last 50 years. Table 3.3 provides an overview of these, the type, the time span covered, the direction 

of the variable (horizon), its availability, the data source, and the transformation applied to in the analyses. 

From/To

Expansion Slowdown Recession Recovery Total

Expansion 263 (37%) 0 Expansion 93 7 0 0 100

Slowdown 244 (35%) 7 Slowdown 5 93 2 0 100

Recession 89 (13%) 78 Recession 0 0 91 9 100

Recovery 107 (15%) 0 Recovery 7 0 1 92 100

Total 703 85

Transition Matrix (%)
Phase

Total # 

observations

NBER 

(='Recession')

Table 3.2: Distribution of Four Economic Phases and Transition Matrix (1961-2019)
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Most of these predictors were described in the literature review both in terms of their theoretical substance and 

the empirical evidence, thus a lengthy explanation for each variable is not given here. From table 3.3 it is clear 

that the majority of our predictors are macroeconomic variables. The main explanation for this distribution is 

a lack of historical records for credit and financial variables, for example the two-year swap spread and investor 

sentiments – included in the LCI – is only available from 1993. About half of the predictors are by nature 

forward-looking indicators, while the rest mainly tells the analyst something about the economic state in the 

very recent past. For example, the consumer confidence index asks consumers questions about their future 

spending and expected income usually a year ahead, while the change in the unemployment rate simply says 

something about employment in the month prior. Almost all credit and financial variables are forward-looking. 

The main reason is that they are proxies for investors risk appetite (yield spreads, VIX etc.) and expected 

returns (S&P 500). Most variables have been transformed by taking their annual growth rates. Using the growth 

rate of this month versus the same month last year helps detrend data and avoid seasonality, thereby 

representing fluctuations in economic activity more clearly (Ellis, 2005). Taking annual growth rates of some 

predictors such as interest rates or indexes do not make sense, thus no direct transformation has occurred (i.e. 

= ‘Level’). However, time-series data-series are often autocorrelated meaning data points depend on their 

lagged values leading to a non-stationary process. Non-stationarity should be avoided when applying time-

series data since it produces biased parameters and unreliable inference, thus leading to data-mining and 

Predictor Variable Type Timespan Horizon Availability Source Transformation

Payroll Survey (Job Report) Macro 1960- Backward FRED Annual Growth Rate

Building Permits Macro 1960- Backward FRED Annual Growth Rate

Industrial Production Macro 1960- Backward FRED Annual Growth Rate

Avg. Hours Manufacturing Macro 1960- Backward FRED Level

Unemployment Rate Macro 1960- Backward FRED Level

Sahm's Index Macro 1960- Backward FRED Level

Real Personal Wages Macro 1960- Backward FRED Annual Growth Rate

Coincident Index Macro 1960- Backward Bloomberg Annual Growth Rate

ISM PMI Macro 1960- Forward Bloomberg Level

LEI Index Macro 1960- Forward Bloomberg Annual Growth Rate

New Orders: Consumer Goods Macro 1960- Forward Bloomberg Annual Growth Rate

Manufacturers' New Orders Macro 1960- Forward FRED Annual Growth Rate

Consumer Confidence Index Macro 1960- Forward FRED Annual Growth Rate

New One Family Houses Sold Macro 1963- Backward Bloomberg Annual Growth Rate

Initial Claims for Unemployment Insurance Macro 1967- Backward FRED Annual Growth Rate

10y-3mths Treasury Yield Spread Credit 1960- Forward Real-Time FRED Level

Aaa-10y Treasury Yield Credit 1960- Forward Real-Time FRED Level

Baa-10y Treasury Yield Credit 1960- Forward Real-Time FRED Level

T-Bill 3-Month Rate Credit 1960- Forward Real-Time Bloomberg Level

T-Bond 10-Year Rate Credit 1962- Forward Real-Time Bloomberg Level

S&P 500 Annual Return Financial 1960- Forward Real-Time Bloomberg Annual Growth Rate

S&P 500 3y-Return Financial 1960- Forward Real-Time Bloomberg Three-Year Growth Rate

VIX* Financial 1960- Forward Real-Time Bloomberg Level

Median Price for One Family Homes Financial 1969- Backward Bloomberg Annual Growth Rate

*VIX is only available since 1990, but has been calculated for 1960-1990 based on historic S&P volatility using Bloomberg.

Table 3.3: Predictor variables by type, timespan, horizon, availability, source, and transformation
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spurious regressions. To make predictors stationary, the augmented Dickey-Fuller test can be applied to test 

the null hypothesis of the presence of a non-stationary process (i.e. a unit root). The ADF test has been carried 

out for all 25 predictors in our dataset, and as expected, a unit root with trend was present in all cases. Thus, 

all variables have been differenced at the first lag to achieve stationarity. Appendix reports the results of the 

ADF test on after standardizing and differencing. 

3.2.3 EQUITY STYLE FACTORS 

Based on the style factor selection outlined in section 2.4, we have identified five factors which will be studied 

to form optimal portfolios. The five factors are market, size, value, momentum, and volatility summarised in 

table 3.4 as well as their timespan, data source, and date of download. 

 

For all five factors, we use the website of Kenneth French to download all the relevant data for the entire 

portfolio analysis. Kenneth French provides a rich and detailed data library on many style factors across 

multiple regions, but with an emphasis on the US stock market. For each file, French provides us with the 

simple returns of the different factor portfolios both on a monthly and annual basis. He also provides returns 

for a value-weighted portfolio and for an equally weighted portfolio, however, only the returns of the value-

weighted portfolios have been applied. Furthermore, French creates two files for each factor either with 

dividends or excluding dividends. We only use portfolio returns which include dividends to account for the 

compounding effect of dividend reinvestments. In addition, the data files contain an overview of the number 

of firms in each portfolio and the average market capitalisation of that particular portfolio, which thus allows 

us to value-weight our results when necessary. Data on all six factors have been downloaded at the end of 

September, with August 2019 returns removed to fit the predictive macro models. Thus, the timespan 

applicable across all five factors covers the sample period of July 1963 to July 2019. It is important to note 

that French does not provide portfolio prices, only the simple returns on his portfolios, that is, the arithmetic 

return and not log-returns. Thus, we will apply the simple returns for estimation of the covariance-matrix. 

However, we can still calculate the geometric mean. This is done by adding 1 to each return observation and 

then take the mean of (1 + 𝑟𝑖,𝑡) by using Excel’s ‘geomean’-function and subtract 1. For estimation of the 

expected return, however, we will use the geometric mean. The geometric is by definition either equal to or 
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lower than the arithmetic average. Markowitz’ mean-variance optimization method is very sensitive to 

estimation errors, particularly in the mean estimates, thus we find it attractive to apply the geometric average 

in a Markowitz-optimization setting. When annualizing the expected returns and variance/standard deviation, 

we will apply the formulas as formalized in appendix E provided by CBS professor Peter Raahauge from his 

course ‘Financial Models in Excel and VBA’.  

3.3 RESEARCH APPROACH 

This thesis attempts to compliment the large body of literature on risk premia-based investing strategies and 

business cycle forecasting, therefore it expands the scientific knowledge of this topic. According to J.J. Davis 

(1968, p. 8) “science is a structure build on facts established by observation and experiment”. As most research 

into macroeconomics and finance, this thesis is concerned with observation as the source from which facts are 

derived. Within science studies, researchers are still discussing the basis of science and in particular the two 

main school of thoughts, that is, (neo)-positivism and experimentalism (Chalmers, 2013). Here, the former 

approach to scientific knowledge will mainly be applied as new theories will not be developed but existing 

frameworks and theories is applied and tested, which means a deductive approach will be pursued. Deductive 

reasoning assumes that certain logic and premises hold, often based on established laws and theories, and thus 

it is a popular approach for predictions (Chalmers, 2013). We will not investigate whether the premises of our 

applied theories are true, and even researchers applying inductivism runs into similar problems of justifying 

every principle rationally without assuming what they are arguing for itself is true. The drawback from the 

approach of neo-positivism and deduction is obvious. Establishing major breakthroughs in the science of 

macroeconomics and finance is highly unlikely and understanding causal relationships of the real economy 

and the equity market is neither very likely. However, these are not the objectives either, and therefore logical, 

deductive reasoning based on observations is appropriate for making predictions (Rugg & Petre, 2007). This 

is not easy though, and one might ask why forecasting in general is so difficult? According to the school of 

thought within science that adheres to determinism, it should not be. Since we calculate the motions and 

interplay of everything from stars to atoms with impeccable precision, we can determine exactly how the world 

and universe will evolve billions of years ahead. However, human behaviour is in some sense more complex 

and does not follow specific laws of nature like stars and galaxies. Human behaviour, in the context of an entire 

world economy, is even more complex to understand, formalize, and predict. Furthermore, the assumption of 

the completely rational, utility maximizing agent is perhaps flawed, and the growing literature on behavioural 

finance gives testimony to the weakness of this assumption (Kliger, et al., 2014). In the context of the business 

cycle, the duration, depth, and diffusion of each economic regime varies significantly as history rarely repeats 

itself. Recessions are perhaps the most idiosyncratic regime. Even though contractionary periods share some 

common properties, what might trigger the next recessions is most likely not a known factor by now, nor is 

the expected impact (Bouali, et al., 2016). As any forecasting model, ours is limited by the historical properties 

of our sample and any novel, unforeseen shock will most likely not be captured in our model ex ante, but ex 
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post rather. However, a model or theoretical framework is not designed to describe every bit of human 

behaviour or economic development, but rather generalize the relationship between observed phenomena and 

outcomes (Chalmers, 2013). 
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4. METHODOLOGY: BUSINESS CYCLE FORECASTING 

Since the 1970s, two main branches of econometrics have received a great deal of interest within 

macroeconomic forecasting; classification and time-series modelling. There exists a profound and exhaustive 

list of classification methods, however, the literature on forecasting business cycles are dominated by logistic 

regression and probit models (Bouali, et al., 2016). In recent years, new machine-learning techniques such as 

random forest, support vector machines, and neural networks have also gained increasing attention, particularly 

with the growth of big data (Lin & Pai, 2010). Within time-series modelling, univariate and multivariate 

autoregressive (AR) models of various specifications have been applied extensively to predicting regime 

changes (Jacobs, 2011). However, vector-AR models assume linearity in the parameters between the states of 

the economy, that is, the parameters are constant over time. In 1989, Hamilton published a paper applying a 

regime-switching Markov-process to predict business cycle turning points based on observed GDP growth 

rates. The Markov regime-switching model allows modelling of time-series in a non-linear stationary process 

since the parameters can switch between regimes, thereby improving the fit and forecasting ability of the model 

(Levanon, et al., 2011). Since 1989, a large body of literature applying non-linear regime-switching models 

have developed and several comparative studies versus linear models have been carried out. The results of 

comparative studies have been mixed and dependent on the researcher’s objective. The large body of literature 

on dating or replicating the business cycle chronology of the NBER is dominated by non-linear models as 

these have proven to be most accurate (Layton & Katsuura, 2001; Lopes & Zsurkis, 2017). However, the 

results of out-of-sample forecasts of linear versus nonlinear models are more mixed and not particularly 

favourable to nonlinear models (Bouali et al., 2016). Galvão (2002) tested how much of the improved accuracy 

of nonlinear models can be attributed to their multiple-regime nature versus the binary probit and VAR models, 

and found that adding additional phases explains most of the improved accuracy.  Lopes & Zsurkis (2017) 

have tested the presence of nonlinearity in business cycle data for 15 different economies and find evidence of 

nonlinearity in little over half of them, but surprisingly weak or none in a significant group of countries 

including Canada, Germany, India, Japan and the US. Since non-linearity is not necessary to provide reliable 

forecasts of business cycle turning points, we can pursue a wide range of models. Our selection is based on 

several considerations. Most importantly, we have a dependent variable as defined in section 3.2.1, which in 

most time-series models like VAR and Markov regime-switching are unobservable. In addition, time-series 

models are often of limited scale with 2-4 predictors at most as computation time and complexity of parameter 

estimation can increase dramatically with many predictors (Guidolin & Hyde, 2014). We therefore restrict our 

predictive models to classification regressions, more precisely the multinomial logistic regression (MLR) and 

the machine learning algorithm support vector machines (SVM). Multinomial logistic regression is intuitive, 

interpretable and less sensitive to strict model and data assumptions. Support vector machines is a state-of-the-

art classification technique that borrows algorithms from machine learning to perform non-linear classification. 
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SVMs will mainly be applied in this thesis to compare its results to the multinomial logistic regression. The 

next section reviews these two classification models’ technical properties and mathematical formalization. 

4.1 MULTINOMIAL LOGISTIC REGRESSION 

The multinomial logistic regression is an extension of the classical binary logistic regression and the closely 

related probit model. Multinomial logistic regression generalizes logit models to multiclass classification 

problems, that is cases where the response variable can have more than two discrete outcomes (Layton & 

Katsuura, 2001). The multinomial setup is exactly the same as the binary logistic regression, with the only 

difference being that the dependent variable has 𝐾 > 2 categorical outcomes rather than the binary zero or 

one. MLR does not make as many assumptions as normal regression. The error terms do not need to be 

normally distributed, and homoskedasticity is not required. Furthermore, logistic regression does not require a 

linear relationship between the dependent and independent variables, but it does with respect to the log of the 

odds. However, multinomial logistic regressions rely on two key assumption. First, a large samples size should 

be applied since maximum likelihood estimation is used and it ensures low standard errors. Second, there 

should not be any significant multicollinearity in the final model, otherwise the impact of variables is difficult 

to interpret. 

Assume that we have 𝑁 observations where each data point 𝑖 have a set of associated 𝑀 explanatory variables 

denoted 𝑥1,𝑖 … 𝑥𝑀,𝑖 and a corresponding outcome variable 𝑌𝑖 which can take on 𝐾 possible values. This setup 

describes most regressions, but we want to predict the conditional probability 𝑝 = 𝑃𝑟(𝑌 = 1|𝑋 = 𝑥) as a 

function of 𝑥 and make sure these predictions are bounded to a range of 0 to 1. In general, logistic regressions 

will fit a linear model to the logarithm of the odds of (positive, i.e. Y=1) class membership by maximizing the 

log likelihood function. By fitting the model to the logarithm of the odds and modifying this with the logit 

transformation, 𝑙𝑜𝑔
𝑝

(1−𝑝)
, it becomes a bounded linear function of our feature vector, 𝒙, between 0 and 1. This 

fitting process is done using the generalized linear model, which requires three inputs; an exponential 

probability distribution, a linear predictor, and a link function. Logistic regression applies the Bernoulli 

distribution, and the logit link function 𝑿𝛽 = 𝑙𝑜𝑔
𝜇

(1−𝜇)
. This link function is then combined with the linear 

predictor to predict the probability, 𝑝, that observation 𝑖  has outcome 𝑘 = 1, 

𝑙𝑜𝑔
𝑝

(1 − 𝑝)
= 𝛽0 + 𝒙𝑖 ∗ 𝛽, 

where 𝑝 = 𝑃𝑟(𝑌 = 1|𝑥), 𝛽 is the regression coefficients for 1,2, … ,𝑀 and 𝒙𝑖 is a row vector of the 

explanatory variables associated with observation 𝑖. Solving for 𝑝 we get, 

𝑝 = 𝑃𝑟(𝑌 = 1|𝑥) =
1

1 + 𝑒−(𝛽0+𝒙𝑖∗𝛽)
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Now that we have set up the binary logistic regression, we can easily extend this to the multiclass case. Since 

multinomial classes cannot be ordered in any meaningful way, we cannot simply assign 0, 1, 2 etc. to each 

class. Instead, we have to specify a reference class for which the other categories should be compared against. 

Assume that we arbitrarily set the last category, 𝐾, as our reference category, then the multinomial logit 

regression becomes,  

𝑙𝑜𝑔
𝑃𝑟(𝑌 = 𝑘|𝑥)

𝑃𝑟(𝑌 = 𝐾|𝑥)
= 𝛽0

𝑘 + 𝒙𝑖 ∗ 𝛽𝑘 , 

for 𝑘 = 1,… , 𝐾 − 1. The difference between equation the binomial and multinomial equations is that that we 

have a regression coefficient associated with each 𝑘, that is, we get 𝑀 ∗ (𝐾 − 1) parameters – including the 

intercepts. Once again, we can solve for the probability of any outcome, say 𝑐 in 0: (𝐾 − 1), 

𝑃𝑟(𝑌 = 𝑐|𝑥) =
𝑒(𝛽0

𝑐+𝑥𝑖∗𝛽
𝑐)

∑ 𝑒(𝛽0
𝑘+𝑥𝑖∗𝛽

𝑘)𝐾
𝑘=1

 

The parameters are then estimated using maximum likelihood estimation (Layton & Katsuura, 2001). A new 

observation 𝒙0 is then classified as belonging to the group c for which 𝑃𝑟(𝑌 = 𝑐|𝒙0) is maximized, that is, the 

class which has the relative highest probability. A major advantage of logistic regressions is that the slope 

coefficients are interpretable, which improves model selection when determining variable importance. The 

slope coefficient can be interpreted as the change in the log of the odds of a one-unit change in 𝑥 holding all 

other variables in the model constant (Jacobs, 2011).  

4.2 SUPPORT VECTOR MACHINES 

Ever since the algorithm for support vector machines (SVM) were developed by Cortes & Vapnik (1995), it 

has become a state-of-the-art classification technique for academics and practitioners. SVMs aim at 

distinctively classifying data in higher dimensions by estimating a hyperplane/line that maximizes the distance 

between classes, also called the margin (Provost & Fawcett, 2013). The wider the width of the hyperplane, the 

more distinctively we can classify observations. For convenience let us assume we only have two-dimensions 

and two-classes (‘+’ and ‘–‘) that are linearly separable and equal to 1 for ‘+’ and -1 for ‘–‘. We can easily 

visualize this setup, the margin – the region bounded by the two parallel hyperplanes – and the decision 

boundary – the maximum margin that lies halfway between the two outer margins. Also included in the graph 

is the perpendicular vector to the decision boundary, �̅�, and a new, unknown observation, �̅�, (the superscript, 

�̅�, indicates that it is a vector). 
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Since this observation lies within the two parallel hyperplanes, we cannot distinctively classify it. Therefore, 

we need a decision rule for these unknowns, 𝑢. This is given by the dot product of the perpendicular vector, �̅� 

and the unknown observation, �̅� being above some constant, 𝑐, 

�̅�𝑇 ∗ �̅� ≥ 𝑐 

Here we are projecting the vector 𝑢 onto the vector 𝜔 and measuring the distance, and the longer this distance, 

the more certain we can be that it is a ‘+’ sample. For convenience let us assume this constant is 𝑐 = −𝑏 and 

move it to the other side of the equation, 

�̅� ∗ �̅� + 𝑏 ≥ 0 

We can then enforce that all classifications in the training set are correctly classified by multiplying the 

decision rule by 𝑦𝑖 which for ‘+’ is +1 and −1 for ‘–‘. This constraint prevents data points from falling into 

the margin. Thus, for each 𝑖, 

�̅� ∗ �̅�𝑖 + 𝑏 ≥ 1, if 𝑦𝑖 = 1 

�̅� ∗ �̅�𝑖 + 𝑏 ≤ −1, if 𝑦𝑖 = −1 

This can be rewritten as, 

𝑦𝑖(�̅� ∗ �̅�𝑖) + 𝑏 ≥ 1, for all 1 ≤ 𝑖 ≤ 𝑛 

The goal then is to find the hyperplane that maximize the margin, i.e. distance, from the closest data points of 

different classes given the constraints. The closest data points used in defining this hyperplane are called 

support vectors. Since the width is given by 2 divided by the magnitude of 𝜔, that is, 
2

‖𝜔‖
, the optimization 

problem then becomes,  
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min
𝜔,𝑏

1

2
‖𝜔‖  

Subject to, 

𝑦𝑖(�̅� ∗ �̅�𝑖) + 𝑏 ≥ 1, for all 1 ≤ 𝑖 ≤ 𝑛 

This is called the hard-margin, as it requires perfect separation of all cases, but this will tend to overfit and 

produce poor generalization. Instead, a soft-margin can be applied to account for datasets that are not linearly 

separable. This is done by relaxing the constraints that all data points must be correctly classified and 

introducing a parameter that penalizes misclassification, 

min
𝜔,𝑏,𝜉

1

2
‖𝜔‖ +

𝐶

𝑛
∑𝜉𝑖

𝑛

𝑖=1

  

subject to, 

𝑦𝑖(�̅� ∗ �̅�𝑖) + 𝑏 ≥ 1 − 𝜉𝑖 , for all 1 ≤ 𝑖 ≤ 𝑛 

𝜉𝑖 ≥ 0, for all 1 ≤ 𝑖 ≤ 𝑛 

If 𝜉𝑖 = 0 then 𝑖 is correctly classified, else if 𝜉𝑖 < 0 ≤ 1 𝑖 is inside the margin but correctly classified, and if 

𝜉𝑖 > 1 𝑖 is misclassified. 𝐶 is the trade-off parameter between margin and correct classification and the larger 

this value is, the more misclassification is penalized. Even though we can penalize data that are not linearly 

separable, this misclassification error tends to grow as we increase the dimensions. The assumption of linearity 

breaks down when dealing with high-dimensional data, but in such cases, we can apply the kernel trick to map 

our data into a higher feature space where our data is separable by a hyperplane. The most popular kernelization 

techniques are the radial basis function (RBF) and polynomial. In this thesis, we apply the RBF kernel as we 

are dealing with high-dimensional data and this kernel trick has historically shown a good performance. 

4.3 TESTING AND MODEL FITTING 

As best practice within model fitting, the sample will be split into a training dataset and a test dataset, that is 

an in-sample and out-of-sample dataset. Our training data covers the period 1979-2019 approximately 70% of 

our data, while our testing data covers the period 1961-1978 or approximately 30% of the entire sample. Table 

4.1 and figure 4.2 reports the distribution of the training and testing dataset both in absolute numbers and in 

percentage terms.  
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The distribution of our actual training and testing data is fairly similar across the two periods with the biggest 

difference being a higher share in expansion and recession in the testing dataset compared to the training 

dataset. In addition, the training and testing split that has been applied has 18 turning points out of a total of 

53 (34%). We want to maximize this number to ensure that our models are tested in a period with many changes 

in economic activity to increase our model’s robustness.       

 The training dataset will be used for variable selection and parameter estimation. For the multinomial 

logistic regression, variable selection will be based on the significance of the coefficients’ p-value based on a 

Wald statistic hypothesis test. All variables not significant at the 5% confidence level are then excluded after 

which the regression is run again until all variables are significant. This approach resembles the general-to-

specific modelling applied by Proaño (2017). For the support vector machine algorithm, the significance of 

individual predictors cannot be assessed. However, the marginal contribution to the out-of-sample accuracy 

can be assessed by an iterative process of removing predictors one at a time until the out-of-sample accuracy 

has been maximized. Splitting the sample into non-overlapping training and testing datasets also avoids 

overfitting, which otherwise would lead to spurious regressions of apparent relationships that do not hold in 

general. 

4.4 EVALUATING THE PREDICTIVE PERFORMANCE 

Once we have split our data into a training and testing dataset, we need a performance measure to evaluate the 

accuracy of our models. We will apply three accuracy measures to evaluate the performance of the predictive 

model; (1) the total accuracy, (2) Cohen’s Kappa, and (3) Matthews’ Correlation Coefficient where the two 

latter measures take imbalance into account. Furthermore, the accuracy of each horizon for each class 

prediction will be investigated through the classification table of each model at each horizon, which is common 

practice when dealing with nominal data. The classification table is always a square matrix in the sense that it 

has the same 𝐾 number of columns and 𝐾 rows where 𝐾 is the number of classes. Table 4.2 exemplifies a 

classic 2x2 classification table for actual and predicted values in the most general sense: 

1979-2019 1961-1978 1979-2019 1961-1978

Expansion 173 90 36% 42%

Slowdown 175 69 36% 32%

Recession 59 30 12% 14%

Recovery 80 27 16% 13%

Total 487 216 100% 100%

Turning points 35 18 66% 34%

Table 4.1: Distribution of Training and Testing Data
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Table 4.3 summarises the three performance measures that will be applied when evaluating our two predictive 

classification models. Appendix F describes the performance measures in detail and how the different 

components are calculated based on the classification table for multiclass predictions. 
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5. METHODOLOGY: PORTFOLIO SELECTION AND FACTOR INVESTING 

This section is divided into four subsections. The first two sections describe the mean-variance and Black-

Litterman optimization techniques for portfolio selection. The third section outlines the APT framework and 

sets up the regression analysis. Finally, the performance measures applied to evaluating the portfolios are 

presented. 

5.1 MEAN-VARIANCE OPTIMIZATION 

The mean-variance model developed by Harry Markowitz in 1952 is the principal model in modern portfolio 

theory. Markowitz (1952) proposed a mathematical procedure for determining the weights of assets in a 

portfolio that optimises the expected return for a given level of risk. The key breakthrough of Markowitz’ 

method was the framework’s ability to take the co-movement (covariance) of assets into account and thus 

reduce risk through diversification while optimising expected return. Markowitz makes several assumptions 

to arrive at his model. Most notably, Markowitz assumes that the expected return and covariance of the 

underlying assets are known. In practice, these have to be estimated based on historical data and are subject to 

huge estimation errors. Furthermore, the analysis is based on single-period optimisation while the investor is 

risk averse with a concave and increasing utility function. Since 1952, several new methods for optimising has 

been proposed to deal with the shortcomings of Markowitz’ model such as risk parity portfolios. Some of the 

newer methods recognize the extreme weights that mean-variance optimisation can produce and its high 

sensitivity to expected returns estimates based on historical averages (Jorion, 1991). They relax the 

assumptions of Markowitz’ such as measuring risk using the value at risk measure or shrinkage methods, while 

replacing expected returns with the estimate of multi-factor models (Lai, et al., 2011). The modifications to 

the mean-variance model is manifold and a more optimal model for this thesis most likely exist such as a multi-

period, dynamic model with Markov-switching parameters (Costa & Araujo, 2008), however, we employ the 

mean-variance due to its simplicity and closed-form solutions. Assume we can create a portfolio out of 𝑁 

available assets, then the expected return of the portfolio is given by, 

𝐸[𝑟𝑝] = 𝑢𝑝 = ∑𝑤𝑖𝐸[𝑟𝑖]

𝑁

𝑖=1

, subject to∑𝑤𝑖

𝑁

𝑖=1

= 1  

where 𝐸[𝑟𝑝] is the expected return on the portfolio, 𝑤𝑖 is the weight assigned to asset 𝑖, and 𝐸[𝑟𝑖] is the expected 

return on asset 𝑖. The portfolio for the 𝑁 asset portfolio is given by, 

𝑉𝑎𝑟[𝑟𝑝] =  𝜎𝑝
2 = ∑∑𝑤𝑖

𝑁

𝑗=1

𝑤𝑗𝐶𝑜𝑣[𝑟𝑖, 𝑟𝑗]

𝑁

𝑖=1
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where 𝑉𝑎𝑟[𝑟𝑝] is the variance of the portfolio, 𝑤𝑖 is the weight assigned to asset 𝑖, 𝑤𝑗 is the weight assigned 

to asset 𝑗, and 𝐶𝑜𝑣[𝑟𝑖, 𝑟𝑗] is the covariance between asset 𝑖 and 𝑗. Since the number of assets in the portfolio, 

𝑁, is theoretically unlimited, vector and matrix formulation significantly simplify the mathematical 

formulation and as applied in the literature, we follow suit. Let 𝝁 denote a 𝑁 × 1 vector which contain the 

expected returns for asset 1, 2, … ,𝑁. Let �̃� denote a 𝑁 × 1 vector which contain the expected returns minus 

the risk-free rate, 𝑟𝑓, for asset 1, 2,… ,𝑁. Let 𝒘 denote a 𝑁 × 1 vector which contain the weights of asset 

1, 2, … ,𝑁. Let 𝑺 denote a 𝑁 × 𝑁 matrix which contain the variances of asset 1, 2, … ,𝑁 and the pairwise 

covariances of all 𝑁 assets. Lastly, let 𝟏 denote a 𝑁 × 1 vector which simply contains 1’s. The five vectors are 

given by, 

𝝁 = [

𝜇1

𝜇2

⋮
𝜇𝑁

]  �̃� = [

𝜇1 − 𝑟𝑓
𝜇2 − 𝑟𝑓

⋮
𝜇𝑁 − 𝑟𝑓

]   𝒘 = [

𝑤1

𝑤2

⋮
𝑤𝑁

]  𝑺 = [

𝑉𝑎𝑟[𝑟1] 𝐶𝑜𝑣[𝑟1, 𝑟2]
𝐶𝑜𝑣[𝑟2, 𝑟1] 𝑉𝑎𝑟[𝑟2]

⋯
⋯

𝐶𝑜𝑣[𝑟1, 𝑟𝑁]
𝐶𝑜𝑣[𝑟2, 𝑟𝑁]

⋮ . . . ⋮ ⋱ ⋮
𝐶𝑜𝑣[𝑟𝑁 , 𝑟1] 𝐶𝑜𝑣[𝑟𝑁 , 𝑟2] ⋯ 𝑉𝑎𝑟[𝑟𝑁]

]  𝟏 = [

1
1
⋮
1

]   

where it is assumed that the covariance matrix is non-singular such that we can calculate the inverse covariance 

matrix, 𝑺−𝟏, and the vectors can be transposed indicated by a superscript, e.g. 𝝁𝑇. Based on the above 

formulated vectors and covariance matrix, setting up the mean-variance efficient portfolio, i.e. the tangency 

portfolio, is fairly straightforward.  

5.1.1 TANGENCY PORTFOLIO 

The tangency portfolio tries to find the portfolio with the highest risk-adjusted return, that is, it maximizes the 

Sharpe ratio. The Sharpe ratio for a single asset, 𝑖, and for a portfolio, 𝑝, is given by, 

𝑆ℎ𝑎𝑟𝑝𝑒𝑖 =
𝐸[𝑟𝑖] − 𝑟𝑓

𝜎𝑖
             𝑆ℎ𝑎𝑟𝑝𝑒𝑝 =

𝐸[𝑟𝑝] − 𝑟𝑓

𝜎𝑝
=

𝒘𝑇�̃�

√𝒘𝑇𝑺 𝒘
  

where 𝜎 is the standard deviation for either asset 𝑖 or the portfolio 𝑝. The constrained optimisation problem 

for the tangency portfolio maximising the Sharpe ratio is then given by, 

max
𝑤

   𝑆ℎ𝑎𝑟𝑝𝑒𝑝 =
𝒘𝑇�̃�

√𝒘𝑇𝑺 𝒘
, subject to 𝟏𝑇𝒘 = 1 

Solving the maximization problem, returns the weight which are given by, 

𝑤𝑡𝑎𝑛 =
𝑺−1�̃�

𝟏𝑇𝑺−1�̃�
 

The formula above produces the optimal weights for the highest risk-adjusted return for a leveraged portfolio. 

The tangency portfolio can be combined with the risk-free rate to produce the capital market line, which can 

be used to adjust the investor’s expected returns based on risk preferences. Since no closed form solution exists 
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to the unleveraged optimisation problem, we do not set up here, but simply notes that the additional constraint, 

𝑤𝑖 ≥ 0, can be added. The no short-sale restricted portfolios will be applied in section 7, but are simply 

calculated using Excel’s solver add-in. 

5.2 BLACK-LITTERMAN 

Asset managers quickly realized that applying mean-variance optimization methods when designing efficient 

portfolios, they were highly concentrated (leverage), very sensitive to inputs such as the expected return, and 

subject to estimation errors. In the early 1990s, Fischer Black and Robert Litterman attempted to overcome 

these inherent issues by assuming investors holds the market portfolio and only deviates due to strong beliefs 

of differences in expected excess return between assets in the portfolio (Black & Litterman, 1992). The analyst 

is not required to estimate expected returns (e.g. historical averages) as in the Markowitz model, rather the 

Black-Litterman (BL) model assumes that expected returns are equal to the implied equilibrium returns, that 

is, the expected returns that makes the model’s asset allocation equal to the market portfolio weights. From 

this market-neutral starting point, the analyst only needs to make two adjustments to the BL model. First, the 

asset manager must state his belief in differences of the expected returns and those implied by the market. 

Second, the new beliefs should be accompanied by a degree of confidence in the new expected returns (Idzorek, 

2004). These beliefs and degrees of confidence are then added to the mean vectors, 𝝁 and �̃�, as well as the 

covariance matrix, 𝑺. Optimal portfolio weights for the tangency and minimum-variance portfolio are then 

estimated similarly as in Markowitz’ model but based on the adjusted mean vectors, and the extended 

covariance matrix. The first step of the BL algorithm involves finding the implied equilibrium return vector. 

Once again, let 𝑺 denote a 𝑁 × 𝑁 matrix containing the variances of asset 1, 2, … ,𝑁 in the diagonal and the 

pairwise covariances of all 𝑁 assets. Let 𝒘𝑚𝑘𝑡 denote a 𝑁 × 1 vector containing the market weight of asset 

1, 2, … ,𝑁 – market capitalization of asset 𝑖 divided by total stock market capitalization ∑ 𝑀𝑘𝑡𝐶𝑎𝑝𝑖
𝑁
𝑖=1  – then 

the implied equilibrium return vector, Π, is given by, 

Π = 𝜆𝑺𝒘𝑚𝑘𝑡 

where 𝜆 is a risk aversion parameter determining the investors willingness to give up expected return for a 

lower risk (variance). The risk aversion coefficient merely works as a scaling factor in the reverse optimization 

method used to find the implied equilibrium return vector, but can be derived from the CAPM market portfolio 

(He & Litterman, 1999) as briefly done in appendix G. Now we only need to define our views, the weight that 

should be assigned to the views, and the uncertainty. These can then be combined to form the Black-Litterman 

combined return vector, and we can find our optimal view-adjusted market portfolio. Let 𝑘 denote the number 

of views and 𝑁 the number of assets in the portfolio. Let 𝑸 denote a 𝑘 × 1 vector containing the returns for 

each view. Since these views are subject to uncertainty, the 𝑸 vector is accompanied by a random, independent, 

normally distributed error term vector, 𝜀, mean 0 and covariance matrix, 𝛀. The error terms are directly part 
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of the BL combined return vector, but the variance of each error term, 𝜔, that is, the deviation to the error 

term’s expected value of 0, does enter the BL formula. The variance of each term, 𝜔, represents the uncertainty 

of the views and thus the diagonal covariance matrix, 𝛀, with 0’s in the rest of the matrix. Let 𝛀 denote a 

𝑘 × 𝑘 matrix containing 𝜔 in the diagonal and 0 in the rest of the matrix. Lastly, we need to relate our views 

and uncertainties to the relevant asset in the portfolio. Let 𝑷 denote a 𝑘 × 𝑁 matrix containing the asset weight 

within each view. For each view, this is equivalent to a 1 × 𝑁 row vector which either sums to 1 if the view is 

expressed in absolute terms and 0 if the view is relative to another asset(s). The return vector, 𝑸, the covariance 

matrix, 𝛀, and the weighting matrix, 𝑷, is then given by: 

𝑸 = [

𝑄1

𝑄2

⋮
𝑄𝑘

] + [

𝜀1

𝜀2

⋮
𝜀𝑘

]       𝛀 = [

𝜔1 0
0 𝜔2

⋯
⋯

0
0

⋮ ⋮ ⋱ ⋮
0 0 ⋯ 𝜔𝑘

]      𝑷 =  [

𝑝1,1 𝑝1,2

𝑝2,1 𝑝2,2

⋯
⋯

𝑝1,𝑁

𝑝2,𝑁

⋮ ⋮ ⋱ ⋮
𝑝𝑘,1 𝑝𝑘,2 ⋯ 𝑝𝑘,𝑁

] 

Based on the specifications above, we can now define the BL combined return vector used to adjust expected 

returns according to the views, 

𝐸[𝑟] = [(𝜏𝑺)−1 + 𝑷𝑇𝛀−1𝑷]−1[(𝜏𝑺)−1𝚷 + 𝑷𝑇𝛀−1𝑸] 

where 𝜏 is a (subjective) scalar based on the investor’s confidence in prior estimates. The BL model is far from 

perfect and also has its pitfalls. Most notably, the specification in 𝑷 is very important to the performance of 

the BL model. The motivation for applying the Black-Litterman model comes from two properties. First, the 

BL model takes the market portfolio as its starting point. Rather than producing extreme weights from the 

outset, the market portfolio is a well-diversified portfolio that guarantees average returns (He & Litterman, 

1999). Second, the BL model allows the investor to tilt the portfolio according to views or beliefs of the relative 

expected returns of assets in the portfolio. Tilting your portfolio will rarely produce extreme weights unless 

the beliefs themselves are extreme (Idzorek, 2004). Since we will estimate risk premiums over the business 

cycle, the BL model is an obvious choice to allow tilting of the market portfolio based on our regime-dependent 

risk premiums and predictions of the business cycle. 

5.3 ARBITRAGE PRICING THEORY 

Arbitrage pricing theory forms the framework for testing factor models, while the two-stage regression 

procedure by Fama and Macbeth (1973) for estimating factor sensitivities and risk premiums has become an 

industry standard within this framework. In the first stage, a time-series regression is used to estimate the factor 

sensitivities with the return on the factor hedge portfolios as the independent variables and the asset/portfolio 

of interest (test asset) as the dependent variable across 𝑇 periods of data (Jegadeesh, et al., 2019). The literature 

usually applies the returns on 25 portfolios formed on size and BE/ME as the test assets (25 regressions). We 

follow this procedure, but extends this to two more sorts of 5x5 portfolios formed on the intersection of 

quintiles for size/momentum and size/volatility. Thus, we end up with 75 test portfolios, 𝑁, which will be used 
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to estimate the average factor sensitivities. Assume we are estimating 𝐾 factors over 𝑇 time-periods, the 

realized excess return on the portfolio, 𝑟𝑖,𝑡, is estimated with the following time-series regression, 

𝑟𝑖,𝑡 = 𝑎𝑖 + ∑ 𝛽𝑖,𝑘𝑓𝑘,𝑡

𝐾

𝑘=1

+ 𝜀𝑖,𝑡 

where 𝛽𝑖,𝑘 is the sensitivity of asset 𝑖 to factor 𝑘, 𝑓𝑘,𝑡 is the realization of factor 𝑘 in time 𝑡, and 𝑡 goes from 1 

to 𝑇. Applying the first-stage time-series regression to the five-factor model in this thesis yield the following 

regression,  

𝑟𝑖,𝑡 = 𝑎𝑖 + 𝛽𝑖,𝑚𝑀𝐾𝑇𝑡 + 𝛽𝑖,𝑠𝑆𝑀𝐵𝑡 + 𝛽𝑖,ℎ𝐻𝑀𝐿𝑡 + 𝛽𝑖,𝑢𝑈𝑀𝐷𝑡 + 𝛽𝑖,𝑣𝑉𝑂𝐿𝑡 + 𝛽𝑖,𝑜𝑅𝑀𝑊𝑡 + 𝜀𝑖,𝑡 

where 𝑡 goes through 673 monthly observations from July 1963 to July 2019, 𝑖 goes through 1,2, … , 100 test 

portfolios on different factors and quintiles sorts, 𝑎𝑖 is a constant representing alpha, that is, the unexplained 

part of the model, 𝛽𝑖,𝑚, 𝛽𝑖,𝑠, … , 𝛽𝑖,𝑜 is the sensitivity of portfolio 𝑖 to the factor 𝑀𝐾𝑇𝑡, 𝑆𝑀𝐵𝑡 , … , 𝑅𝑀𝑊𝑡 as 

defined in table 5.1: 

 

This regression allows us to estimate the risk premium across the entire business cycle, however, we are really 

interested in estimating risk premiums for each phase of the business cycle. A popular method for estimating 

coefficients that differ across categories in regression analysis is the application of interactive dummy 

variables. A dummy variable is simply a binary indicator of whether some statement is true or false or whether 

a category is present or not in the data. When variables interact with each other, the dummy variables are not 

included as a separate variable, but rather multiplied with the coefficient of the independent variable. Let 𝑫𝑬𝒙𝒑 

denote a dummy variable, which equals 1 in an expansion and 0 otherwise. Let 𝑫𝑺𝒍𝒅 denote a dummy variable, 

which equals 1 in a slowdown and 0 otherwise. Let 𝑫𝑹𝒄𝒚 denote a dummy variable, which equals 1 in a 

recovery and 0 otherwise. Since no dummy variable have been defined for the recession phase, this regime 

corresponds to the base case on which the new parameters will be compared to. The first-stage cross-sectional 

regression with the interactive dummy variables is then given by, 
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𝐸[𝑟𝑖] = 𝑎𝑖 + 𝛽𝑖,𝑚𝑀𝐾𝑇𝑡 + 𝛽𝑖,𝑠𝑆𝑀𝐵𝑡 + 𝛽𝑖,ℎ𝐻𝑀𝐿𝑡 + 𝛽𝑖,𝑢𝑈𝑀𝐷𝑡 + 𝛽𝑖,𝑣𝑉𝑂𝐿𝑡 + 

𝑫𝑬𝒙𝒑𝑒𝑖,𝑚𝑀𝐾𝑇𝑡 + 𝑫𝑬𝒙𝒑𝑒𝑖,𝑠𝑆𝑀𝐵𝑡 + 𝑫𝑬𝒙𝒑𝑒𝑖,ℎ𝐻𝑀𝐿𝑡 + 𝑫𝑬𝒙𝒑𝑒𝑖,𝑢𝑈𝑀𝐷𝑡 + 𝑫𝑬𝒙𝒑𝑒𝑖,𝑣𝑉𝑂𝐿𝑡 + 

𝑫𝑺𝒍𝒅𝑠𝑖,𝑚𝑀𝐾𝑇𝑡 + 𝑫𝑺𝒍𝒅𝑠𝑖,𝑠𝑆𝑀𝐵𝑡 + 𝑫𝑺𝒍𝒅𝑠𝑖,ℎ𝐻𝑀𝐿𝑡 + 𝑫𝑺𝒍𝒅𝑠𝑖,𝑢𝑈𝑀𝐷𝑡 + 𝑫𝑺𝒍𝒅𝑠𝑖,𝑣𝑉𝑂𝐿𝑡 + 

𝑫𝑹𝒄𝒚𝑟𝑖,𝑚𝑀𝐾𝑇𝑡 + 𝑫𝑹𝒄𝒚𝑟𝑖,𝑠𝑆𝑀𝐵𝑡 + 𝑫𝑹𝒄𝒚𝑟𝑖,ℎ𝐻𝑀𝐿𝑡 + 𝑫𝑹𝒄𝒚𝑟𝑖,𝑢𝑈𝑀𝐷𝑡 + 𝑫𝑹𝒄𝒚𝑟𝑖,𝑣𝑉𝑂𝐿𝑡 + 𝜀𝑖,𝑡 

The interpretation here is a bit different than normal regressions. When 𝑫𝑬𝒙𝒑 = 𝑫𝑺𝒍𝒅 = 𝑫𝑹𝒄𝒚 = 0, the 

regression simplifies to the first line of the regression without any dummy variables. In other words, the beta 

estimates without any dummy variables multiplied to them, i.e. �̂�𝑖’s, correspond to the factor sensitivities in 

recessions. Thus, 𝛽𝑖,𝑠 is the exposure of the portfolio to small size risk premium during recessions, while 𝛽𝑖,𝑠 +

𝑒𝑖,𝑠 is the exposure during expansions, 𝛽𝑖,𝑠 + 𝑠𝑖,𝑠 for slowdowns etc. The same interpretation holds for all the 

other factor sensitivities. The 𝑒𝑖’s measure the difference in factor sensitivities between recessions and 

expansions, the 𝑠𝑖’s between recessions and slowdowns sensitivities, and the 𝑟𝑖’s between recessions and 

recoveries sensitivities. Running this regression for all 75 portfolios is easily done using Excel’s built-in 

function ‘Linest’ which produces coefficient estimates for all 24 parameters in our time-series regressions 

including a constant. Based on these estimates, we can easily calculate the equally-weighted average for each 

factor sensitivity by taking the arithmetic average and do the necessary algebra with respect to the dummy 

variables. We will also calculate the weighted average by multiplying each portfolio’s factor sensitivity with 

the portfolio’s average market capitalization from 1963-2019 divided by total average market capitalization of 

all the 75 portfolios provided by Kenneth French’s data files. 

5.3.1 SECOND-STAGE CROSS-SECTIONAL REGRESSION: FACTOR RISK PREMIUMS 

In the second stage, the estimated factor sensitivities, �̂�𝑖,𝑘, for each test portfolio is used as the independent 

variables and the returns on the test portfolios at time 𝑡 are the dependent variables in a cross-sectional 

regression. When the number of time periods, 𝑇 = 673, is high this produces an equivalent high number of 

cross-sectional regressions which is beyond the scope of this thesis. Therefore, we apply the adjusted Fama-

MacBeth second-stage cross-sectional regression by taking the average of excess returns over 𝑇 for each 𝑁. 

The dependent variable then becomes a 𝑁 × 1 column vector containing the average excess return for portfolio 

1,2,… ,𝑁 from period 1 to 𝑇.  The simplified second-stage cross-sectional regression are now able to estimate 

the average risk premium of each factor over period 𝑇 using a single cross-sectional regression. Since we apply 

average excess returns rather than realized excess returns, the dependent variable is defined as the expected 

excess return on portfolio 𝑖, that is, 𝐸[𝑟𝑖]. Let 𝛾𝑘 be the risk premium of factor 𝑘 for the cross-sectional 

regression to estimate, then the second-stage is given by,  

𝐸[𝑟𝑖] = 𝛾0 + ∑ �̂�𝑖,𝑘 ∗ 𝛾𝑘

𝐾

𝑘=1

+ 𝜉𝑖 
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If 𝛽 is constant over time, the coefficients will be the same regardless of the second-stage approach. However, 

the standard errors and t-stats will not due to autocorrelation and heteroscedasticity, however, this issue can be 

mitigated by using Newey-West standard errors (Newey & West, 1987). Applying the first-stage time-series 

regression to the five-factor model in this thesis yield the following regression, 

𝐸[𝑟𝑖] = 𝛾0 + �̂�𝑖,𝑚𝛾𝑀𝐾𝑇 + �̂�𝑖,𝑠𝛾𝑆𝑀𝐵 + �̂�𝑖,ℎ𝛾𝐻𝑀𝐿 + �̂�𝑖,𝑢𝛾𝑈𝑀𝐷 + �̂�𝑖,𝑣𝛾𝑉𝑂𝐿 + �̂�𝑖,𝑜𝛾𝑅𝑀𝑊 + 𝜀𝑖 

where 𝑖 goes through 1,2,… , 100 test portfolios on different factors and quintiles sorts, 𝛾0 is a constant 

representing alpha, that is, the unexplained part of the model, �̂�𝑖,𝑚, �̂�𝑖,𝑠, … , 𝛽𝑖,𝑜 is the estimated sensitivity of 

portfolio 𝑖 to the risk premiums 𝛾𝑀𝐾𝑇 , 𝛾𝑆𝑀𝐵, … , 𝛾𝑅𝑀𝑊 as defined in table 5.1. In order to generate risk 

premiums for each phase of the business cycle, the second-stage cross-sectional regression is run separately 

for recessions, expansions, slowdowns and recoveries using the beta estimates for the respective phase and 

tested on the average return within that same phase. 

5.4 TESTING AND MODEL FITTING 

When building optimal portfolios, estimating factor sensitivities, and determining risk premiums the sample 

period will be split into a training and testing period. Similar to the business cycle forecasting exercise, we 

split the sample at January 1979. The training subsample covers 40 years of observations (72%) from 1979-

2019, while the training period covers 16 years of data (28%) from 1963-1978. From a stock market 

perspective this period is particularly interesting for testing the performance of portfolios as the market 

experienced significant bull and bear markets. Yearly returns were significantly negative in 1966, 1969, and 

1973-74, but very positive in 1963-66, 1972, 1975-76. 

5.5 EVALUATING THE PORTFOLIO PERFORMANCE 

When evaluating the performance of our portfolios, we will only consider the three performance measures. 

Since, the investor considered is unconstrained in terms of leverage, short-selling, transaction costs etc. the 

objective is simply to maximize risk-adjusted return. Risk is measured as the standard deviation, and therefore 

the Sharpe ratio is an obvious choice to evaluate the performance of the proposed risk premia-based investing 

strategies. The Sharpe ratio is given by, 

𝑆ℎ𝑎𝑟𝑝𝑒𝑝 =
𝑅𝑝 − 𝑅𝑓

𝜎𝑝
 

Where 𝑅𝑝 is the realized return on portfolio 𝑝 over the time-period considered, 𝑅𝑓 is the average risk-free rate 

over the time-period, and 𝜎𝑝 is the standard deviation of portfolio over the time-period. However, we can also 

measure risk in terms of systematic market exposure. The performance of the portfolio is then given by the 

alpha of the CAPM, that is, the excess return on the portfolio above its systematic risk, also known as Jensen’s 

alpha, 
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𝛼𝑝 = 𝑅𝑝 − [𝑅𝑓 + 𝛽𝑝 ∗ (𝑅𝑚 − 𝑅𝑓)] 

where 𝑅𝑝 is the return on the portfolio, 𝑅𝑓 is the risk-free rate, 𝛽𝑝 is the systematic market exposure, and 𝑅𝑚 

is the return on the market portfolio, thus 𝑅𝑚 − 𝑅𝑓 is the market risk premium. Lastly, the information ratio 

(IR) will be calculated, which is another popular performance indicator for measuring a portfolio’s ability to 

beat a benchmark, in this case the market portfolio. The information ratio is given by, 

𝐼𝑅 =  
𝑅𝑝 − 𝑅𝑚

𝜎𝑅𝑝−𝑅𝑚

 

where 𝜎𝑅𝑝−𝑅𝑚
 is the standard deviation on the difference between the portfolio return and the benchmark 

(market) return. The three performance measures – Sharpe ratio, Jensen’s alpha, and information ratio – will 

be calculated for all factor-investing strategies in order to determine the performance and attractiveness of the 

proposed strategies.  
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6. ANALYSIS: BUSINESS CYCLE FORECASTING 

In this section, the results of the predictive classification models are reported using the four-phase classification 

scheme as the dependent variables and the 25 indicators as the explanatory variables. Appendix R includes all 

the ‘R’-code applied to training and testing the predictive models (or see the attached Excel files/USB flash 

drive). 

6.1 SUMMARY STATISTICS 

Before accessing the results of the two predictive models, the summary statistics of the 25 predictors can briefly 

be inspected in table 6.1. The predictors are ordered similar to table 3.3, however, the names for some variables 

are slightly different as they are given their coding-name used in the software program ‘R’. The summary 

statistics of the predictors are reported prior to any standardization or differencing that has occurred to 

transform the time-series in order to allow for interpretation here. Most of the predictors are reported in terms 

of annual growth rates with the exception of interest rates (spreads) and some key variables that are bounded 

by ranges e.g. unemployment rate, ISM.PMI, and VIX. The overall picture is rather clear; most mean growth 

rates are positive as expected by the nature of economic growth in advanced economies post World-War II. At 

the same time, most predictors show signs of extreme minimum and maximum values. For example, annual 

growth of industrial production – a key indicator of economic activity – was in one month -15% but also +13% 

in another in the sample period. The same pattern holds true for financial predictors such as S&P 500 with 

yearly returns of -45% and +53% respectively. However, the average kurtosis for the 25 predictors are 2.1 with 

an average skewness of 0.06, which suggests that the distribution is fairly normal and symmetric. 

 

Table 6.1: Summary statistics of predictor variables prior to standardization and differencing

Predictor Mean Median Standard Deviation Minimum Maximum Count

New.Jobs.Added.Total 2% 2% 2% -5% 6% 703

Buil.Perm 3% 4% 23% -55% 94% 703

Ind.Pro 3% 3% 5% -15% 13% 703

Avg.Work.Hours.Mfg. 40,8 40,7 0,7 37,3 42,4 703

Unemployment.Rate 6% 6% 2% 3% 11% 703

Sahms.Index 0% 0% 1% -1% 4% 703

Real.Personal.Wages 3% 3% 3% -6% 9% 703

Coincident.Index 3% 3% 2% -4% 7% 703

ISM.PMI 53,2 53,7 6,4 29,4 72,1 703

LEI.Index 2% 4% 6% -20% 14% 703

New.Orders.Consumer.Goods 2% 2% 7% -25% 24% 703

Man.New.Orders 3% 3% 2% -5% 9% 703

Consumer.Sentiment 1% 1% 13% -34% 48% 703

New.One.Family.Houses.Sold 2% 3% 20% -51% 88% 667

Emp.Claims 2% -4% 21% -38% 86% 619

TenYear.minus.ThreeMth.Yield.Spread 1% 1% 2% -7% 4% 703

Lagged.Yield.Spread.6mths 1% 1% 2% -7% 4% 703

Aaa.minus.TenYear.Yield 1% 1% 1% 0% 3% 703

Baa.minus.TenYear.Yield 2% 2% 1% 0% 6% 703

T.Bill.ThreeMths 5% 5% 3% 0% 16% 703

T.Bond.TenYear 6% 6% 3% 0% 16% 703

SP.500.1y.Return 8% 10% 16% -45% 53% 703

SP.500.3y.Return 26% 26% 30% -43% 120% 703

VIX 16,9 15,3 6,4 6,6 59,9 703

Median.House.Prices 5% 6% 5% -17% 17% 607

Summary Statistics
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6.2 OUT-OF-SAMPLE RESULTS 

In this section, we describe our results from comparing various multinomial logistic regressions and SVM 

model specifications at different horizons. For both models, we estimate forecasts at 0, 1, 3, 6, and 12 months 

ahead. Based on testing procedure outlined in section 4.3, ten predictive models have been built using the 

training dataset at five different horizons for the two predictive models and then applied to the testing dataset. 

The results of our out-of-sample MLR and SVM algorithms are summarised in table 6.2: 

 

Overall the average accuracy of all models at all horizons is at 66%, while the balanced performance measures 

Kappa and MCC are at 52% and 0.28 respectively. The multinomial logistic regression does slightly better 

than the support vector machine in all horizons except for the prediction 12 months ahead, but SVM just gets 

a little more than half of these test observations correct. According to MCC for the 12-months ahead prediction, 

we might as well guess based on the distribution and basically achieve a similar result as that of our model. 

The total average accuracy is almost similar to Proaño (2017) who ran an ordered probit model – almost 

equivalent to the multinomial logistic regression – on the US and German economy distinguishing between 

three economic regimes; accelerations, deceleration, and recessions. Proaño (2017) estimates a 65% accuracy 

across all specifications and concludes that the relatively low accuracy is due to the different phases being 

driven by different explanatory variables. He then goes on to separate the model into three binary regressions 

and runs the model with the same variables. He finds that no macroeconomic variables have significant 

predictive power with respect to recessions, but several financial and credit variables such as the corporate 

spread, 3-month LIBOR rate, and 10-year yield spread. For the acceleration period, he finds the index of new 

orders, the German IFO business climate index, and the CDAX index to be significant at different lags. The 

exact same exercise is not carried out here, but in section 6.3 we investigate exactly which variables are 

0 Months 1 Month 3 Months 6 Months 12 Months Average

Accuracy 73% 77% 74% 69% 46% 68%

Misclassification 27% 23% 26% 31% 54% 32%

Kappa 62% 68% 63% 57% 27% 55%

MCC 0,39 0,50 0,46 0,33 -0,02 33%

0 Months 1 Month 3 Months 6 Months 12 Months Average

Accuracy 65% 71% 66% 64% 52% 63%

Misclassification 35% 29% 34% 36% 48% 37%

Kappa 51% 59% 51% 48% 32% 48%

MCC 0,25 0,34 0,24 0,21 0,07 22%

Performance Measures for All Horizons: MLR

Performance Measures for All Horizons: SVM

Table 6.2: Accuracy performance measures of predictive macro models at the five horizons/lags
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significant at different lags. However, we can get an idea of where our models have their shortcomings in 

predicting the economic regime by gauging the confusion matrices for the different horizon forecasts of both 

models. Table 6.3 reports the classification tables for the MLR at the five different horizons: 

 

The overarching source of misclassification comes from the models’ poor distinction between expansions and 

slowdowns. Across all horizons, the multinomial logistic regression has great difficulty with correctly 

classifying a regime as either an expansion or a slowdown. For example, for predictions 1-month ahead 22 

months of slowdown are classified as an expansion, while 10 months of expansion are classified as a 

slowdown. As we increase the prediction horizon, this error only increases and for the 12-months ahead 

prediction 58 expansions are classified as slowdowns while 3 slowdowns are classified as an expansion. Since 

expansions and slowdowns account for around 70% of our entire sample both in the training and testing dataset, 

the total accuracy will be significantly lower due to this type of error. To some extent, this error was expected 

since the expansion and slowdown regime by definition are very much alike. Both periods are characterized 

by economic growth, expanding production, increasing employment, higher interest rates, and positive market 

returns. Proaño (2017) also finds that distinguishing between the accelerating and decelerating period is very 

difficult for both macroeconomic and financial indicators.     

 While the expansions and slowdowns are characterized by gradual improvements and decelerations in 

key indicators, the recession regime is characterized by abrupt and significant changes in macroeconomic and 

financial variables. However, this type of regime also suffers from misclassification. For the recession regime, 

the general conclusion is that our models tend to classify too many months as a recession compared to the 

actual number of contractionary months. In all periods, we predict at least 7 more months of recession than the 

Expansion Recession Recovery Slowdown Expansion Recession Recovery Slowdown

Expansion 63 0 7 10 80 Expansion 72 0 1 8 81

Recession 0 29 1 0 30 Recession 0 29 0 0 29

Recovery 0 0 27 0 27 Recovery 2 1 24 0 27

Slowdown 22 5 10 29 66 Slowdown 25 8 1 32 66

85 34 45 39 203 99 38 26 40 203

Accuracy 74% 85% 60% 74% 72,9% Accuracy 73% 76% 92% 80% 77,3%

Expansion Recession Recovery Slowdown Expansion Recession Recovery Slowdown

Expansion 73 2 2 4 81 Expansion 44 5 5 29 83

Recession 0 27 0 0 27 Recession 0 23 0 4 27

Recovery 2 3 22 0 27 Recovery 0 5 19 0 24

Slowdown 29 11 0 28 68 Slowdown 11 3 0 55 69

104 43 24 32 203 55 36 24 88 203

Accuracy 70% 63% 92% 88% 73,9% Accuracy 80% 64% 79% 63% 69,5%

Expansion Recession Recovery Slowdown

Expansion 4 10 15 58 87

Recession 0 20 1 6 27

Recovery 0 4 16 0 20

Slowdown 3 7 6 53 69

7 41 38 117 203

Accuracy 57% 49% 42% 45% 45,8%
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A
ct

u
al

 

R
eg

im
e

MLR: 3 Months Ahead
Predicted Regime

A
ct

u
al

 

R
eg

im
e

MLR: 6 Months Ahead
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Table 6.3: Classification tables for MLR at the five horizons. Green indicates the correct predictions, while lightsalmon color indicates large misclassifications
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actual number of 27, and in some cases, we predict 16 too many. For the short horizons of prediction (i.e. 0-3 

months), the models do poorly in distinguishing between recessions and slowdowns, while for the long horizon 

predictions, it does poorly across the board.        

 The recovery predictions do not suffer to the same extent from the overprediction as the recession 

period and have the highest average accuracy of 73%. The false positives for the recession predictions are 

mainly concentrated in expansions and to a lesser extent in slowdowns. As the transition matrix showed, all 

recoveries are followed by an expansion. This also means that a model estimating a positive relationship 

between the explanatory variables and both the expansion and recovery phase will have a difficult time 

distinguishing between these two periods. The three sources of misclassification can be summarised as, 

• Poor distinction between expansions and slowdowns: High homogeneity between the economic 

indicators in expansions and slowdowns, thus difficult to distinguish these regimes. 

• Overprediction of the frequency of recession months: High heterogeneity between recession and 

the other regimes, thus outliers and simultaneous drops in key indicators are classified as a recession 

rather than a slowdown. 

• Poor distinction between recoveries and expansions: High homogeneity between recoveries and 

expansions, thus the model has a difficult time figuring out when a recovery has become an expansion. 

The abovementioned problems results in the low observed accuracy measures for the multinomial logistic 

regressions. However, we have also developed another classification model based on the state-of-the-art 

machine learning technique support vector machines. Appendix H shows the confusion matrices for the SVM 

at the five different horizons, however, the SVM models suffer from the same type of errors as the MLR. The 

majority of misclassifications is driven by a poor distinction between expansions and slowdowns and only 

increases with the horizon. The SVMs do not predict too many recessions, but rather too many recoveries at 

all horizons. Particularly, the distinction between recessions and recoveries is poor, but also between recoveries 

and expansions. Overall, the SVM does not improve accuracy and the results seem even less logical and more 

scattered than the MLR. 

6.3 KEY INDICATORS 

As mentioned, the SVM algorithm is not a regression model, thus we cannot obtain t-tests and standard errors 

for each individual variable. Therefore, we only present the coefficients for our multinomial logistic regression 

models in table 6.4 for horizons 0 and 1 month ahead and in table 6.5 for 3, 6, and 12 months ahead. The 

asterisk ‘*’ indicates the level of confidence for each class in relation to the reference class ‘Expansion’. The 

findings indicate that there does not exist one key indicator across all horizons with significant predictive 

power of future economic regimes. However, three predictors are significant in four out of the five models. 

Most notably, the 6 months lagged yield spread are significant in all models with horizons equal to or longer 

than 1 month. For example, the interpretation of the 6 months lagged yield spread in table 6.4, that is for 



Timing Risk Premia over the Business Cycle  Analysis: Business Cycle Forecasting 

P a g e  52 | 106 

 

predictions 1 month ahead, is that the yield spread 7 months ago are a good predictor of the economic regime 

today. The sign of the coefficient for lagged yield spread coefficient is negative for both recessions, recoveries, 

and slowdowns. This indicates than an increase in the lagged yield spread decreases the probability that any 

of these regimes will occur, and equivalently increases the probability of an expansion to occur seven months 

from now. The significance of the lagged yield spread confirms the widespread consensus the yield spreads as 

the single best predictor of future recessions (Guidolin & Hyde, 2014). The fact that the yield spread is only 

significant for the 6 months lagged spread, but not the spread itself, supports the findings of many researchers 

including Liu and Moench (2016) that the yield spread is a long leading indicator and particular relevant at 

horizons of 6, 12 and 18 months. In addition to the yield spread, two other variables are significant at four out 

of five horizons. New non-farm jobs added is significant at all lags equal to one or longer, while the S&P 500 

one-year return has significant predictive power for lags 0-6 months ahead, but not at 12 months ahead. The 

significance of changes in job creation confirms the results of Ng (2014), who found several disaggregated 

employment predictors to be significant. The sign of the coefficients for lags 0-6 months confirm the belief 

that an increase in employment increases the probability of either an expansion or slowdown, while a decrease 

increases the probability of a recession or recovery regime to occur. The high predictive power of the S&P 

yearly returns indicates that financial markets are forward-looking and somewhat able to anticipate changes in 

economic activity ex ante. Similar to our results, Liu and Moench (2016) also finds the S&P 500 yearly returns 

significant at the 3- and 6-months lags, but not 12 or higher lags. Two indicators are significant at three 

different lags; the ISM purchasing managers’ index (PMI) for lags 0, 1, and 3 months, while the 10-year Baa 

corporate yield spread to the 10-year Treasury yield is significant at lags of 3, 6, and 12 months. These two 

indicators exemplify a general trend in our models; macroeconomic variables have significant predictive power 

at short horizons of 0-3 months, while financial and credit variables at significant at longer horizons of 3-12 

months. In total, we find that at least 20 predictors are significant, but most of these variables are significant 

for only one lag or only one class. 
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Overall the relationships between key indicators and economic regimes makes intuitive sense, albeit some 

spurious relationships such as consumer sentiment being positively correlated with recessions. However, four 

predictors stand out as having high predictive power across multiple horizons and multiple classes. These are 

the 6-months lagged yield spread, the S&P 500 yearly return, new non-farm jobs, and the ISM PMI (see 

appendix J for effect plots). At short horizons, macroeconomic variables such as industrial production, 
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ISM.PMI, and job creation, but also the S&P 500 yearly return are particularly predicting confirming prior 

literature (Levanon et al., 2011; Liu & Moench, 2016, Proaño, 2017). At longer horizons, the 6-month lagged 

yield spread and Baa 10-year yield spread have high explanatory power also in line with empirical literature 

(Ng, 2014; Berge, 2015; Liu & Moench, 2016). 
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7. FACTOR INVESTING STRATEGIES: MEAN-VARIANCE 

In this section, the results of the mean-variance portfolio optimizations will be presented both across the full 

sample, in-sample estimations, and the out-of-sample performance. Before reporting the results, we briefly 

summarize some key statistics about the assets of analysis. All portfolio analysis can also be found in the 

attached Excel files/USB flash drive. 

7.1 LONG-SHORT FACTOR PORTFOLIOS 

Table 7.1 summarizes the descriptive statistics of the 1-month T-bill, the market portfolio, and the four long-

short factor portfolios over the full sample period July 1963 to July 2019. The risk-free rate has averaged 4.6% 

over the last 56 years, which by today’s standards are well above average. The inflationary 1980s is the main 

explanation for the high average, and as of July 2019, the 1-month T-bill was quoted at ~2% on a yearly basis. 

The high risk-free rate results in a lower excess return on the market portfolio, which has averaged 5.4% since 

1963 with a standard deviation of 16.9%. The observed size and value premium are relatively low at 1.9% and 

3.3% respectively, while momentum and volatility have averaged 7.0% and 3.7% yearly in the last 56 years. 

With the exception of the volatility factor, the standard deviations of the factor portfolios are lower than the 

market portfolio ranging from 10% to 15.6% on a yearly basis. The high standard deviation for the volatility 

factor might seem unintuitive, however, since the factor portfolios are long-short and not long-only, the factor 

portfolios captures the variance of both the low and high quintiles. The short position in the high volatility 

quintiles thus results in a high standard deviation. With the exception of the momentum portfolio, the 

distribution of the portfolios seems to somewhat mimic a normal distribution with an average kurtosis of 4.85 

and average skewness of -0.34. 

 

The full sample descriptive statistics of table 7.1 imply huge deviation in the performance of the factor 

portfolios. Table 7.2 summarises the beta, Sharpe ratio, and Jensen’s alpha for the five factors over the full 

sample period. 

1-Month T-Bill Market Size Value Momentum Volatility

Geomean 0,4% 0,8% 0,2% 0,3% 0,6% 0,3%

Mean 0,4% 0,9% 0,2% 0,3% 0,7% 0,5%

Variance 0,0000 0,0019 0,0009 0,0008 0,0017 0,0031

StDev 0,3% 4,4% 3,1% 2,8% 4,2% 5,6%

Geomean 4,6% 10,3% 1,9% 3,3% 7,0% 3,7%

Mean 4,6% 11,5% 2,4% 3,8% 8,2% 5,7%

Variance 0,0001 0,0285 0,0117 0,0101 0,0244 0,0419

StDev 1,0% 16,9% 10,8% 10,0% 15,6% 20,5%

Kurtosis 0,74 1,98 5,45 2,10 10,60 4,14

Skewness 0,64 -0,52 0,50 0,09 -1,32 -0,45

Table 7.1: Full sample statistics from July 1963 to July 2019 of 1-month T-bill (risk-free rate), the (excess) market portfolio and the four 

long-short factor portfolios both monthly and annualized.

Yearly

Monthly

Distribution
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The Sharpe ratios for our four factors are not impressive. The market portfolio has the highest Sharpe ratio at 

0.34, which corresponds to the historical average Sharpe ratios reported in the literature (e.g. Koedijk et al. 

(2016) estimate a Sharpe ratio of 0.35 for the period 1929-2016). Neither size, value, or volatility outperform 

the average risk-free rate, while momentum delivers positive excess return, but when risk-adjusted by its high 

standard deviation, this appear less impressive. The performance of the four factors improves when we 

consider Jensen’s alpha. While value and, in particular, size deliver negative excess returns, momentum and 

volatility have an alpha of 3.2% and 4.1% respectively. The positive alpha is mainly due to their negative betas 

of at -0.13 and -0.86 for momentum and volatility respectively. Based on table 7.1 and 7.2, long-short factor 

portfolios do not seem utterly attractive. As mentioned in section 2.4, long-short factors are interesting not 

merely as a self-financing hedge against systematic risk, but also due to their low or inverse correlation. In his 

four-factor model, Carhart (1997) finds that all factors have low or negative correlation with the highest 

correlation being between the market and the size factor at 0.32, while the lowest correlation is between the 

market and the value portfolio at -0.37. The uncorrelated nature of factors is particularly prevalent in long-

short portfolios, since most researchers reports correlation of 0.7-0.9 when applying long-only factor 

portfolios. Table 7.3 reports the correlation matrix for the excess return on the market portfolio and the four 

long-short factor portfolios. 

 

Table 7.3 confirms the results of Carhart as 6 out of 10 correlations are negative. Size is the only factor with a 

positive correlation to the market, while volatility has a very strong negative correlation to the market of -0.68. 

As a result, volatility and size has a strong negative correlation as well of -0.58. The highest correlation is 

between volatility and value at 0.43, while the correlation between value and the three other portfolios is 

negative. Based on table 7.3, combining the market portfolio with the four long-short factors should yield some 

1-Month T-Bill Market Size Value Momentum Volatility

Mean, yearly 4,4% 11,8% 1,3% 2,1% 6,3% 3,8%

StDev, yearly 1,1% 17,2% 10,6% 10,2% 16,4% 21,9%

Beta 1 0,17 -0,17 -0,11 -0,92

Sharpe Ratio 0,43 -0,29 -0,22 0,12 -0,02

Jensen's Alpha 0,0% -4,3% -0,9% 2,8% 6,3%

Table 7.2: Full sample performance measures from July 1963 to July 2019 for the market portfolio and the four long-

short factor portfolios using annualized standard deviations and geometric means. Beta is calculated as the covariance 

between the market portfolio return and the factor portfolio return divided by the variance of the market portfolio.

Market Size Value Momentum Volatility

Market 1

Size 0,29 1

Value -0,25 -0,19 1

Momentum -0,14 0,00 -0,19 1

Volatility -0,68 -0,58 0,43 0,17 1

Table 7.3: Correlation matrix of the excess market excess and the four long-short 

factor portfolios for the period July 1963 to July 2019.
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well-diversified portfolios.         

 Before we report the results of in- and out-of-sample portfolios, we can briefly investigate the 

cumulative return over the sample period and the portfolios systematic beta risk through figure 7.1 and 7.2 

below. If you had invested 1 dollar in the market portfolio in 1963, it would be worth $239 today, unlike a 1-

dollar investment in the size long-short portfolio which would be worth $2.8 today. We can also briefly study 

the security market line (SML) with the factors plotted. By the intuition behind CAPM, momentum and 

volatility are clearly undervalued, while size is overvalued and value yielding its expected beta-implied return. 

These observations correspond to the positive and negative alphas that were described in table 7.2 
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In this section, we estimate optimal portfolio for our five assets by applying Markowitz’ mean-variance 

optimization to the market return and the four long-short factor portfolios over the in-sample period 1979-

2019. First, we find the tangency portfolio for the entire in-sample period. Next, we split the in-sample period 

into four subsamples, one for each economic regime. From these subsamples, we estimate the tangency 

portfolio for each regime using only returns for the respective regime. The individual regime portfolio weights 

are then used for rebalancing in the out-of-sample performance tests when our predictive macro models signal 

a regime turning point. Correlation matrices for each regime of four long-short factor portfolios can be found 

in appendix K. Table 7.4 reports the optimal tangency portfolios of the mean-variance optimization algorithm 

across all regimes and by each regime. Overall, the portfolio weights are not extreme by Markowitz’ standards. 

With the exception of the size portfolio weight in slowdowns, there are no highly leveraged positions and the 

majority of short-selling weights falls in the range of -13% to -4%. Not surprisingly, the market portfolio is 

given the highest weight in all regimes, with the exception of recession regimes, primarily driven by its 

relatively high expected return and low correlation. The market portfolio is still given a positive weight in 

recessions, but significantly lower than its average. The volatility factor is also heavily favoured in all regimes 

ranging from concentrations of 35% to 26% primarily due to its strong negative correlation with the other 

factors. These weightings seem to confirm the low-volatility anomaly observed in the academic literature. 

According to Baker et al. (2014), the volatility factor is persistent across the business cycle and the main 

deviation in low-volatility returns are found at the sector level. 
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The weight of long-short size portfolio fluctuates the most, particularly between slowdowns, recessions and 

recoveries with weights of -45%, 59%, and 46% respectively. The severe fluctuations are probably a result of 

significantly positive correlation with the market portfolio and strongly negative correlation with the volatility 

factor. However, the results do confirm the proposition of Switzer (2010) who found that small-cap firms 

significantly outperform large cap firms during recoveries, but also underperforms in the year prior to a peak, 

that is, in slowdowns, which explains the short position. Surprisingly, the momentum factor portfolio is given 

relatively low weighting with no intuitive explanation other than an undesired covariance with other factors. 

The main explanation for the low weight in momentum, in this case, is the inclusion of the volatility factor 

which captures the benefits of diversification.        

 Figure 7.3 plots the efficient frontier for the market portfolio and four long-short factor portfolios 

across all regimes with the tangency portfolio of each regime added. Overall, the standard deviation is very 

low due to the correlation scheme between the factors, while the expected return is relatively high given the 

risk level. The tangency portfolio in slowdowns is particularly attractive with a standard deviation of 12% and 

expected return of 20% equal to a Sharpe ratio of 1.50. From a risk-return trade-off, the tangency portfolio in 

recoveries has an equivalently high risk-return trade-off with a Sharpe ratio of 1.47, while the tangency 

portfolio in expansions with a Sharpe ratio of 1.20 is slightly better than the tangency portfolio across all 

regimes. As expected, the tangency portfolio in recessions has the lowest Sharpe ratio of 0.89 primarily due to 

a higher standard deviation. 

All Regimes Expansion Slowdown Recession Recovery

Market 49% 38% 83% 23% 41%

Size 15% 17% -45% 59% 46%

Value -4% -7% 5% -8% -8%

Momentum 6% 17% 14% -13% -6%

Volatility 33% 35% 42% 38% 26%

Expected Return 9,06% 8,12% 20,32% 8,37% 10,57%

Standard Deviation 6,06% 4,83% 11,94% 6,85% 5,61%

Sharpe Ratio 1,12 1,20 1,51 0,89 1,47

Table 5.4: Tangent portfolios based on mean-variance optimization by economic regime and across 

all regimes over the in-sample period January 1979 to July 2019 covering a total of 487 monthly 

observations. To create the four regime-dependent portfolios, the in-sample period have been split 

into four subsamples based on their regime classification and the mean-variance optimization has 

then been run separately for each regime. The monthly geometric average has been applied as the 

expected return, while the monthly risk-free rate as of July 2019 was 0,19%. 

In-Sample Tangent Portfolio Weights by Economic Regime
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Based on the optimal weights of the tangency portfolio in table 7.4, the results can be applied to the out-of-

sample period in order to test the performance of a dynamic regime-switching investing strategy. Specifically, 

the strategy will be tested on each horizon of the predictive macro models (0, 1, 3, 6, and 12 months ahead) 

and for each model (multinomial logistic regression and support vector machines). The performance of the 

tangency portfolios will be then be compared to an equally-weighted 1/N and the market portfolio as the 

benchmark. Table 7.5 reports the results of the out-of-sample performance of the 1/N equally-weighted 

portfolio, the static tangency portfolio across all regimes, and the 10 dynamic portfolios at each horizon for 

the two predictive models. Overall, the dynamic portfolios with rebalancing based on the predictive macro 

models perform worse than the market portfolio in all cases in terms of average returns as indicated by the 

negative information ratios. The geometric average return varies from 4.51% to 6.57% with only the dynamic 

tangent portfolio using SVM one month ahead predictions able to beat the geometric average of 6.40% for the 

market. The arithmetic average returns on all dynamic portfolios are below that of the market portfolio’s 7.09% 

ranging from 4.75% to 6.79%. The standard deviation of the portfolios is significantly lower than the market 

portfolio’s 15.92% ranging between 6.16% to 9.32%, but higher than the 3.62% standard deviation on the 

equally-weighted portfolio. As expected, the betas of the dynamic portfolios are well below 1 with the lowest 

being the Tangent_Dynamic_MLR1 strategy with a beta of 0.19 and the strategy with the highest beta is 

Tangent_Dynamic_SVM12 of 0.36. The Sharpe ratio is low across the board due to an average US 1-month 

T-bill of 5.1% in the out-of-sample period, and only three dynamic portfolios are able to outperform the 

market’s Sharpe ratio of 0.12, but none are able to beat the equally-weighted portfolio’s Sharpe of 0.35. The 

tangent portfolio using SVM one month ahead predictions has the highest Sharpe ratio of 0.23 as well as the 

highest Jensen’s alpha of 1.03%. Six out of ten dynamic portfolios have a positive CAPM alpha, but only two 
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of the alphas (Tangent_Dynamic_SVM1 and Tangent_Dynamic_SVM3) are significantly different from 0 at 

the 5% level. As mentioned, none of the strategies are able to beat the market portfolio as indicated by the 

negative information ratios. Most of the strategies are far from 0, with the closest strategy being the 

Tangent_Dynamic_SVM1 at -0.09, while the 1/N portfolio also comes close at -0.15. In general, if an investor 

decides to deviate from the market portfolio, the best strategy to adopt would simply be a 1/N portfolio that 

promises almost the same average return but to a much lower variance and with a significant alpha. 

 

Overall, the low performance of our dynamic tangent portfolios is a worrying sign for applying the predictive 

macro models for rebalancing. In order to have large confidence in our predictive macro models and their 

ability to outperform the market, the average returns and performance measures should be significantly higher 

across the board rather than yielding random, sporadic signs of improvement. Furthermore, the performance 

of the portfolios applying MLR seems worse than those using SVM even though MLR had a higher accuracy 

in predicting the correct economic regime. At horizons of 1, 3, and 6 months ahead, the models were most 

accurate but some of the strategies based on these horizons are also part of the worst performing strategies. In 

conclusion, combining long-short factor portfolios with the predictions of the macro models do not 

significantly improves performance over the market portfolio. For an investor, however, factor portfolios can 

significantly decrease risk in terms of standard deviations, but not expected return, at least not without the use 

of leverage. 

 

Geomean Mean Variance StDev Beta Sharpe Jensen's Alpha IR

Market 6,40% 7,09% 0,0253 15,92% 1 0,12

1/N Portfolio 6,40% 6,46% 0,0013 3,62% 0,06 0,35 1,14%* -0,15

Tangent_Static 5,93% 5,92% 0,0031 5,54% 0,30 0,13 0,16% -0,37

Tangent_Dynamic_MLR0 5,03% 5,21% 0,0038 6,16% 0,20 0,00 -0,36% -0,50

Tangent_Dynamic_MLR1 5,05% 5,27% 0,0047 6,89% 0,19 0,01 -0,29% -0,47

Tangent_Dynamic_MLR3 5,21% 5,44% 0,0050 7,06% 0,22 0,03 -0,17% -0,44

Tangent_Dynamic_MLR6 6,00% 6,30% 0,0064 8,00% 0,22 0,14 0,68% -0,20

Tangent_Dynamic_MLR12 5,69% 6,02% 0,0071 8,44% 0,30 0,10 0,26% -0,30

Tangent_Dynamic_SVM0 5,42% 5,76% 0,0074 8,59% 0,22 0,07 0,15% -0,33

Tangent_Dynamic_SVM1 6,57% 6,79% 0,0049 6,98% 0,30 0,23 1,03%* -0,09

Tangent_Dynamic_SVM3 4,51% 4,75% 0,0049 7,02% 0,32 -0,06 -1,05%* -0,72

Tangent_Dynamic_SVM6 6,00% 6,23% 0,0050 7,04% 0,32 0,15 0,43% -0,27

Tangent_Dynamic_SVM12 5,74% 6,15% 0,0087 9,32% 0,36 0,10 0,28% -0,27

Out-of-Sample Performance of Dynamic Regime-Switching Tangent Portfolios

Table 7.5: Out-of-sample performance on equally-weighted portfolio, market portfolio, static tangent portfolio across all 

regimes, and 10 dynamic tangent portfolios with regime-switching based on the two predictive macro models for all horizons 

over the period July 1963 to December 1788 covering a total of 186 monthly observations. Means, variances, and standard 

deviations are on a yearly basis as well as the performance measures. Beta is the sensititivity to the market portfolio, Jensen's 

Alpha is the excess return as implied by the CAPM, while IR is the information ratio using the market return as the benchmark. 

The 1-month T-bill averaged 5.1% yearly in the out-of-sample period, which significantly lowers the Sharpe ratios. '*' 

indicates significance at the 95% confidence level.

Yearly Performance Measures
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7.2 LONG-ONLY FACTOR PORTFOLIOS 

Before we considered only long-short factor portfolios. While they are interesting from a self-financing 

hedging perspective, in which the investor achieves high diversification – as implied by their low or negative 

correlation – they assume investors are unconstrained with respect to shorting and leverage. Most professional 

investors such as mutual and pension funds are very restricted in terms of short-selling, borrowing and 

transaction costs. In addition, many factor ETFs on the market are long-only in the respective factor (Angelidis 

& Tessaromatis, 2017). Since long-only factor portfolios do not short the low (high) quintiles, but only goes 

long in the high (low) quintiles, the definitions of the long-only factor portfolios are different. For example, 

the value factor portfolio is defined as the average of the two high book-to-market portfolios at the intersection 

of size and value sorts: 

𝑅𝑒𝑡𝑢𝑟𝑛 𝑜𝑛 𝐿𝑜𝑛𝑔 𝑂𝑛𝑙𝑦 𝑉𝑎𝑙𝑢𝑒 𝐹𝑎𝑐𝑡𝑜𝑟 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 =
𝑅𝑆𝑚𝑎𝑙𝑙/ℎ𝑖𝑔ℎ + 𝑅𝐵𝑖𝑔/ℎ𝑖𝑔ℎ

2
 

The same return formulas hold for the other factors. The main drawback from long-only factor portfolios is 

that systematic risk is high and the inability of these portfolios to capture the negative return on the shorted 

portfolios. The main advantage of long-only portfolios is that they have higher average returns and are much 

easier to implement for an investor.        

 Due to the scope of this thesis, summary statistics, correlation matrices, in-sample performance 

measures and the tangency portfolio weights for the long-only portfolios are described and reported in 

appendix L. Some brief remarks on the characteristics of long-only factor portfolios can be made. Long-only 

factor portfolios have much higher geometric average returns between 12.9% for the volatility factor to 16.4% 

for the momentum factor, but also much higher standard deviations between 13.8% to 22.2% (see table 12.1). 

As a result, the Sharpe ratios are much higher between 0.4 to 0.62, however, so is systematic risk with betas 

between 0.72 to 1.12. Thus, Jensen’s alpha for the four factors are similar to long-short portfolios between 

0.7% to 3.9% (see table 12.3). The high systematic risk of long-only factor portfolios is confirmed by the 

correlation which ranges between 0.72 to 0.93. The highly positive correlations result in extreme tangency 

portfolios when no short-sale restriction is imposed. In all regimes, the investor has to use substantial leverage 

of at least 175% to short positions of -243% in recoveries and 469% leverage in recessions and short positions 

of -640% (see table 12.4). The extreme weights confirm the criticism of mean-variance optimizations when 

assets are highly correlated and very sensitive to the expected return estimations (Jorion, 1991). When a short-

sale restriction is imposed, the weighting scheme is still extreme in the sense that the investor should only hold 

the volatility, momentum and size portfolio across the regimes with at least 63% in one of the portfolios and 

the rest split between the two other portfolios (see table 12.5). Because the weights in the long-only factor 

portfolios with no short-sale restriction are so extreme, these portfolios are not interesting from a practical 

viewpoint as implementation of such strategies is practically impossible. Instead, table 7.6 reports the results 
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of the out-of-sample performance of the dynamic tangency portfolios with a short sale restriction (see table 

12.6 for the out-of-sample performance of tangency portfolios with no short-sale restriction). The performance 

of the long-only no short-sale factor portfolios have improved in terms of average returns, Sharpe ratio, 

Jensen’s alpha and information ratio, however, at the expense of higher standard deviations and systematic 

risk. As a result, the Sharpe ratio ranges from 0.09 to 0.23, which is still below the Sharpe ratio of the equally-

weighted portfolio at 0.26. In addition, neither of the dynamic portfolios is able to deliver a higher alpha 

compared to the 1/N portfolio, and only four out of ten dynamic long-only portfolios are significant at the 95% 

confidence level. This is also a result of a higher systematic market risk as indicated by the beta values for 

which the lowest strategy has a beta of 0.90. The dynamic portfolios are all able to beat the market portfolio 

as indicated by their positive information ratios, but the equally-weighted portfolio still has the highest 

information ratio. 

 

In conclusion, long-only factors portfolios offer the investor higher returns and better performance than long-

short factor portfolios, but at the expense of higher volatility and systematic risk which does not capture the 

benefits of diversification offered by long-short portfolios. Long-only portfolios are able to beat the market 

portfolio, but not an equally weighted portfolio in terms of any performance measure. Furthermore, the case 

for dynamic market-timing factor investing is mixed since only some, but not all, dynamic strategies are able 

to outperform the static tangent portfolio. 

  

Geomean Mean Variance StDev Beta Sharpe Jensen's Alpha IR

Market 5,9% 7,1% 2,5% 15,9% 1 0,12 0,00%

1/N Portfolio 10,0% 11,5% 3,4% 18,3% 1,07 0,26 4,03%** 3,31

Tangent_Static 7,8% 8,8% 2,2% 14,9% 0,91 0,18 1,94%* 3,06

Tangent_Dynamic_MLR0 8,4% 9,6% 2,6% 16,0% 0,95 0,20 2,51%** 2,14

Tangent_Dynamic_MLR1 7,8% 8,9% 2,4% 15,4% 0,93 0,17 1,94%* 2,05

Tangent_Dynamic_MLR3 8,1% 9,2% 2,5% 15,7% 0,94 0,19 2,26%** 2,24

Tangent_Dynamic_MLR6 8,2% 9,3% 2,5% 15,8% 0,94 0,19 2,27%** 2,03

Tangent_Dynamic_MLR12 7,7% 9,1% 3,1% 17,5% 1,03 0,14 1,75% 1,23

Tangent_Dynamic_SVM0 7,7% 8,7% 2,2% 15,0% 0,90 0,17 1,86%* 1,83

Tangent_Dynamic_SVM1 9,2% 10,6% 3,1% 17,7% 1,02 0,23 3,30%** 2,15

Tangent_Dynamic_SVM3 7,9% 9,3% 3,0% 17,4% 1,01 0,16 1,96% 1,29

Tangent_Dynamic_SVM6 8,4% 9,8% 3,2% 17,9% 1,03 0,18 2,41%* 1,52

Tangent_Dynamic_SVM12 6,6% 7,7% 2,4% 15,5% 0,94 0,09 0,72% 0,68

Out-of-Sample Performance of Dynamic Regime-Switching Tangent Portfolios

Table 7.6: Out-of-sample performance with a short-selling restriction on an equally-weighted portfolio, the market portfolio, a 

static tangent portfolio across all regimes, and 10 dynamic tangent portfolios with regime-switching based on the two predictive 

macro models for all horizons over the period July 1963 to December 1978 covering a total of 186 monthly observations. 

Means, variances, and standard deviations are on a yearly basis as well as the performance measures. Beta is the sensititivity 

to the market portfolio, Jensen's Alpha is the excess return as implied by the CAPM, while IR is the information ratio using the 

market return as the benchmark. The 1-month T-bill averaged 5.1% yearly in the out-of-sample period, which significantly 

lowers the Sharpe ratios. '*' indicates significance at the 90% confidence level, '**' at the 95% confidence level, and '***' at 

the 99% confidence level.

Yearly Performance Measures
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8. FACTOR INVESTING STRATEGIES: BLACK-LITTERMAN 

In the previous section, Markowitz mean-variance optimization resulted in extreme weighting schemes, in 

particular for the long-only factor portfolio. An alternative to Markowitz is the Black-Litterman model which 

allows the analyst to incorporate subjective beliefs or views of expected returns to adjust the market weights 

of the portfolio. Before setting up the views, the implied excess return on each asset in the portfolio must be 

determined. Kenneth French provides the average market values of each factor portfolio for each month in his 

data files, thus we can easily calculate the market weights and implied excess returns as reported in table 8.1. 

Since the market portfolio is one of the assets in our portfolio, this clearly dominates the weighting scheme 

with approximately 42%. However, the low-volatility portfolio is also assigned a substantial weight, primarily 

due to the low volatility of many large corporations unlike volatile small-cap stocks. Momentum and value are 

given approximate equal weights of 14% and 12%, while size is given a tiny weight of 1.2% as expected. The 

implied excess return is significantly smaller than the observed average returns, but show little variation 

between the asset with ranges between 7.6% to 8.8% with the exception of volatility. The low-volatility factor 

portfolio is a small outlier with an implied excess return of 5.6%, but this is expected by its definition as a low-

risk asset. The implied excess returns are sensitive to the lambda values, and historically the risk aversion 

coefficient has varied significantly. Appendix M shows a rolling window calculation of lambda in the out-of-

sample period with variation between 0.5 to 3.5, and as of July 2019 it equalled 2.78, while the average in-

sample lambda is 3.42. 
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Now that we have determined the market weights and the assets’ implied excess returns, we need to incorporate 

our own views. Our own views will be based on the factor sensitivities and risk premiums estimates for our 

five factors across the business cycle. Then based on these estimates, we will tilt our market implied portfolio 

given the signal of the predictive macro models in order to increase risk-adjusted returns in the out-of-sample 

period.            

 Before the risk premiums of each factor in each economic regime can be determined, the factor 

sensitivities must be determined. The factor sensitivities for each regime is determined by running the time-

series regression with interactive dummy variables as specified in section 8.3 on the 75 test portfolios’ simple 

returns (i.e. not excess return). Since we are running 75 regressions, we cannot report the results of each test 

here, however, appendix N exemplifies the results for three regressions. Once these regressions have been 

carried out, we take both the equally-weighted average factor sensitivity of each coefficient estimate, but also 

the value-weighted average based on the average market values of the 75 test portfolios. Table 8.2 reports the 

results of the 75 time-series regression using interactive dummy variables to estimate the sensitivity for each 

economic regime. First of all, the intercept is on average 0.4% which corresponds to a yearly equivalent of 

5.0%. The average 1-month US T-bill in the in-sample period is 0.38% monthly and 4.7% yearly. The five 

factors are therefore able to explain almost all of the excess return on the 75 test portfolios, leaving only a mere 

0.3% yearly returns which is not explained. Overall, the exposure to the market risk premium is the main driver 

Full Sample In-Sample Out-of-Sample Full Sample In-Sample Out-of-Sample

Market 21.958 28.733 2.378 42,2% 42,3% 40,5%

Size 615 793 100 1,2% 1,2% 1,7%

Value 6.010 7.893 565 11,6% 11,6% 9,6%

Momentum 7.312 9.565 800 14,1% 14,1% 13,6%

Volatility 16.084 20.948 2.026 30,9% 30,8% 34,5%

Full Sample In-Sample Out-of-Sample Full Sample In-Sample Out-of-Sample

Market 0,5% 0,6% 0,1% 6,2% 7,6% 1,7%

Size 0,6% 0,7% 0,2% 7,1% 8,8% 2,0%

Value 0,5% 0,6% 0,1% 6,4% 7,9% 1,8%

Momentum 0,6% 0,7% 0,2% 7,0% 8,6% 2,0%

Volatility 0,4% 0,5% 0,1% 4,6% 5,7% 1,3%

Average Market Value ($ millions) Weights Based on Average MV

Implied Excess Return - Monthly Implied Excess Return - Yearly

Table 8.1: Average market values, market value weights, implied excess return monthly and yearly for the full 

sample period (1963-2019), in-sample period (1979-2019), and out-of-sample period (1963-1978). Average 

market values are taken from Kenneth French's data files on each factor. The market value for the market 

portfolio is the sum of the 6 portfolios formed on independent sorts of 2x3 size and value portfolios, since these 

sorts often includes the most firm listed. Implied excess return is calculated used the BL formula E[r_m-r_f] = 

λ*S*w_mkt, where S is the covariance matrix. The risk aversion coefficient, λ, has been determined using the 

formula λ= E[r_m-r_f]/σ^2_m, where σ^2_m is the variance on the market portfolio. Lambda for the full sample 

period is 2.78, for the in-sample period it is 3.42, while for the out-of-sample period it is 0.81. Implied excess 

returns have been transformed to yearly values using the formula r_yearly = (1+r_monthly)^12-1.



Timing Risk Premia over the Business Cycle  Factor Investing Strategies: Black-Litterman 

P a g e  66 | 106 

 

of asset returns and it is comforting to observe that the average exposure is close to 1. For the four factors, the 

exposure is relatively small, in particular the value-weighted average. The SMB factor is 0.51 when applying 

the equally-weighted average, but using the value-weighted average it becomes negative indicating that the 

small-cap portfolios are very exposed to the factor but not the large-cap portfolios. The HML value factor also 

drops when applying the value-weighted average, but to a lesser extent and remains positive at 0.12. The 

average sensitivity to the momentum and volatility is low, and even negative for the former factor. There 

appears to be little variation in the factor sensitivities between the economic regimes suggesting that average 

exposures are persistent across the business cycle. The three examples of time-series regressions in appendix 

N also shows how some, but far from all, dummy variables are significant. However, the intercepts remain 

close to the empirical risk-free rate, while the adjusted R-squared averages 0.92 for the 75 regressions. 

 

Now that the we have determined the factor sensitivities; the risk premiums can easily be determined both 

across all regimes and for each phase. In order to determine the risk premiums of each economic regime, we 

divide the sample of the 75 test portfolios into four subsamples based on the economic regime. Then for each 

subsample, the average excess return is determined for each of the 75 test portfolios by subtracting the average 

risk-free rate in the subsample period from the portfolio return. These 75 average excess returns are then 

applied as the dependent variable, while the factor sensitivity estimates for each test portfolio in each economic 

regime is applied as the independent variables. This leaves four regressions – one for each regime – with five 

risk premiums in each regression to be estimated. Table 8.3 reports the estimated risk premiums for the 

economic regimes monthly and yearly. The t-stat, standard error, and p-values of each regression can be found 

in appendix O. All risk premiums are at least significant at the 5% level with the exception of the VOL factor 

in slowdowns, and the UMD factor and HML factor in recessions, however, the latter is significant at the 10 

% level. The intercepts are all statistically insignificant with the exception of the recession regime where the 

intercept is -1.1% monthly and -12.3% yearly. Most of the risk premiums are significant at the 1% level 

suggesting that their capture a risk exposure in the stock market. Unlike the factor sensitivities, the estimated 

risk premiums vary significantly between the regimes. The market risk premium is low in slowdowns (3.8% 

All Regimes Expansion Slowdown Recession Recovery All Regimes Expansion Slowdown Recession Recovery

Mkt 1,04 1,04 1,04 1,01 0,98 1,02 1,01 1,04 1,00 1,00

SMB 0,51 0,45 0,59 0,54 0,53 -0,07 -0,11 -0,01 -0,09 -0,07

HML 0,23 0,23 0,24 0,22 0,19 0,12 0,12 0,14 0,11 0,09

UMD -0,08 -0,13 -0,05 -0,07 -0,02 -0,04 -0,08 -0,03 -0,04 0,00

VOL 0,02 0,00 0,03 -0,02 -0,03 0,03 -0,01 0,05 0,00 0,01

Intercept 0,41% 0,42% 0,42% 0,42% 0,42% 0,39% 0,40% 0,40% 0,40% 0,40%

Equally-Weighted Average Value-Weighted Average

Factor Sensitivity by Economic Regime

Table 8.2: Factor sensitivities across all regimes and for each economic regime using interactive dummy variables based on the 

out-of-sample period from January 1979 to July 2019. The equally-weighted average is the simple average of the 75 test 

portfolio's factor sensitivities, while the value-weighted average applies the average market value of the test portfolio as a total 

of all 75 test portfolio's average market value in the out-of-sample period. Since we have not applied the interactive dummy 

variable to the intercept, we only have one overall estimate across the regimes, which hopefully is equal to the risk-free rate. 
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yearly) and high in recessions (13.8%), however, the intercept in recessions is -12.3%. The countercyclical 

nature of the market risk premium confirms that investors are risk-averse and demand a higher expected return 

in uncertain recession periods. The risk premium on small-cap stocks also seem to be somewhat 

countercyclical and particularly high during recoveries at 10.9% yearly, which confirms the findings of Switzer 

(2010). The average risk premium on the SMB factor of 2.7% is close to other empirical estimates in the 

literature such as Hou & Kimmel (2010) who estimates the size premium from 1929 to 2009 to be 0.2% 

monthly and 2.4% yearly. The value premium shows the least variance across the business cycle, but is also 

favoured in recoveries and favoured the least in recessions. Hou & Kimmel (2010) estimate the value premium 

to be 0.4% or 4.9% yearly, however, they only consider a three-factor model, which might explain why the 

value premium reported here at 3.3% is lower. The momentum factor premium is very high in expansions and 

slowdowns at 9.0% and 12.6% respectively, but low in recessions and recoveries at 0.9% and 5.5%. Lastly, 

the volatility risk premium is high during slowdowns and recessions, but low during expansions and recoveries. 

 

The objective of estimating factor risk premiums is to apply these estimates as our views of expected returns 

in the BL model. In order to bridge the gap between the estimated risk premiums and adjusting our beliefs of 

expected returns, we assume that stock market prices reflect the assets’ sensitivity to each factor across the 

business cycle, but do not account for regime-dependent risk premiums. The mispricing of assets is not the 

result of a persistent factor premium being ignored or inaccurately priced, but rather a failure of the market to 

adjust the risk premium over the business cycle. The relative difference between the average risk premiums 

and the regime-dependent risk premiums serves as the input for updating our beliefs of expected returns with 

the exception of the market risk premium. According to the estimates in table 8.3, the market risk premium in 

recessions is 13.8%. While the risk premium accurately reflects the increased risk of investing in the equities 

during economic troughs, an asset allocation model would interpret the market portfolio as a highly attractive 

investment during recessions. Therefore, the market risk premium will be adjusted by adding the intercept to 

its estimate in order to account for the observed average returns rather than the theoretical expected returns 

Estimated Risk Premium - Monthly Estimated Risk Premium - Yearly

All Regimes Expansion Slowdown Recession Recovery All Regimes Expansion Slowdown Recession Recovery

Mkt 0,7% 0,7% 0,3% 1,1% 0,5% 8,4% 8,1% 3,8% 13,8% 6,8%

SMB 0,2% 0,2% -0,1% 0,4% 0,9% 2,7% 2,5% -1,6% 4,7% 10,9%

HML 0,3% 0,3% 0,3% 0,2% 0,4% 3,3% 3,2% 3,1% 2,5% 5,0%

UMD 0,7% 0,7% 1,0% 0,1% 0,4% 8,8% 9,0% 12,6% 0,9% 5,5%

VOL 0,4% 0,3% 0,7% 0,7% 0,1% 5,3% 3,1% 8,4% 9,2% 1,0%

Intercept -0,1% 0,2% 0,1% -1,1% 0,3% -1,5% 2,2% 1,2% -12,3% 3,2%

Factor Risk Premium by Economic Regime

Table 8.3: Risk premiums across all regimes and for each economic regime using interactive dummy variables based on the out-

of-sample period from January 1979 to July 2019. Five individual cross-sectional regressions have been run on the the average 

excess return of the 75 test portfolios across all regimes and for each of the four regimes by splitting the out-of-sample into four 

subsamples. The monthly risk premiums have been transformed to yearly values using the formula r_yearly = (1+r_monthly)^12-

1. T-stats, standard errors, and p-values can be found in the appendix O. The color codings indicates high (green) and low (red) 

values relative to the rest of the row.
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implied by the regression. In recessions, the intercept is statistically significant at the 1% level with an estimate 

of -12.3%, thus there is a large negative return which our model does not explain. By adding the intercept, the 

unexplained return is incorporated into our views and the market risk premium more accurately reflects the 

observed returns on the market portfolio. In recessions, the expected return on the market portfolio becomes 

13.8% + (−12.3%) = 1.5%. Another way of identifying the uncertainty of our regression estimates of 

expected returns is by comparing the estimated risk premiums to the APT consistent risk premiums. The APT 

consistent premiums are simply the average excess return on the five factors observed in the data. Table 8.4 

reports the yearly APT consistent premiums and the difference to the estimated risk premiums, while appendix 

P reports the results of a simultaneous test of difference between the APT consistent premiums and the 

estimated risk premiums. With the exception of the market risk premium, none of the estimated factor 

premiums are significantly different from the APT consistent premiums. Table 8.4 also shows how the largest 

difference between the estimated risk premium and the observed APT risk premium is -1.1% for the value 

factor in recessions. However, the market risk premium is different from its APT consistent premium and in 

particular in recessions with an observed risk premium of -1.0% but estimated risk premium of 13.8% resulting 

in a difference of 14.8%. Table 8.4 does not only confirm the unreliable market risk premium estimates, but 

will also serve as the uncertainty matrix, 𝛀, assigned to our views. 

 

Based on the estimated risk premiums and their difference to the APT consistent premiums, we can set up the 

view vector, 𝑸, the weight of views matrix, 𝑷, and the uncertainty matrix, 𝛀. Since we only apply absolute 

views with a weight of 1 assigned to each view/risk premium estimate, the weight of the views, 𝑷, is a 5 × 5 

matrix for each economic regime with 1’s in the diagonal and 0 in all other cells. The view vector, Q, contains 

the estimated risk premiums on a monthly basis for each economic regime as defined in table 8.3. The 

uncertainty matrix, 𝛀, determines how strongly we believe in our new views of expected returns. Before we 

set up the uncertainty matrix, we need to determine a value for tau, 𝜏, which in the BL formula is a scalar of 

the uncertainties. The higher tau is, the higher the uncertainty of our views, and the closer the new combined 

return vector will be to the implied excess return of the market-weighted portfolio. However, 𝛀 and 𝜏 are the 

All Regimes Expansion Slowdown Recession Recovery All Regimes Expansion Slowdown Recession Recovery

Mkt 6,6% 9,9% 4,7% -1,0% 9,6% 1,8% -1,8% -0,9% 14,8% -2,8%

SMB 2,4% 2,8% -2,1% 4,9% 10,3% 0,3% -0,3% 0,4% -0,2% 0,6%

HML 3,8% 3,5% 3,6% 3,6% 4,8% -0,4% -0,4% -0,6% -1,1% 0,2%

UMD 8,2% 8,4% 11,7% 1,8% 4,9% 0,6% 0,6% 0,8% -0,9% 0,6%

VOL 5,7% 3,8% 8,6% 8,3% 1,5% -0,3% -0,7% -0,2% 0,9% -0,6%

Table 8.4: APT consistent premiums across all regimes and for each economic regime using the observed average return on the 

factor on the in-sample period from January 1979 to July 2019. The monthly risk premiums have been transformed to yearly 

values using the formula r_yearly = (1+r_monthly)^12-1. A separate regression has also been run testing the statistical 

significance of the difference between the APT consistent premiums and the estimated risk premiums. The results of the 

statistical test can be found in appendix XX.

APT Consistent Premiums by Economic Regime

APT Consistent Premiums - Yearly Difference to Estimated Risk Premiums
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most difficult parameters to estimate in the Black-Litterman model (Idzorek, 2004). The academic literature 

provides little guidance on how to set the optimal value of 𝜏. Black & Fischer (1992) typically sets this value 

equal to 0,05 or 0,01, while Satchel & Scowcroft (2000) states that tau is usually equal to 1. For simplicity, we 

set 𝜏 = 1 and instead emphasize adjusting uncertainty of our views through 𝛀. In our case, the input to the 

uncertainty matrix is based on the difference between the estimated risk premium and the APT consistent 

premiums. Specifically, we assume that the uncertainty of the market risk premium view, 𝜔𝑚𝑘𝑡, is equal to 1 

and the other uncertainties are then defined as 
(𝑚𝑎𝑟𝑘𝑒𝑡 𝑝𝑟𝑒𝑚𝑖𝑢𝑚𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑−𝑚𝑎𝑟𝑘𝑒𝑡 𝑝𝑟𝑒𝑚𝑖𝑢𝑚𝐴𝑃𝑇)

(𝑟𝑖𝑠𝑘 𝑝𝑟𝑒𝑚𝑖𝑢𝑚𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑−𝑟𝑖𝑠𝑘 𝑝𝑟𝑒𝑚𝑖𝑢𝑚𝐴𝑃𝑇)
. The three inputs 

are exemplified here for the slowdown regime, while the three other inputs can be found in appendix Q, 

𝑸𝑺𝒍𝒅 =

[
 
 
 
 

0.41%
−0.14%
0.25%
0.99%
0.68% ]

 
 
 
 

+

[
 
 
 
 
𝜀1

𝜀2
𝜀3

𝜀4
𝜀5]

 
 
 
 

      𝛀𝑺𝒍𝒅 =

[
 
 
 
 
1.00 0 0 0 0
0 0.50 0 0 0
0 0 0.65 0 0
0 0 0 0.95 0
0 0 0 0 0.24]

 
 
 
 

     𝑷𝑺𝒍𝒅 = 

[
 
 
 
 
1 0 0 0 0
0 1 0 0 0
0 0 1 0 0
0 0 0 1 0
0 0 0 0 1]

 
 
 
 

 

Based on the three inputs, the new combined excess return can be estimated using generalized least squares 

(GLS). The GLS estimates are then applied to Markowitz’ formula for the tangency portfolio to determine the 

optimal portfolio weights implied by the BL model. Table 8.5 reports the implied excess return, the new 

combined excess returns for each economic regime as well as the market-weight portfolio and the new optimal 

weights based on the combined excess returns. 

 

Table 8.5 shows how the new combined excess returns of the BL model is a weighted average between the 

implied excess returns of the market and the view return vector. For the slowdown regime, we estimated a 

monthly risk premium of 0.41% while we observed an implied excess return of 0.62%. The new excess return 

on the market is 0.51% given the uncertainty of 1. For the size premium we estimated it to be -0.14% in 

slowdowns while the market implied 0.71%. Since we are more certain about this view (0.50), the new excess 

return on the size portfolio is 0.03% monthly. The new combined excess returns make intuitive sense and as a 

result we estimate more even weights across the five assets. Only one asset is given a negative weight, that is, 

the momentum portfolio in recessions. In the expansion regime, asset weighs are very evenly distributed 

between 10.5% to 25.4% with a slight overweight in the volatility and market portfolio, but their weights are 

Expansion Slowdown Recession Recovery Expansion Slowdown Recession Recovery

Market 0,62% 0,73% 0,51% 0,30% 0,71% 42,3% 22,4% 31,9% 24,1% 30,2%

Size 0,71% 0,22% 0,03% 0,39% 0,86% 1,2% 21,4% 15,7% 42,8% 41,6%

Value 0,63% 0,27% 0,37% 0,21% 0,41% 11,6% 10,5% 20,1% 7,7% 6,7%

Momentum 0,69% 0,72% 0,85% 0,08% 0,46% 14,1% 20,3% 16,3% -10,9% 2,2%

Volatility 0,46% 0,28% 0,67% 0,73% 0,10% 30,8% 25,4% 16,0% 36,3% 19,3%

Table 8.5: Monthly implied excess returns, new combined excess returns based on BL, market weights, and tangency portfolios according to BL 

estimates across all regimes and for each economic regime on the in-sample period from January 1979 to July 2019. The combined excess returns 

applies the BL formula for estimating the new excess return as a weighted average between the implied excess return vector and the views taking the 

uncertainty of each view into account. tau has been set equal to 1. Tangency portfolio weights are based on Markowitz optimization using the historically 

estimated covariance matrix and the BL combined excess returns. Color codings indicate high (green) and low (red) weights across the column.

New Combined Excess Returns and BL Tangency Portfolio Weights by Economic Regime

Monthly Implied 

Excess Return

Combined Excess Return - Monthly Average Market 

Weights

Tangency Portfolio Weights
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significantly lower than implied by their average market cap. This result might seem unintuitive given that the 

new excess return on portfolio assigns a higher return to the market (0.73% against 0.63%) and a lower return 

to the volatility portfolio (0.28% against 0.46%). However, the market portfolio is highly correlated with the 

other factors, while volatility has a lower correlation in expansions. In slowdowns, the value portfolio is given 

a higher weight relative to its market implied weight due to its low correlation despite a lower combined excess 

return. Recessions are dominated by the size and volatility portfolios with a combined weight of 80%. These 

two portfolios also have the highest combined return in recessions, while being fairly uncorrelated with the 

other assets. Size is also assigned a significant weight in recoveries primarily due to its higher combined excess 

return. In general, the market portfolio is given a lower weight than its average market cap, size is given a 

much higher weight primarily in recessions and recoveries, and momentum appear attractive in slowdowns 

and expansions.           

 Based on the GLS mean estimates and tangency portfolio weights in table 8.5, the performance of the 

portfolios can be tested in out-of-sample period across the different horizons. Table 8.6 reports the results of 

the out-of-sample performance tests of the long-only factor portfolios using the weights of table 8.5 across the 

different macro models. The dynamic tangency portfolios using the BL excess returns are all able to outperform 

the market portfolio and the static market-weighted portfolio, but not the 1/N portfolio. The dynamic portfolios 

deliver 9.0-9.6% average yearly geometric returns with standard deviations between 18.0% to 18.4% and 

Sharpe ratios between 0.21 to 0.24, well above the market portfolio and the market-weighted static portfolio. 

The CAPM alphas are significant at the 95% confidence level, while the information ratios are well above 0 

ranging from 2.50 to 3.20. However, in terms of Sharpe, Jensen’s alpha, and IR, the equally-weighted portfolio 

outperforms all dynamic portfolios and the case for timing the business cycle for optimizing portfolio 

performance is at best vague.  
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Geomean Mean Variance StDev Beta Sharpe Jensen's Alpha IR

Market 5,9% 7,1% 2,5% 15,9% 1 0,12 0,00%

1/N Portfolio 10,0% 11,5% 3,4% 18,3% 1,07 0,26 4,03%*** 3,31

Tangent_Static_Market-Weights 8,0% 9,2% 2,6% 16,1% 0,99 0,17 2,08%* 4,78

Tangent_Dynamic_MLR0 9,6% 11,0% 3,3% 18,3% 1,08 0,24 3,56%*** 2,99

Tangent_Dynamic_MLR1 9,3% 10,7% 3,3% 18,2% 1,07 0,22 3,30%*** 2,79

Tangent_Dynamic_MLR3 9,3% 10,7% 3,3% 18,3% 1,08 0,22 3,27%*** 2,77

Tangent_Dynamic_MLR6 9,3% 10,8% 3,3% 18,3% 1,08 0,23 3,34%*** 2,81

Tangent_Dynamic_MLR12 9,0% 10,5% 3,3% 18,3% 1,08 0,21 3,00%** 2,50

Tangent_Dynamic_SVM0 9,4% 10,8% 3,2% 18,0% 1,07 0,23 3,43%*** 3,20

Tangent_Dynamic_SVM1 9,3% 10,8% 3,4% 18,4% 1,09 0,22 3,32%*** 2,71

Tangent_Dynamic_SVM3 9,0% 10,5% 3,4% 18,4% 1,09 0,21 3,03%** 2,51

Tangent_Dynamic_SVM6 9,4% 10,9% 3,4% 18,5% 1,09 0,23 3,38%*** 2,74

Tangent_Dynamic_SVM12 9,4% 10,8% 3,3% 18,1% 1,07 0,23 3,38%*** 3,04

Out-of-Sample Performance of Dynamic Regime-Switching Tangent Portfolios using BL

Table 8.6: Out-of-sample performance of long-only factor portfolios based on Black-Litterman optimization for an equally-

weighted portfolio, the market portfolio, a static tangent using the market weights, and 10 dynamic tangent portfolios with regime-

switching based on the two predictive macro models for all horizons over the period July 1963 to December 1978 covering a total 

of 186 monthly observations. Means, variances, and standard deviations are on a yearly basis as well as the performance 

measures. Beta is the sensititivity to the market portfolio, Jensen's Alpha is the excess return as implied by the CAPM, while IR is 

the information ratio using the market return as the benchmark. The 1-month T-bill averaged 5.1% yearly in the out-of-sample 

period, which significantly lowers the Sharpe ratios. '*' indicates significance at the 90% confidence level, '**' at the 95% 

confidence level, and '***' at the 99% confidence level.

Yearly Performance Measures
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9. DISCUSSION 

The aim of the thesis has been to optimize the performance of risk-premia based investing strategies by 

developing a predictive macro model for timing the business cycle compared to investing passively in a 

market-weighted portfolio. Four equity style factors and the market portfolio have been analysed based on 

both long-short and long-only factor portfolios using mean-variance and Black-Litterman optimization. The 

sample period covers 56 years of US stock market data, while the models have been trained on 40 years of 

monthly observations and applied to 16 years of testing data. In general, complimenting the market portfolio 

with equity style factors clearly improves performance, but trying to time the business cycle does not add value 

when compared to an equally-weighted portfolio of the four factors and the market portfolio. Long-short 

portfolios are not able to outperform the returns on the market portfolio or an equally-weighted portfolio, but 

are extremely well-diversified and exhibit very low exposure to systematic risk. However, implementing long-

short strategies in practice is not straightforward for investors and still encompasses some significant risk. 

Even if investors are applying ETFs, the initial investments have to be significant compared to long-only factor 

ETFs (Blackrock, 2019). Furthermore, the investor must be prepared to suffer some significant losses, 

particularly when the short positions do not pay off. Lastly, long-short factor investing is less attractive for 

investors trying to beat a benchmark such as the S&P 500, but highly attractive for investors trying to achieve 

a positive absolute return with very little market exposure.       

 If the objective is to beat a benchmark such as the market portfolio, long-only portfolio can 

significantly outperform the market. If the investor is unrestricted in terms of short-selling, the dynamic tangent 

portfolios outperforms the market and the 1/N portfolio significantly in terms of Sharpe ratio, Jensen’s alpha, 

and IR. However, the Sharpe ratio and IR are higher for the static tangent portfolio compared to the dynamic 

portfolios suggesting that the predictions of the macro models do not improve performance. Furthermore, the 

systematic risk for long-only portfolio is significantly higher than the market exposure of long-short portfolios. 

If we impose a short-selling constraint, the performance of the dynamic tangent portfolios significantly 

decreases. While they are still able to outperform the market portfolio, a 1/N portfolio now delivers a higher 

risk-adjusted return. Adding factors to the market portfolio remains attractive for investors, but timing the 

business cycle mainly increases risk without significantly higher returns.      

 An alternative to the mean-variance method relying on historical estimates is the Black-Litterman 

approach which combines the implied excess return by the market of an asset with the subjective views of the 

analyst. The views applied in this thesis are determined through a two-stage regression procedure that first 

estimates the factor sensitivities of 75 test portfolios for each economic regime and then applies these factor 

sensitivity estimates in a cross-sectional regression to determine the risk premiums of each economic regime. 

The BL approach produces much more even weights that in all, but one case, are positive. As a result, the 

performance of the long-only BL tangency portfolios is lower compared to the pure mean-variance 

optimization, but are much more realistic for a typical investor. The dynamic investing strategies based on the 
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BL tangency portfolios are still able to significantly outperform both the market portfolio and the static market-

weighted tangency portfolio. Thus, adding factors improve performance significantly, but it also suggests that 

timing the business cycle improves performance even further. Once again, however, the dynamic BL tangent 

portfolios are not able to outperform the 1/N portfolio in terms of the three performance measures applied. 

Several key assumptions have been made throughout the analysis to align the objective of the thesis with theory 

and methodology. The assumptions and methodology applied have major implications for the results of our 

analysis. First, we have assumed that the business cycle can be classified into four distinct economic regimes 

through a business cycle score based on five macroeconomic indicators. Most researchers agree that a binary 

separation of economic regimes into recessions and expansions do not accurately describe the idiosyncratic 

nature of economic development, however, the exact number of regimes is not well-established (Bouali, et al., 

2016). Most multiphase models distinguish between three or four regimes and the classification is particularly 

sensitive to the methodology applied (Proaño, 2017). In this thesis, a classification model determines the 

evolution of the business cycle, but dating the business cycle is usually done through Markov-switching models 

that allow for regime-dependent parameters with an unobservable state variable. The dating of the business 

cycle has huge implications for the results of the thesis both in terms of the predictive macro model, but also 

the performance of the dynamic risk-premia investing strategies. Even if the model choice is disregarded for a 

moment, the input variables and predictors employed can significantly alter the dating chronology and 

predictions of the business cycle. For classifying the business cycle, five indicators were chosen based on 

common practice among practitioners and institutions. However, the five indicators are biased towards the 

industry and production sectors of the economy. The US economy has evolved throughout the last 60 years 

from an industry-heavy economy to a service-oriented and import-heavy economy. The structural changes in 

the US national economy is not captured by our model and might inaccurately describe economic activity 

today. Furthermore, key indicators without a long data history have been excluded, but some of these indicators 

such as financial distress indices likely provide the best signals of cyclical changes in economic conditions.

 This leads us to the second key assumption with implications for the research design and results. We 

have assumed that there is no structural break in our time-series data of macroeconomic, financial, and credit 

predictors. Structural breaks lead to major forecasting errors as nonlinearity in the predictors are ignored. For 

some key indicators, it is well-established that this assumption is incorrect. For example, interest rates and 

spread has been subject to a structural break since the early 1980s as the Bretton-Woods system collapsed and 

interest rates reached new heights, while unemployment continued to rise (Benati & Kapetanios, 2003). 

Furthermore, the average growth rates in developed economies after the Great Recession has dropped 

significantly and the distribution has narrowed (Aliaga-Diaz, et al., 2018). A model that allow for structural 

breaks would most likely improve the classification scheme and the accuracy of the predictions, but carrying 

out such tests have been beyond the scope of the thesis.       

 Some key assumptions have also been made with respect to the factor analysis of portfolio 
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performance. First, it has been assumed that capital markets are functioning perfectly reflecting all available 

information in a frictionless market. In reality, financial markets are imperfect and market frictions persist 

(Levanon, et al., 2011). The investor faces transaction costs, bid-ask spreads, taxation rules, and leverage or 

shorting constraints. The investing strategies proposed here implies significant turnover and trading, often 

within few months, in order to rebalance the portfolio for the economic regime ahead as implied by the 

predictive model. A comprehensive study of risk premia-based investing takes these imperfections and costs 

into account before determining the attractiveness of factor investing and timing the business cycle. Li et al. 

(2019) investigated the transaction costs of factor-investing strategies and find great variation in the costs of 

implementing the different factor strategies. The momentum strategy is particularly costly with annual costs 

between 200 bps and 270 bps, while low-volatility portfolios only costs 2bps to 5bps. They recommend the 

use of multi-factor portfolios as these combinations tend to lower overall costs. Even if we assume these costs 

are relatively low for most factors, the amount of rebalancing implied by our dynamic portfolios based on 

some true, but also many false signals, would most likely erode any excess return.   

 The factor analysis is based on several other assumptions, but many of these are essentially taken by 

our data provider Kenneth French. For example, the factor portfolios are defined at the 30th quintile minus the 

70th quintile or vice versa depending on the specific factor. If the breakpoints or the factors themselves were 

defined differently, the results would much likely differ significantly but at the expense of generalization and 

comparisons with the literature. It has also been assumed implicitly that there is no survivorship bias in the 

data provided by Kenneth French. However, since Tyler Shumway’s investigations into the CRSP database, it 

has been well-established that research relying on the CRSP is subject to a survivorship bias. Shumway (1997) 

finds that asset returns on delistings in CRSP data due to negative reasons such as bankruptcy are generally 

not available and the impact of the omitted delisting returns are large with an average return of -30% on 

delistings. Kenneth French does not mention or discuss survivorship bias with respect to his data, and making 

the necessary adjustments would be beyond the scope of this thesis. However, including the delisting returns 

could have a significant impact on the performance of factor-investing strategies and the analyst should be 

aware of this fact before applying dynamic regime-dependent trading strategies.  
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10. CONCLUSION 

This thesis asks what really drives asset returns in a broader economic sense and how portfolio rebalancing 

can be optimized ex ante by predicting the macroeconomic environment. Prior to predicting the business cycle, 

a four-phase classification scheme has been applied to the business cycle using five cyclical indicators of real 

economic activity. The classification scheme serves as the dependent variable in our predictive models. The 

scheme does well in replicating a smooth, continuous economic development, while capturing almost all the 

recessions of the NBER. Based on the classification scheme and 25 leading macroeconomic, financial, and 

credit predictors identified in the academic literature, two predictive classification models have been 

developed. In the out-of-sample performance tests, the two models correctly predict 66% of the economic 

regimes across all lags, while the accuracy decreases with the horizon in both models. At short horizons of 1-

3 months, the multinomial logistic regression does particularly well with accuracies of 77% and 74%. Only at 

the 12-months lag does the SVM model perform better, but with an accuracy of merely 52%. According to the 

MLR, four indicators are significant at four out of five lags. These are the 6-month lagged yield term-spread, 

the number of new non-farm jobs added, the S&P 500 1-year return, and the ISM purchasing managers’ index. 

The significance of these indicators confirms prior research on business cycle predictability (Ng, 2014; Liu & 

Moench, 2016) as well as the ability of macroeconomic indicators having high predictive power at short 

horizons while financial variables are predictive at longer horizons (Berge, 2015; Proaño, 2017).  

 The predictions of the two models have then been applied to dynamic market-timing strategies for a 

portfolio consisting of the excess market return and four long-short factor portfolios. The four long-short factor 

portfolios are based on the size, value, momentum, and volatility factor, all of which have been studied 

extensively in the literature and shown to have some time-varying risk premia over the business cycle. For 

each economic regime, the optimal tangency portfolio has been estimated using both mean-variance and Black-

Litterman optimization using the in-sample dataset. The performance of each strategy for each model across 

the five horizons have then been tested on the period 1963-1979 and compared to the performance of the 

market portfolio, an 1/N portfolio, and the static tangent portfolio across all regimes. Only at three horizons 

do the dynamic portfolios based on mean-variance optimization deliver higher Sharpe ratios than the market 

portfolio and the static tangent portfolio. On average the SVM model shows the best performance, however, 

results vary significantly between the horizons. Moreover, none of the dynamic portfolios are able to 

outperform the 1/N portfolio in terms of Sharpe, alpha, or IR. The market-timing strategies applying Black-

Litterman improves the out-of-sample performance significantly as all dynamic portfolios are able to beat the 

market portfolio and the static tangent portfolio. Once again, however, the 1/N portfolio outperforms all the 

trading strategies in terms of Sharpe ratio and Jensen’s alpha. Overall, the case for timing business cycle 

turning points using factor portfolios is at best mixed with the SVM model slightly outperforming the MLR. 

In conclusion, investors applying equity style factors in their portfolio selection are best off resorting to naive 

1/N diversification strategies rather than implementing dynamic market-timing strategies.  
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12. APPENDIX 

A. Survey of Professional Forecasters’ Probability of a Recession in the following Quarter 

 

B. Components of the leading, coincident, and lagging index by The Conference Board 

U.S. Composite Economic Indexes: Components and Standardization Factors 

Leading Economic Index Indicator Factor 

1 Average weekly hours, manufacturing 0.2795 

2 Average weekly initial claims for unemployment insurance 0.0324 

3 Manufacturers’ new orders, consumer goods and materials 0.0320 

4 ISM new orders index 0.1586 

5 Manufacturers’ new orders, nondefense capital good excl. aircraft 0.0405 

6 Building permits, new private housing units 0.0290 

7 Stock prices, 500 common stocks 0.0395 

8 Leading credit index 0.0813 

9 Interest rate spread, 10-year Treasury bonds less federal funds 0.1132 

10 Avg. consumer expectations for business conditions 0.1428 
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Leading Credit Index   

1 2-years Swap Spread 0.0135 

2 LIBOR 3 month less 3 month Treasury-Bill yield spread 0.0135 

3 Debit balances at margin account at broker dealer 0.0135 

4 AAII Investors Sentiment Bullish (%) less Bearish (%) 0.0135 

5 Senior Loan Officers C&I loan survey – Bank tightening Credit to 

Large and Medium Firms 

0.0135 

6 Total Finance: Liabilities – Security Repurchase 0.0135 

Coincident Economic Index   

1 Employees on non-agricultural payrolls 0.5290 

2 Personal income less transfer payments 0.2054 

3 Industrial production 0.1454 

4 Manufacturing and trade sales 0.1202 

Lagging Economic Index   

1 Inventories to sales ratio, manufacturing and trade 0.1270 

2 Average duration of unemployment 0.0369 

3 Consumer instalment credit outstanding to personal income ratio 0.1864 

4 Commercial and industrial loans 0.0933 

5 Average prime rate 0.3015 

6 Labour cost per unit of output, manufacturing 0.0505 

7 Consumer price index for services 0.2084 

 

C. Overview of the three types of factor 

Types of Factors 

Type Factor in the literature Applicable to 

Asset Inflation Equities, Bonds, Currencies, Commodities 

 Economic growth Equities, Bonds, Currencies, Commodities 

 Value Equities, Bonds, Currencies, Commodities 

Style Growth Equities, Bonds, Currencies, Commodities 

 Momentum Equities, Bonds, Currencies, Commodities 

 Carry Equities, Bonds, Currencies, Commodities 

 Low Volatility Equities, Commodities 

 Liquidity Equities, Bonds 

 Term Bonds 
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 Credit Bonds 

 Short Treasury, Short Credit Bonds 

 Short-Term and Long-Term Reversal Equities 

 Volatility Equities 

 Size Equities 

 Emerging Equity Market Equities 

 Quality Equities 

Strategy Trending Equities, Bonds, Currencies, Commodities 

 Anomaly factors, such as the 

‘accruals anomaly’, ‘IPO-anomaly’, 

‘index change anomaly’, or ‘calendar 

effects’ 

Mainly Equities 

 

D. ADF Tests of 25 Explanatory Variables 

 

E. Simple and log-returns and annualizing simple returns 

Simple and Log Returns 

Kenneth French does not provide portfolio prices, only the simple returns on his portfolios, that is, the 

arithmetic return. The simple return of an asset with value 𝑉 over a single period, 𝑡 + 1, is given by, 
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𝑟 =
𝑉𝑡+1 − 𝑉𝑡

𝑉𝑡
 

While the average of simple returns over 𝑇 periods of equal length is given by, 

�̅�𝑎𝑟𝑖𝑡ℎ𝑚𝑒𝑡𝑖𝑐 =
1

𝑇
∑𝑟𝑖

𝑇

𝑖=1

=
1

𝑛
∗ (𝑟1 + ⋯+ 𝑟𝑇) 

Alternatively, the log return – also known as the geometric return – could be applied. The log return of an asset 

with value 𝑉 over a single period, 𝑡 + 1, is given by,  

𝑟𝑙𝑜𝑔 = 𝑙𝑜𝑔 (
𝑉𝑡+1

𝑉𝑡
) 

The average log return or the geometric mean over 𝑇 periods of equal length is given by, 

�̅�𝑔𝑒𝑜𝑚𝑒𝑡𝑟𝑖𝑐 = √∏(1 + 𝑟𝑖)

𝑇

𝑖=1

𝑇

− 1 

Log returns have some very nice properties, and have thus been used extensively in the finance literature (Aas, 

2004). Log returns approximate a normal distribution, they are additive across time, and they are easy to 

annualize. While log returns are very attractive in time-series applications, the same attractiveness does not 

hold for cross-sectional portfolio analysis. Log returns are not asset additive, that is, the weighted average of 

log returns of individual stocks is not equal to the portfolio return. Simple returns are, however, a linear 

function of asset weights and Markowitz (1952) himself uses simple returns when deriving his mean-variance 

optimization method. So, which return measure should we use in the different? We are in fact very limited in 

our choice of return. As mentioned, French only provides the simple return and not prices, therefore we cannot 

calculate and apply log returns to all the 674 months of return observations. We can though calculate the 

geometric mean by adding 1 to each return observation and then take the mean of (1 + 𝑟𝑖,𝑡) by using Excel’s 

‘geomean’-function and subtract 1. Thus, we will apply simple returns for estimation of the covariance-matrix. 

For estimation of the expected return, however, we will use the geometric mean. The geometric is by definition 

either equal to or lower than the arithmetic average. Markowitz’ mean-variance optimization method is very 

sensitive to estimation errors, particularly in the mean estimates, thus we find it attractive to apply the 

geometric average in a Markowitz-optimization setting. 

Annualizing simple returns 

By using simple returns, we introduce a common problem of annualizing returns and standard deviations that 

are not log-transformed. With respect to log-returns, we could simply multiply the average monthly return with 
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12 to get the yearly return, and multiply the monthly standard deviation with the square root of 12 to get the 

yearly standard deviation (Baker et al., 2014). However, for discrete returns, we need to take the compounding 

effect into account. Annualizing monthly discrete returns is given by, 

𝑟𝑦𝑒𝑎𝑟𝑙𝑦 = (1 + 𝑟𝑚𝑜𝑛𝑡ℎ𝑙𝑦)
12

− 1 

The formula for annualizing the standard deviation of discrete returns is taken from Peter Raahauge’s CBS 

course ‘Financial Models in Excel and VBA’ lecture 2 ‘Portfolio Returns’ (Raahauge, 2019). Assume that the 

monthly standard deviation is 𝜎𝑚𝑜𝑛𝑡ℎ𝑙𝑦, then the monthly variance is 𝜎2
𝑚𝑜𝑛𝑡ℎ𝑙𝑦, and the yearly standard 

deviation is then given by, 

𝜎𝑦𝑒𝑎𝑟𝑙𝑦 = √(𝜎2
𝑚𝑜𝑛𝑡ℎ𝑙𝑦 + (1 + 𝑟𝑚𝑜𝑛𝑡ℎ𝑙𝑦)

2
)
12

− ((1 + 𝑟𝑚𝑜𝑛𝑡ℎ𝑙𝑦)
2
)
12

 

When we annualize performance measures, we will use the two formulas above to first calculate the yearly 

equivalents in the formulas and then calculate the relevant performance measure. 

F. Performance measures for predictive classification models 

Evaluating the performance of predictive classification models with nominal data is usually done by 

investigating the classification table (i.e. confusion matrix) of your predicted and actual values. The confusion 

matrix is always a square matrix in the sense that it has the same 𝐾 number of columns and 𝐾 rows where 𝐾 

is the number of classes. The table below exemplifies a classic 2x2 confusion matrix for actual and predicted 

values in the most general sense: 

 Predicted Values 

Positive Negative 

A
ct

u
a
l 

V
a
lu

es
 Positive True Positives (TP) False Negatives (FN) 

Negative False Positives (FP) True Negatives (TN) 

   

The most simple and straightforward measure to calculate based on the classification table is the total accuracy, 

that is, the ratio of correctly predicted out-of-sample observations divided by the total number of out-of-sample 

observations. However, several imbalance-bias free measures can also be calculated based on the classification 

table to account for imbalance in the datasets. Two popular imbalance-bias free measures are Cohen’s Kappa 

and Matthew’s Correlation Coefficient. 

Extending performance measures to multiclass predictions 
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Cohen’s kappa compares the total accuracy to the random accuracy based on the frequencies of the classes, 

that is, a ratio of the observed non-chance agreement divided by the possible amount of non-chance agreement. 

The total accuracy is equal to the general accuracy defined above. The expected accuracy is the probability of 

a correct guess that a random classifier would be expected to achieve based on the confusion matrix. Random 

accuracy is given by, 

𝑟𝑎𝑛𝑑𝑜𝑚 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑁 + 𝐹𝑃) ∗ (𝑇𝑁 + 𝐹𝑁) + (𝐹𝑁 + 𝑇𝑃) ∗ (𝐹𝑃 + 𝑇𝑃)

(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁)2
  

Cohen’s Kappa could be seen as the accuracy adjusted for luck as it removes the random bias. Another 

performance measure that has been extended from binary to multi-class evaluators is Matthew’s Correlation 

Coefficient. MCC takes the imbalance of the observations into account by multiplying the sums of true and 

negative predictions for one class with the sums of true and negative predictions for another class, thereby 

given more weight to classes with few observations and avoiding the dominant class to inflate the accuracy 

score. MCC for the binary is given by, 

𝑇𝑃 ∗ 𝑇𝑁 − 𝐹𝑃 ∗ 𝐹𝑁

√(𝑇𝑃 + 𝐹𝑃) ∗ (𝑇𝑃 + 𝐹𝑁) ∗ (𝑇𝑁 + 𝐹𝑃) ∗ (𝑇𝑁 + 𝐹𝑁)
 

We extend this to the multiclass case through micro-averaging, thus 

𝑇𝑃 = 𝑇𝑃𝐸𝑥 + 𝑇𝑃𝑆𝑑 + 𝑇𝑃𝑅𝑒𝑐 + 𝑇𝑃𝑅𝑦 

𝑇𝑁 = 𝑇𝑁𝐸𝑥 + 𝑇𝑁𝑆𝑑 + 𝑇𝑁𝑅𝑒𝑐 + 𝑇𝑁𝑅𝑦 

𝐹𝑃 = 𝐹𝑃𝐸𝑥 + 𝐹𝑃𝑆𝑑 + 𝐹𝑃𝑅𝑒𝑐 + 𝐹𝑃𝑅𝑦 

𝐹𝑁 = 𝐹𝑁𝐸𝑥 + 𝐹𝑁𝑆𝑑 + 𝐹𝑁𝑅𝑒𝑐 + 𝐹𝑁𝑅𝑦 

Where the subscripts indicate the economic phase,  

𝑋𝐸𝑥 = 𝐸𝑥𝑝𝑎𝑛𝑠𝑖𝑜𝑛, 𝑋𝑆𝑑 = 𝑆𝑙𝑜𝑤𝑑𝑜𝑤𝑛, 𝑋𝑅𝑒𝑐 = 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛, 𝑋𝑅𝑦 = 𝑅𝑒𝑐𝑜𝑣𝑒𝑟𝑦 

MCC ranges from {−1|1} and 1 implies perfect positive correlation, that is, all classes are correctly predicted, 

while -1 indicates perfect negative correlation, that is, all classes are wrongly predicted. If the MCC is equal 

to 0 then the prediction is not better than any random guess.  

G. Risk Aversion Coefficient in Black-Litterman’s Implied Equilibrium Return Formula 

The risk aversion coefficient, 𝜆,  is a scaling factor in the reverse optimization method used to find the implied 

equilibrium return vector in the Black-Litterman model. It can be derived from the CAPM formula: 

𝐸[𝑟] − 𝑟𝑓 = 𝛽[𝐸(𝑟) − 𝑟𝑓] 



Timing Risk Premia over the Business Cycle  Appendix 

P a g e  88 | 106 

 

Π = 𝛽[𝐸(𝑟) − 𝑟𝑓] =
𝑐𝑜𝑣(𝑟, 𝑟𝑇𝜔𝑚)

𝜎𝑚
2 [𝐸(𝑟) − 𝑟𝑓] 

=
𝑐𝑜𝑣(𝑟, 𝑟𝑇)𝜔𝑚

𝜎𝑚
2 [𝐸(𝑟) − 𝑟𝑓] =

[𝐸(𝑟) − 𝑟𝑓]

𝜎𝑚
2 𝑐𝑜𝑣(𝑟, 𝑟𝑇)𝜔𝑚 

= 𝜆𝑺𝜔𝑚,       𝑤ℎ𝑒𝑟𝑒 𝜆 =
[𝐸(𝑟) − 𝑟𝑓]

𝜎𝑚
2  

H. Classification tables the SVM at the five horizons 

 

 

 

 

Expansion Recession Recovery Slowdown

Expansion 43 0 4 32 79

Recession 0 18 5 7 30

Recovery 0 1 23 3 27

Slowdown 12 0 7 48 67

55 19 39 90 203

Accuracy 78% 95% 59% 53% 65,0%

SVM: 0 Months Ahead
Predicted Regime

A
ct

u
al

 

R
eg

im
e

Expansion Recession Recovery Slowdown

Expansion 66 0 4 11 81

Recession 0 21 7 1 29

Recovery 1 1 24 1 27

Slowdown 23 9 1 33 66

90 31 36 46 203

Accuracy 73% 68% 67% 72% 70,9%

SVM: 1 Month Ahead
Predicted Regime

A
ct

u
al

 

R
eg

im
e

Expansion Recession Recovery Slowdown

Expansion 68 0 3 10 81

Recession 2 4 19 2 27

Recovery 6 0 21 0 27

Slowdown 21 0 6 41 68

97 4 49 53 203

Accuracy 70% 100% 43% 77% 66,0%

SVM: 3 Months Ahead
Predicted Regime

A
ct

u
al

 

R
eg

im
e

Expansion Recession Recovery Slowdown

Expansion 44 0 11 28 83

Recession 0 17 5 5 27

Recovery 0 2 22 0 24

Slowdown 19 0 4 46 69

63 19 42 79 203

Accuracy 70% 89% 52% 58% 63,5%

A
ct

u
al

 

R
eg

im
e

SVM: 6 Months Ahead
Predicted Regime
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I. Predicted probabilities of MLR at 0, 1, 6, and 12 months ahead for the out-of-sample period 

 

 

Expansion Recession Recovery Slowdown

Expansion 17 5 4 61 87

Recession 0 17 7 3 27

Recovery 1 1 18 0 20

Slowdown 8 6 2 53 69

26 29 31 117 203

Accuracy 65% 59% 58% 45% 51,7%

SVM: 12 Months Ahead
Predicted Regime

A
ct

u
al

 

R
eg

im
e
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J. Relationship between predicted probabilities and four key indicators 

We can investigate the relationships between the four most significant variables and the assigned probabilities 

of each class through the stacked area plots a different lag for each predictor (i.e. lag 1, 3, 6, and 12). 

 

  

Figure 6.2-6.5: Predicted probabilites of regimes for the four key variables at lag 1, 3, 6, and 12 months
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The graph in the top left corner plots the probabilities for each economic regime (y-axis) across all observations 

for the S&P 500 one-year return ranging from the lowest observation to the highest (x-axis) one month ahead. 

The relationship indicates that the more negative the year-on-year market return is, the higher is the probability 

that a recession will occur in next month, while increasing year-on-year market returns increases the 

probability of an expansion next month. The same relationship holds true for the lagged yield spread at 

horizons 12 months ahead as plotted in the bottom right corner. Here the interpretation is that increases in the 

yield spread increases the probability of an expansion to occur one year from now, and vice versa for the 

recession regime. The ISM.PMI was significant at the 3-month lag and its relationship with the economic 

regimes are plotted in the top right corner. An increase in the purchasing managers’ index signals that an 

expansion is likely to occur in three months from now, while a decreasing PMI indicates that a slowdown will 

take place in three months. Interestingly, changes in job creation shows no significant sign of affecting 

recession and expansion likelihoods, but rather slowdown and recovery probabilities. A decrease in the number 

of jobs added to the economy signals a recovery will occur six months from now, while increasing employment 

indicates a higher probability of a slowdown. The main explanation for the significant relationship between 

job creation and recoveries and slowdowns is that employment is in fact a lagging indicator. During recessions, 

employment does decline substantially, but it remains high for some period as employers are reluctant to lay 

off employees until a recession has been recognized. The same can be said for the expansionary regimes where 

managers will only increase their workforce after economic conditions have improved for at least a significant 

period. The lagging nature of employment’s cyclical movements is supported by the New Keynesians theory 

of wage- and price-stickiness as layoffs are very costly to firms due to unions, compensation schemes, and 

firm-specific knowledge (Romer, 2012). The four plots above, however, do indicate a general problem with 

our models. They rarely distinguish between more than two classes. For example, in the case of the ISM.PMI 

the predicted economic regime is either a slowdown or an expansion. There is no interval of observations in 

which recovery or recession has the highest probability of occurrence. The implication is that there is no single 
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predictor capable of capturing all four economic regimes, and any predictive model should include several key 

indicators that captures distinct relationships between real economic activity. 

K. Correlation matrices of the five factors for each economic regime 

 

L. Long-only factor portfolios 

Table 12.1 reports the in-sample statistics for the 1-month US T-Bill, the market portfolio, and the four long-

only factor portfolios from January 1979 to July 2019. Compared to the long-short portfolios, the average 

returns are clearly significantly higher ranging from yearly geometric averages of 12.9% to 16.4%. With the 

exception of the volatility portfolio, however, the yearly standard deviations are also much higher ranging from 

19.2% to 22.2%. The volatility factor portfolios’ standard deviation is only 13.8%, which is exactly what the 

Market Size Value Momentum Volatility

Market 1

Size 0,26 1

Value -0,31 -0,49 1

Momentum 0,27 0,50 -0,47 1

Volatility -0,57 -0,77 0,64 -0,54 1

Market Size Value Momentum Volatility

Market 1

Size 0,22 1

Value -0,48 -0,14 1

Momentum -0,16 -0,21 0,00 1

Volatility -0,69 -0,44 0,66 0,39 1

Market Size Value Momentum Volatility

Market 1

Size 0,45 1

Value 0,02 -0,24 1

Momentum -0,45 -0,22 -0,15 1

Volatility -0,79 -0,54 0,07 0,66 1

Market Size Value Momentum Volatility

Market 1

Size 0,09 1

Value -0,19 0,18 1

Momentum -0,08 -0,03 -0,34 1

Volatility -0,74 -0,25 0,26 0,30 1

Expansion

Slowdown

Recovery

Recession
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portfolio intends to capture. The distributions seem fairly normal with an average kurtosis of 2.69, but are 

skewed leftward with a skewness of -0.81. 

 

The correlation matrix has also changed significantly for the long-only factor portfolios. Since we are no longer 

creating hedge portfolios, all factors are positively correlated and move in tandem. The lowest correlation is 

0.73 between size and volatility, while the highest correlation is between size and momentum. All factors are 

highly correlated with the market portfolio around 0.90, but also highly correlated with each other ranging 

from 0.93 to 0.73. 

 

The highly correlated factors are confirmed by their high betas presented in table 12.2 together with the Sharpe 

ratio and Jensen’s alpha for the in-sample period. The average beta of the four factors is equal to 0.98. Size 

and momentum have betas above 1, while value is slightly below 1 at 0.98 and volatility appears less exposed 

to systematic market risk with a beta of 0.72. With the exception of size, the long-only factor portfolios’ Sharpe 

ratios are higher than the market’s 0.43. The size portfolio suffers from a high standard deviation, while the 

effect of a higher average return on value and momentum compared to the market dominates the effect of a 

higher standard deviation. The long-only volatility portfolio has both a higher return than the market at 12.9% 

and a lower standard deviation of 13.8% resulting in the highest Sharpe ratio of 0.62. All the long-only factor 

portfolios have alphas above 0%, but the size alpha is not statistically significant. 

1-Month T-Bill Market Size Value Momentum Volatility

Geomean 0,4% 0,9% 1,1% 1,1% 1,3% 1,0%

Mean 0,4% 1,0% 1,2% 1,2% 1,4% 1,1%

Variance 0,0000 0,0019 0,0031 0,0024 0,0028 0,0012

StDev 0,3% 4,4% 5,6% 4,9% 5,3% 3,5%

Geomean 4,4% 11,8% 13,4% 14,1% 16,4% 12,9%

Mean 4,4% 13,1% 15,5% 15,8% 18,4% 13,7%

Variance 0,0001 0,0296 0,0493 0,0374 0,0462 0,0189

StDev 1,1% 17,2% 22,2% 19,3% 21,5% 13,8%

Kurtosis 0,22 2,26 2,76 3,38 2,89 2,14

Skewness 0,71 -0,75 -0,84 -1,04 -0,82 -0,59

Table 12.1: In-sample statistics from January 1979 to July 2019 of 1-month T-bill (risk-free rate), the market portfolio and the four long-

only factor portfolios both monthly and annualized. 

Yearly

Monthly

Distribution

Market Size Value Momentum Volatility

Market 1

Size 0,89 1

Value 0,89 0,92 1

Momentum 0,92 0,93 0,85 1

Volatility 0,90 0,73 0,84 0,78 1

Table 12.2: Correlation matrix of the market return and the four long-only factor 

portfolios for the period January 1979 to July 2019.
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Based on the in-sample descriptive statistics, the long-only factor portfolios have some interesting features for 

building a diversified portfolio that can beat the market return. Table 12.3 reports the results of the mean-

variance optimization algorithm based on the market portfolio and the four long-only factor portfolios across 

all regimes and for each phase. The results give testimony to the critics of Markowitz mean-variance method 

for choosing portfolio weights; the results are extreme. Both the tangency portfolio across all regimes and the 

tangency portfolios for each regime imply large short positions and highly leveraged long positions. The 

tangency portfolio across all regimes should be short -234% in the market portfolio and long 167% and 174% 

in the momentum and volatility portfolio respectively. The results for the individual economic regimes are 

even more extreme, particularly in recessions with a short position of -640% in the market portfolio and a long 

position of 469% in the volatility portfolio. Across all regimes, the volatility portfolio is clearly given a huge 

weight with the exception of slowdowns where the value and momentum factors dominate. The popularity of 

the volatility portfolio is due to its relatively low correlation and high Sharpe ratio. In recessions, the volatility 

portfolio once again dominates, but is accompanied by a weight of 242% in the size portfolio. The size factor 

is also given a huge weight in recoveries of 146%, which again confirms the findings of Switzer (2010) who 

found small-caps to significantly outperform large-caps in recoveries and recessions. The value portfolio is 

attractive in expansions and slowdowns, but much less in recessions and recoveries. The cyclical nature of 

value stocks confirms Zhang (2005) who explained the risk premium on value due to costly reversibility. Value 

stocks have few growth opportunities but many assets which quickly become unproductive during downturns 

and highly productive during upturns. In addition to a high sensitivity to the business cycle, value stocks are 

often concentrated in specific industries such as finance and banking, who suffered significant losses during 

the Great Recession, or construction, manufacturing and auto-industries (Arisoy, 2010). Unlike value 

momentum appear relatively popular across the four economic regimes, but given less weight in recessions 

and recoveries which somewhat confirms the finding of Switzer (2010) that momentum strategies are 

profitable in the build-up to a peak. The average Sharpe ratio is well above 1 across regimes indicating that 

the gains from diversification rather than holding a single factor are tremendous despite relatively high 

correlations. The weights in table 12.4 indicates a pattern of overweighting the volatility and momentum 

portfolio, while underweighting the market portfolio across all regimes. Size and value are very sensitive to 

the business cycle and their weights move in an inverse fashion. 

1-Month T-Bill Market Size Value Momentum Volatility

Mean, yearly 4,4% 11,8% 13,4% 14,1% 16,4% 12,9%

StDev, yearly 1,1% 17,2% 22,2% 19,3% 21,5% 13,8%

Beta 1 1,12 0,98 1,10 0,72

Sharpe Ratio 0,43 0,40 0,50 0,56 0,62

Jensen's Alpha 0,0% 0,7% 2,5% 3,9% 3,2%

Table 12.3: In-sample performance measures from January 1979 to July 2019 for the market portfolio and the four long-

only factor portfolios using annualized standard deviations and geometric means. Beta is calculated as the covariance 

between the market portfolio return and the factor portfolio return divided by the variance of the market portfolio.
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The highly leveraged and short positions proposed in table 12.4 are not realistic for most investors. Instead, 

we can impose a short-sale restriction and investigate the long-only portfolios. Table 12.5 reports the results 

of mean-variance optimization with the short-sale restriction added. The portfolio weights in table 12.5 

simplifies significantly. Across all regimes, an investor should only hold volatility (78%) and momentum 

(22%). The same weighting is true for slowdowns and recessions, but in the latter case the investor should 

overweight momentum with 73% and invest the remaining 27% in the volatility portfolio. In expansions, a 

small weight of 5% is assigned to value. Recoveries are dominated by the size portfolio given a weight of 63%, 

while momentum and volatility should each be assigned 18% of the investment. As expected, the Sharpe ratios 

are lower than the unrestricted portfolios but remain higher than the market portfolio’s 0.43 with the exception 

of recessions in which the Sharpe equals 0.38.  

All Regimes Expansion Slowdown Recession Recovery

Market -234% -378% -61% -640% -243%

Size -69% -112% -268% 242% 146%

Value 61% 89% 213% -76% -41%

Momentum 167% 254% 187% 104% 62%

Volatility 174% 247% 29% 469% 175%

Expected Return 23,13% 25,20% 31,71% 48,85% 32,67%

Standard Deviation 19,22% 21,20% 20,78% 36,16% 22,85%

Sharpe Ratio 1,08 1,08 1,42 1,29 1,33

Table 12.4: Tangent portfolios based on mean-variance optimization by economic regime and across 

all regimes over the in-sample period January 1979 to July 2019 covering a total of 487 monthly 

observations. To create the four regime-dependent portfolios, the in-sample period have been split 

into four subsamples based on their regime classification and the mean-variance optimization has then 

been run separately for each regime. The monthly geometric average has been applied as the expected 

return, while the monthly (yearly) risk-free rate as of July 2019 was 0,19% (2.10%). 

In-Sample Tangent Portfolio Weights by Economic Regime
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Based on the weights in table 12.4 and 12.5, the portfolios can be tested in the out-of-sample period of July 

1963 to December 1978. Table 12.6 reports the results of the out-of-sample performance tests with no short-

selling restrictions. Unlike the performance of the long-short factor portfolios, the long-only factor portfolios 

are all able to beat the market portfolio in terms of higher Sharpe ratios, significant CAPM alpha, and higher 

information ratios. The systematic market risk for the long-only factor portfolios are significantly higher 

ranging from 0.60 to 1.05. Jensen’s alpha remains high despite the increased systematic risk. This is mainly 

due to a geometric yearly average return on the market portfolio of 5.93%, thus the market risk premium in 

the out-of-sample period is very low. The Sharpe ratio of all the dynamic portfolios is also significantly higher 

than both the market and equally-weighted portfolio ranging from 0.46 to 0.67. However, the dynamic 

portfolios are not able to outperform the static tangent portfolio with a Sharpe ratio of 0.79. The dynamic 

portfolios also have a lower information ratio compared to the static tangent portfolio with ranges from 2.55 

to 3.99 against 4.88 for the static tangent portfolio. This suggests that dynamic rebalancing based on the 

predictive macro models are not able to outperform the risk-adjusted return on a static tangent portfolio across 

all regimes if we define risk according to the Sharpe ratio. If we define risk as the systematic market beta, the 

dynamic portfolios deliver a higher alpha in seven out of ten cases compared to the static tangent portfolio. 

All Regimes Expansion Slowdown Recession Recovery

Market 0% 0% 0% 0% 0%

Size 0% 0% 0% 0% 63%

Value 0% 5% 0% 0% 0%

Momentum 22% 15% 10% 73% 18%

Volatility 78% 80% 90% 27% 18%

Expected Return 14,75% 14,37% 16,14% 11,38% 23,08%

Standard Deviation 14,69% 13,88% 13,36% 23,65% 20,01%

Sharpe Ratio 0,85 0,87 1,04 0,38 1,04

Table 12.5: Tangent portfolios with no short-sale allowed based on mean-variance optimization by 

economic regime and across all regimes over the in-sample period January 1979 to July 2019 

covering a total of 487 monthly observations. To create the four regime-dependent portfolios, the in-

sample period have been split into four subsamples based on their regime classification and the mean-

variance optimization has then been run separately for each regime. The monthly geometric average 

has been applied as the expected return, while the monthly (yearly) risk-free rate as of July 2019 was 

0,19% (2.10%). 

In-Sample Tangent Portfolio Weights by Economic Regime
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M. Rolling-window average of lambda starting in 1963, and plotted for 1979-2019 

 

N. Three examples of the 75 time-series regressions applied to estimating factor sensitivities 

Geomean Mean Variance StDev Beta Sharpe Jensen's Alpha IR

Market 5,9% 7,1% 2,5% 15,9% 1 0,12 0,00%

1/N Portfolio 10,0% 11,5% 3,4% 18,3% 1,07 0,26 4,03%** 3,31

Tangent_Static 19,6% 21,0% 3,3% 18,3% 0,81 0,79 13,82%*** 4,88

Tangent_Dynamic_MLR0 22,5% 25,0% 6,7% 25,8% 0,85 0,67 16,66%*** 3,42

Tangent_Dynamic_MLR1 21,2% 23,6% 6,3% 25,1% 0,83 0,64 15,35%*** 3,18

Tangent_Dynamic_MLR3 22,8% 25,5% 7,2% 26,8% 0,92 0,66 16,88%*** 3,51

Tangent_Dynamic_MLR6 21,9% 24,5% 6,8% 26,1% 0,89 0,64 16,02%*** 3,33

Tangent_Dynamic_MLR12 17,3% 20,0% 6,9% 26,3% 1,05 0,46 11,32%*** 2,55

Tangent_Dynamic_SVM0 18,9% 20,8% 4,8% 21,9% 0,60 0,63 13,28%*** 2,64

Tangent_Dynamic_SVM1 21,8% 24,3% 6,4% 25,4% 1,03 0,66 15,88%*** 3,99

Tangent_Dynamic_SVM3 16,5% 18,9% 5,9% 24,4% 1,04 0,46 10,55%*** 2,70

Tangent_Dynamic_SVM6 21,3% 23,8% 6,4% 25,3% 1,03 0,64 15,37%*** 3,86

Tangent_Dynamic_SVM12 20,1% 22,3% 5,5% 23,5% 0,86 0,63 14,24%*** 3,33

Out-of-Sample Performance of Dynamic Regime-Switching Tangent Portfolios

Table 12.6: Out-of-sample performance with no short-selling restriction on an equally-weighted portfolio, the market portfolio, 

a static tangent portfolio across all regimes, and 10 dynamic tangent portfolios with regime-switching based on the two 

predictive macro models for all horizons over the period July 1963 to December 1978 covering a total of 186 monthly 

observations. Means, variances, and standard deviations are on a yearly basis as well as the performance measures. Beta is the 

sensititivity to the market portfolio, Jensen's Alpha is the excess return as implied by the CAPM, while IR is the information 

ratio using the market return as the benchmark. The 1-month T-bill averaged 5.1% yearly in the out-of-sample period, which 

significantly lowers the Sharpe ratios. '*' indicates significance at the 90% confidence level, '**' at the 95% confidence level, 

and '***' at the 99% confidence level.

Yearly Performance Measures



Timing Risk Premia over the Business Cycle  Appendix 

P a g e  99 | 106 

 

 

O. Regression results of the four cross-sectional regressions applied to each economic regime 

Expansion:      Slowdown: 
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Recession:      Recovery: 

             

P. Simultaneous F-test of estimated risk premiums and APT consistent risk premiums 

 

Q. BL inputs of views, weight of views, and uncertainty for expansion, recession, and recovery 

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,149578128

R Square 0,022373616

Adjusted R Square -0,048468875

Standard Error 0,001305768

Observations 75

ANOVA

df SS MS F Significance F

Regression 5 2,69243E-06 5,38486E-07 0,315821985 0,901864412

Residual 69 0,000117647 1,70503E-06

Total 74 0,000120339

Coefficients Standard Error t Stat P-value Lower 95% Upper 95% Lower 95,0% Upper 95,0%

Intercept -0,001236535 0,001912729 -0,646476729 0,520115273 -0,005052325 0,002579255 -0,005052325 0,002579255

Mkt 0,001441603 0,001809038 0,796889351 0,428248868 -0,002167329 0,005050536 -0,002167329 0,005050536

SMB 0,000227831 0,00035974 0,633322293 0,528616848 -0,00048983 0,000945492 -0,00048983 0,000945492

HML -0,000340234 0,000631219 -0,539011649 0,59161377 -0,001599481 0,000919012 -0,001599481 0,000919012

MOM 0,000472754 0,000651744 0,725367524 0,4706796 -0,00082744 0,001772948 -0,00082744 0,001772948

VOL -0,000263718 0,000687531 -0,383572109 0,702474962 -0,001635304 0,001107869 -0,001635304 0,001107869



Timing Risk Premia over the Business Cycle  Appendix 

P a g e  101 | 106 

 

𝑸𝑬𝒙𝒑 =

[
 
 
 
 
0.84%
0.21%
0.26%
0.72%
0.26%]

 
 
 
 

+

[
 
 
 
 
𝜀1

𝜀2
𝜀3

𝜀4
𝜀5]

 
 
 
 

      𝛀𝑬𝒙𝒑 =

[
 
 
 
 
1.00 0 0 0 0
0 0.16 0 0 0
0 0 0.20 0 0
0 0 0 0.33 0
0 0 0 0 0.38]

 
 
 
 

     𝑷𝑬𝒙𝒑 = 

[
 
 
 
 
1 0 0 0 0
0 1 0 0 0
0 0 1 0 0
0 0 0 1 0
0 0 0 0 1]

 
 
 
 

 

𝑸𝑹𝒆𝒄 =

[
 
 
 
 
−0.01%
0.39%
0.20%
0.07%
0.73% ]

 
 
 
 

+

[
 
 
 
 
𝜀1

𝜀2
𝜀3

𝜀4
𝜀5]

 
 
 
 

      𝛀𝑹𝒆𝒄 =

[
 
 
 
 
1.00 0 0 0 0
0 0.01 0 0 0
0 0 0.07 0 0
0 0 0 0.06 0
0 0 0 0 0.06]

 
 
 
 

     𝑷𝑹𝒆𝒄 = 

[
 
 
 
 
1 0 0 0 0
0 1 0 0 0
0 0 1 0 0
0 0 0 1 0
0 0 0 0 1]

 
 
 
 

 

𝑸𝑹𝒄𝒚 =

[
 
 
 
 
0.81%
0.86%
0.41%
0.44%
0.08%]

 
 
 
 

+

[
 
 
 
 
𝜀1

𝜀2
𝜀3

𝜀4
𝜀5]

 
 
 
 

      𝛀𝑹𝒄𝒚 =

[
 
 
 
 
1.00 0 0 0 0
0 0.22 0 0 0
0 0 0.07 0 0
0 0 0 0.22 0
0 0 0 0 0.21]

 
 
 
 

     𝑷𝑹𝒄𝒚 = 

[
 
 
 
 
1 0 0 0 0
0 1 0 0 0
0 0 1 0 0
0 0 0 1 0
0 0 0 0 1]

 
 
 
 

 

R. ‘R’-code applied throughout entire thesis 

Multinomial Logistic Regression 
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Support Vector Machines: 
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Risk-Premia Investing: 

 

 


