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a b s t r a c t 

We examine 24 global factor premiums across equity, bond, commodity, and currency mar- 

kets via replication and out-of-sample evidence between 1800 and 2016. Replication yields 

ambiguous evidence within a unified testing framework that accounts for p-hacking. Out- 

of-sample tests reveal strong and robust presence of the large majority of global factor 

premiums, with limited out-of-sample decay of the premiums. We find global factor pre- 

miums to be generally unrelated to market, downside, or macroeconomic risks in the 217 

years of data. These results reveal significant global factor premiums that present a chal- 

lenge to traditional asset pricing theories. 
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1. Introduction 

In this paper, we study global factor premiums over a 

deep sample spanning 217 years across equity index (but 

not single securities), bond, currency, and commodity mar- 

kets. We focus on the six main global factor premiums 

that have received considerable attention in the literature: 

time series momentum (trend), cross-sectional momentum 

(momentum), value, carry, return seasonality, and betting 

against beta (BAB). Several recent influential studies report 

the significant presence of these factor premiums across 

the major asset classes. Moskowitz et al. (2012) show the 

presence of a trend premium, Asness et al. (2013) reveal 

momentum and value premiums, Koijen et al. (2018) find 

a carry premium, Keloharju et al. (2016) discover a return 

seasonality premium, and Frazzini and Pedersen (2014) re- 

port on a BAB premium. The sample periods in these five 
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studies (henceforth original publications or original stud-

ies) on average start in 1980 and extend earlier empiri-

cal asset pricing studies that often focus on a single asset

class, usually US equities. 1 

We work from the idea that these published fac-

tor premiums could be influenced by p-hacking (see

Harvey 2017 ). Scientists are faced with statistical limita-

tions of empirical tests and typically have to choose be-

tween several degrees of freedom in research (in areas

such as data manipulation, statistical method, aggregation

schemes, etc.) but, at the same time, tend to have an in-

centive to publish. Consequently, published findings could

reflect a combination of a type I error in testing (i.e.,

falsely discovering predictability), a multiple hypotheses

testing bias, or a publication bias. 2 As a case in a point,

Harvey et al. (2016) find evidence supporting a strong pub-

lication bias in the top finance journals, with many of

the more than three hundred stock-level anomalies becom-

ing questionable after analyzing these in a rigorous testing

framework that accounts for a multiple hypotheses testing

bias. 3 

We begin by examining global factor premiums from

the perspective of p-hacking in a robust and rigorous way.

We take as a starting point the six main factor premiums

across the four major asset classes (equity indices, govern-

ment bonds, commodities, and currencies), resulting in a

total of 24 global return factors. 4 Fig. 1 , Panel A, shows the

Sharpe ratios of the global factor premiums as reported by

the original studies mentioned above, as well as the 5% sig-

nificance cutoff (the gray-colored dashed line). In general,
1 Several papers show the presence of factor premiums for indi- 

vidual asset classes. For equities, value, momentum, and low risk 

are well established (e.g., Fama and French 1993 , Jegadeesh and Tit- 

man 1993 and Blitz and Van Vliet 2007 ). For currencies, Froot and 

Thaler (1990) and Barroso and Santa-Clara (2015) examine a carry fac- 

tor, Menkhoff et al. (2012) consider a momentum factor, and Abuaf and 

Jorion (1990) and Menkhoff et al.(2017) report on a value factor. For 

commodities, Erb and Harvey (2006) examine the momentum factor. For 

bonds, Fama (1984) considers the term premium, also referred to as carry, 

and Ilmanen (1995) studies value and carry factors. 
2 As Harvey (2017 ) notes: “Given the competition for top journal space, 

there is an incentive to produce ‘significant’ results. With the combina- 

tion of unreported tests, lack of adjustment for multiple tests, and direct 

and indirect p -hacking, many of the results being published will fail to 

hold up in the future.” P-hacking is not limited to financial economics. 

For example, Begley and Ellis (2012) show that, out of 53 studies on 

preclinical cancer, only 11% could be replicated. Open Science Collabora- 

tion, 2015 shows that, out of 97 significant psychological studies, only 36 

could be replicated. In behavioral economics, Camerer et al.(2016) find 

that, out of 18 laboratory studies, only 11 could be replicated. 
3 In a similar spirit, Hou et al.(2020) find that 64% (85%) of al- 

most 450 anomalies have t -statistics below two (three) when the 

importance of small and micro capitalization stocks is reduced. 

Chordia et al. (2020) show with a data mining approach that of about 

2.1 million possible trading strategies only a small group survives after 

correcting for a multiple hypothesis testing bias or, as they state, after 

using the “proper statistical hurdles.” Moreover, the few surviving trad- 

ing strategies seem to have no apparent theoretical underpinning. Further, 

Linnainmaa and Roberts (2018) show that, when tested out-of-sample, 

many equity anomalies are weak and those that persist do so typically 

at about half of their original size. 
4 In this paper, we do not include individual stocks or other company- 

level securities. 

2 
the studies show evidence on the global factor premiums 

at the conventional 5% significance level. 

We then turn to methods proposed against p-hacking. 

The black-colored dashed line in Fig. 1 shows the 3.00 t - 

value cutoff advocated by Harvey et al. (2016) and oth- 

ers. 5 We apply the Bayesian perspective on p -values ad- 

vocated by Harvey (2017) , using a symmetric and descend- 

ing minimum Bayes factor with prior odds ratio of four to 

one, which he labels as ‘Perhaps’. The numbers above each 

bar in Fig. 1 are the Bayesianized p -values. Using these ap- 

proaches, we find fewer significant global factor premiums. 

Further, most of the studies have differences in, among 

others, testing methodologies, investment universes, and 

sample periods, choices that introduce degrees of free- 

dom to the researcher. To mitigate the impact of such de- 

grees of freedom, we perform a replication as defined by 

Welch (2019) . We reexamine the global factor premiums 

using uniform choices on testing methodology and invest- 

ment universe, and we use the in-sample period for each 

asset class–factor combination as employed in the origi- 

nal studies. For uniformity, we test return seasonality for 

bonds and currencies, which was not done in the original 

publication by Keloharju et al. (2016) . Fig. 1 , Panel B, shows 

the results of the replicating exercise. We find that Sharpe 

ratios remain substantial, but statistical evidence becomes 

ambiguous. 

One downside of the Bayesian approach is the subjec- 

tivity required in the formulation of prior odds, subjectiv- 

ity that typically has a substantial impact on the Bayesian 

p -value. As an alternative, we introduce a novel perspec- 

tive on p-hacking: the break-even prior odds or those prior 

odds at which the Bayesian p -value would equal the cho- 

sen confidence level. The break-even prior odds remove 

the need to specify the prior odds and allow for an in- 

terpretation of prior odds that would be required to just 

accept the alternative. Applying this concept to the repli- 

cation exercise reveals that one does not need to be very 

skeptical to disregard the empirical evidence provided in 

the literature. 

The second objective of this study is to provide rigorous 

out-of-sample evidence on the global factor premiums. To 

this end, we construct a deep and largely unexplored his- 

torical global database on the global return factors in the 

four major asset classes. This consists of pre-sample data 

starting in 1800, such that we have an extensive new sam- 

ple that includes on average more than 150 years of new 

and independent data to conduct further analyses. If the 

global factor premiums discovered in the existing literature 

were the result of p -hacking, we would expect them to dis- 

appear for this new sample. 

Our pre-sample findings reveal consistent and ubiqui- 

tous evidence for the large majority of global factor pre- 

miums, as summarized in Fig. 1 , Panel C. In terms of eco- 

nomic significance, the Sharpe ratios in the pre-sample pe- 

riod are substantial, with an average of 0.40 across the 
5 The Harvey et al. (2016) suggestion of increasing the t -statistic to 3.00 

is thus very similar to the proposal of Benjamin et al. (2018) , who propose 

to redefine statistical significance across disciplines from the usual arbi- 

trary p -value of 0.05 to an equally arbitrary but stricter p -value of 0.005, 

thereby essentially increasing the t -statistic hurdle from 1.96 to 2.81. 
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Fig. 1. Global factor returns since 1800. The figure shows the annualized Sharpe ratios for the 24 global return factors. The dashed lines show the cutoff

on the Sharpe ratio corresponding to t -values of 1.96 (in light gray) and 3.00 (in black). The values above each bar are the Bayesian p -values using a four- 

to-one prior odds ratio. Numbers in bold are below the 5% significance level. Panel A shows the originally established results, Panel B shows the replication 

results for the in-sample period for each asset class–factor combination, Panel C shows the results for the pre-sample period starting in 1800, and Panel D 

shows the results over the full 1800–2016 period. The global factors are long-short portfolios applied on international equity indices (EQ), ten-year maturity 

government bond indices (FI), commodities (COM), and currencies (FX). 

 

 

 

 

 

 

 

6 These findings are in line with Frazzini and Pedersen (2014) , who re- 

port strong results for BAB in equities but weak evidence for BAB in cur- 

rencies, the cross section of country bonds, and commodities. Frazzini and 
24 asset class–factor combinations. Remarkably, we see no

significant out-of-sample decay of factor premiums, as the

average in-sample Sharpe ratio in Fig. 1 , Panel B, is 0.41.

Further, the break-even prior odds reveal that one needs

to be extremely skeptical to disregard the pre-sample evi-

dence on global factor premiums. As main exceptions, we

find currency value and the BAB effect outside equity mar-
3 
kets to be weak. 6 Return seasonality in government bonds 

and currencies are significant factor premiums and are an 
Pedersen (2014) do report strong evidence for BAB applied to bonds with 
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Fig. 1. Continued 

 

 

 

 

 

 

 

extension of the empirical asset pricing literature. Fig. 1 ,

Panel D, reveals a similar picture over our full sample pe-

riod, which spans 217 years of data from 1800 to 2016. Fur-

ther, we show these results to be generally robust across

time and testing choices. 

The third objective of this study is to gain further in-

sights into the economic explanations of the global fac-

tor premiums using our full sample period of 217 years
different maturities within a single country (i.e., across the curve), a find- 

ing we confirm over an extended sample in Online Appendix D. 

4 
of data. We first test the uniqueness of the factor premi- 

ums. Our findings reveal that most factors are largely un- 

correlated and do not span each other. Noteworthy, value 

factor premiums become generally higher after controlling 

for other factors. These findings suggest that formulating 

a single uniform explanation based on a common global 

component is difficult. 

Next, we test if the global factor premiums can be rec- 

onciled with market, downside, or macroeconomic risks. 

The theory suggests that expected returns can vary due to 

market risk, downside risk ( Bawa and Lindenberg, 1977 ), 
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or macroeconomic risk ( Chen et al., 1986 ; Fama and

French, 1989 ; Ferson and Harvey, 1991 ). 7 The typically

studied recent period could be biased, given that it was

favorable historically (no major wars, growing global pros-

perity, and only a few large recessions or periods of social

unrest), which severely limits the number of bad states.

Our extensive multi-century sample includes a substan-

tial number of bad states, with, for example, many ob-

servations on bear markets (43 years) and recessions (74

years). Therefore, we can more deeply examine risk-based

explanations. Across several tests, we find no supporting

evidence for these explanations, with global return fac-

tors bearing basically no relation to market, downside, or

macroeconomic risks. 

The remainder of this paper is structured as follows.

Section 2 describes the results of the original studies and

our replication exercises from an economic and p-hacking

perspective. It further introduces the novel Bayesian con-

cept of break-even prior odds. In Section 3 , we introduce

our historical data set and evaluate global factor returns

out-of-sample since 1800. Section 4 tests economic expla-

nations of global factor premiums using the full depth of

our sample. Section 5 presents our conclusions. The ap-

pendices contain more details about the data and portfolio

construction methods, as well as several additional results.

2. Replicating and p -hacking insights on the recent 

sample 

We start our study by summarizing the main results

and testing choices made in the original studies, followed

by replication tests. We incorporate economic, traditional

statistical, and Bayesian perspectives that account for p-

hacking. Further, we introduce a novel perspective on p -

hacking: the concept of break-even prior odds. 

2.1. Original studies 

We base our paper on five key studies that exam-

ine global factor premiums across the major asset classes:

trend, momentum, value, carry, return seasonality, and BAB

( Moskowitz et al., 2012 ; Asness et al., 2013 ; Koijen et al.,

2018 ; Keloharju et al., 2016 ; Frazzini and Pedersen, 2014 ).

Table 1 summarizes the main findings of, and testing

choices made by, these studies for the four asset classes

that we consider: international equity indices, government

bond country indices, commodities, and currencies. 8 The

table further contains the definitions used for each factor

within each asset class, the reported statistical and eco-

nomic significance, the sample period, the portfolio con-

struction method, and the number of assets within each
asset class. 

7 Asness et al. (2013) show that global macroeconomic variables 

are generally not related to value and momentum returns, and 

Keloharju et al. (2016) find that seasonality returns are hard to reconcile 

with macroeconomic risks. Koijen et al. (2018) report that carry return 

drawdowns are more likely to occur during global recession periods. 
8 We choose to focus on global markets and do not include individual 

stocks or other company-level securities. Further, we ignore asset classes 

that are included in one or two of the key studies but lack deeper histor- 

ical data, such as credit and option markets. 

5 
As becomes clear from Table 1 , these studies report ev- 

idence supporting the global factor premiums across the 

four major asset classes. The Sharpe ratios for each of the 

22 global return factors are positive (return seasonality is 

not tested in bonds and currencies), with many above 0.30, 

and t -values are above 1.96 for 14 out of 22 factors. Carry 

and trend have high t -values for each individual asset class, 

corresponding to high conventional levels of significance. 

Value is relatively weaker, with t -values below 1.96 for 

three out of four asset classes. 

In addition, although the studies have many similarities, 

several degrees of freedom in testing are accommodated 

differently (driven by sample selection choices, data limi- 

tations, etc.). For example, the sample start dates for bonds 

range from January 1982 to July 1989. Further, although 

the portfolio construction method for trend strategies is re- 

quired to be different from the other factors, two different 

methods are used for the cross-sectional factors: (1) form- 

ing equally weighted portfolios for the top and bottom ter- 

ciles and comparing the returns between these two port- 

folios and (2) taking a position proportional to the rank of 

the asset in the cross section, with long positions for assets 

above the median and short positions for those below the 

median. Moreover, the investment universe within each as- 

set classes varies across studies. 

2.2. Replication 

We replicate the original studies over their sample pe- 

riods in a unified testing framework in which we limit de- 

grees of freedom. We utilize a uniform cross section of 

assets and a uniform factor construction method for the 

cross-sectional factors. We follow the Welch (2019) clas- 

sification of replication and do not aim to exactly repro- 

duce the results of the original studies, but instead per- 

form a looser replication that uses similar data and test- 

ing choices across factors. Our examination differs from 

the original studies in aspects such as data sources, in- 

cluded assets, and portfolio construction methodology, but 

all within variations that are expected to be unimportant 

and reasonable. Consequently, our results are not identical 

to the original studies but are expected to differ, but only 

slightly, from them. 

Within each asset class, we construct factor portfolios 

on each of the six factors, with the definitions of factors 

and their motivations mostly following the original stud- 

ies (the Appendix contains details on all measures, sam- 

ple, and other testing choices). In summary, trend and mo- 

mentum are defined as the 12-month minus one-month 

excess return. Value is defined as dividend yield for eq- 

uity indices, real yield for bonds, five-year reversal in spot 

prices for commodities, and absolute and relative purchas- 

ing power parity for currencies. Carry is defined as the im- 

plied yield on each instrument. Return seasonality is de- 

fined as the return on an asset in a certain month over the 

prior 20 years. BAB is long the low beta assets and short 

the high beta assets with positions neutralized for the ex 

ante beta, with beta measured relative to the global asset 

class portfolio. Novy-Marx and Velikov (2021) report that 

the size of the BAB factor premium in the equity market is 

partially driven by a large weight to micro-cap stocks. This 
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Table 1 

Original studies on global factor premiums. 

The table contains the factor definition (“Definition”), t -statistic, Sharpe ratio, start date (“Start”), end date (“End), portfolio construction 

method (“Portfolio”), and maximum number of assets used (“Number of assets”) for each of the original studies on global factor premiums: 

Moskowitz et al. (2012) for time series momentum (“Trend”), Asness et al. (2013) for cross-sectional momentum (“Momentum”) and value (“Value”), 

Koijen et al. (2018) for carry (“Carry”), Keloharju et al. (2016) for return seasonal (“Seasonal”), and Frazzini and Pedersen (2014) for betting against 

beta (“BAB”). The asset classes refer to country equity indices (“Equities”) and country bonds (“Bonds”), commodities (“Commodities”), and currencies 

(“FX”). Abbreviations for the factor definitions are 12M( −1 M): past 12-month returns (minus the last month), BE/ME: book value of equity divided 

by the market value of equity, 5Y Rev: five-year reversal, 5Y Rel. PPP: five-year relative purchasing power parity, Impl DY-rf: futures-implied excess 

dividend yield, Rate diff: interest rate differential, Slope + Roll: bond yield – risk free rate + curve rolldown, Basis: futures-implied convenience yield, 

20Y,M: average monthly return over the past 20-year period, and Beta: market beta using past year of daily data for volatilities and past five-year 

data for correlation. Abbreviations for the portfolio construction are < > 0: volatility-weighted portfolio position depending on the sign of the past 

12-month return, P1-P3: equally weighted top tercile portfolio minus the bottom tercile portfolio, and Rank: using weights proportional to the asset’s 

rank. t -statistics or Sharpe ratios are those reported as main result, with numbers in italics calculated using information provided in the original 

study. 

Factor and asset class Definition t -statistic Sharpe ratio Start End Portfolio Number of assets 

Trend Equities 12M 3.77 0.75 January 1985 December 2009 <> 0 9 

Trend Bonds 12M 3.53 0.71 January 1985 December 2009 <> 0 13 

Trend Commodities 12M 4.66 0.93 January 1985 December 2009 <> 0 24 

Trend FX 12M 3.41 0.68 January 1985 December 2009 <> 0 10 

Momentum Equities 12M-1M 4.14 0.73 January 1978 July 2011 P1-P3 18 

Momentum Bonds 12M-1M 0.35 0.06 January 1982 July 2011 P1-P3 10 

Momentum Commodities 12M-1M 3.29 0.53 January 1972 July 2011 P1-P3 27 

Momentum FX 12M-1M 1.90 0.34 January 1979 July 2011 P1-P3 10 

Value Equities BE/ME 3.45 0.61 January 1978 July 2011 P1-P3 18 

Value Bonds 5Y Rev. 0.97 0.18 January 1982 July 2011 P1-P3 10 

Value Commodities 5Y Rev. 1.61 0.26 January 1972 July 2011 P1-P3 27 

Value FX 5Y Rel. PPP 1.89 0.34 January 1979 July 2011 P1-P3 10 

Carry Equities Impl. DY-rf 4.50 0.91 March 1988 September 2012 Rank 13 

Carry Bonds Slope + Roll 2.79 0.52 November 1983 September 2012 Rank 10 

Carry Commodities Basis 3.43 0.60 January 1980 September 2012 Rank 24 

Carry FX Rate diff. 3.65 0.68 November 1983 September 2012 Rank 20 

Seasonal Equities 20Y, M 2.76 0.45 January 1975 December 2011 P1-P3 15 

Seasonal Bonds 20Y, M — — — — — —

Seasonal Commodities 20Y, M 1.97 0.32 January 1975 December 2011 P1-P3 24 

Seasonal FX 20Y, M — — — — — —

BAB Equities Beta 2.93 0.51 January 1979 March 2012 Rank 13 

BAB Bonds Beta 0.67 0.14 July 1989 March 2012 Rank 9 

BAB Commodities Beta 0.72 0.11 November 1969 March 2012 Rank 25 

BAB FX Beta 1.23 0.22 July 1980 March 2012 Rank 10 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

9 https://data.oecd.org/conversion/purchasing- power- parities- ppp.htm . 
10 A remark is in order about our choice of starting dates, as several 

factors have been studied before with earlier starting dates within the 

cross section of stocks. For example, the value factor for US stocks as 

shown in Fama and French (1993) starts in 1963, compared with 1972 for 

value within equity indices in Asness et al. (2013) . Arguably, this raises 

the question of whether the sample periods of the original papers are the 

best proxy for the in-sample period of each asset class–factor combina- 

tion. As factors across asset classes are generally little related (see, e.g., 

Section 4 ), we choose to focus on starting dates reported in the origi- 
is less of a concern for our study, as our assets are at the

market level and hence not at the individual stock level. 

We construct factor investment portfolios at the end of

every month in the spirit of the original papers. For the

trend factor, which is directional in nature, we go long

(short) markets in each asset class when the trend measure

is positive (negative), following Moskowitz et al. (2012) .

For the other factors, which are all cross-sectional in na-

ture, we rank the markets in each investment universe

based on the factor measure and take a position equal to

the rank minus its cross-sectional average. This procedure

is similar to that used by Asness et al. (2013) , Frazzini and

Pedersen (2014) , and Koijen et al. (2018) . Further, we scale

all positions and factors to a constant ex ante volatility or

by the ex ante beta (only in the case of BAB). All returns

we consider are in excess of local financing rates and ex-

pressed in US dollars. Our replication data set is a collec-

tion from Bloomberg, Datastream, and the organization for
6 
Economic Co-operation and Development (OECD) website. 9 

The Appendix and Online Appendix A describe the data, 

factor construction, and sample choices in extensive detail. 

With these uniform factor definitions and portfolio con- 

struction rules, we replicate the global factor premiums 

discussed in the literature for the original in-sample peri- 

ods. 10 For uniformity, this now also includes testing return 
nal publications for each specific asset class. If the results in those papers 

https://data.oecd.org/conversion/purchasing-power-parities-ppp.htm
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Table 2 

Historical performance of global return factors: replicating sample. 

The table summarizes the historical performance of the global factor premiums. Shown are the historical annualized Sharpe ratios per factor per asset 

class. The sample has start and end dates that differ for each asset class–factor combination based on the original studies displayed in Table 1 , with the 

multi-asset period covering the earliest start date and latest end date per factor. As seasonality in bonds and currencies are not tested in the original paper, 

we use the period January 1975 to December 2011, which was employed for seasonality in equity indices and commodities. The return series are at the 

monthly frequency. Covered are equity indices (“Equities”), ten-year maturity government bond indices (“Bonds”), commodities (“Commodities”), currencies 

(“FX”), and their equally weighted combination across the four asset classes (“Multi asset”). Numbers in parentheses indicate t -values. Asterisks are used 

to indicate significance at a 10% ( ∗), 5% ( ∗∗), or 1% ( ∗∗∗) level. BAB = betting against beta. 

Sharpe ratio Trend Momentum Value Carry Seasonality BAB 

Equities 0.65 ∗∗∗ 0.71 ∗∗∗ 0.19 1.02 ∗∗∗ 0.32 ∗∗ 0.34 ∗

(3.24) (4.13) (1.11) (5.06) (1.96) (1.95) 

Bonds 0.51 ∗∗ 0.15 0.29 0.47 ∗∗ 0.13 0.57 ∗∗∗

(2.55) (0.82) (1.59) (2.52) (0.79) (2.71) 

Commodities 0.88 ∗∗∗ 0.66 ∗∗∗ 0.16 0.49 ∗∗∗ 0.30 ∗ 0.30 ∗

(4.39) (4.13) (0.99) (2.79) (1.82) (1.95) 

FX 0.43 ∗∗ 0.32 ∗ 0.34 ∗ 0.58 ∗∗∗ 0.01 0.13 

(2.15) (1.82) (1.95) (3.14) (0.09) (0.70) 

Multi asset 1.04 ∗∗∗ 0.88 ∗∗∗ 0.40 ∗∗ 1.07 ∗∗∗ 0.38 ∗∗ 0.46 ∗∗∗

(5.21) (5.52) (2.53) (6.15) (2.28) (2.98) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

seasonality for bonds and currencies, which was not done

in the original publication by Keloharju et al. (2016) . 

The results of the replication exercise are displayed in

Table 2 . We find that the Sharpe ratios are lower, but re-

main substantial, as compared with the original studies.

The average Sharpe ratio across all 24 asset class–factor

combinations is 0.41, and 11 of the 24 factor premiums

are significant at the conventional 5% level. The seasonal

strategy applied to bond and currency markets, which was

not reported in the original study, is not significant dur-

ing the period January 1975 to December 2011, the period

used by Keloharju et al. (2016) for equity indices and com-

modities. Moreover, six of the global factor premiums are

significant using a t -value of 3.00 as the cutoff. We further

verify that results are robust and stand up to several vari-

ations in testing settings presented in Table 1 , as shown in

Online Appendix Table OB1. ∗∗

Another way to limit sensitivity to p-hacking is to com-

bine information across asset classes. An objection against

such a multi-asset aggregation of evidence is that the fac-

tor premiums tend to exhibit low correlation across as-

set classes (see Section 4 ). Nevertheless, we also construct

equal volatility–weighted global factor portfolios per as-

set class and across asset classes (multi asset) by target-

ing each market, then asset class portfolio, and then multi-

asset portfolio at a 10% ex ante annual volatility and apply-

ing equal weighting. Following this procedure, the Sharpe

ratios of the six multi-asset combinations vary between

0.38 and 1.07, and the t -values are above 1.96 for each fac-

tor. A t -value threshold of 3.00 is not reached for value,

seasonality, and BAB, leaving three of the six multi-asset

factors significant at this cutoff. 

2.3. Statistically accounting for p -hacking 

We examine traditional p -values (which do not cor-

rect for multiple hypotheses testing bias), Bayesianized p -

values advocated by Harvey (2017) , and the break-even
were caused by data mining, using these dates would maximize the prob- 

ability to find a zero out-of-sample return. 

7 
prior odds. The critique on frequentist p -values is that they 

indicate how likely observing the data is under the as- 

sumption that the null hypothesis is true. We are typi- 

cally more interested in knowing the probability that the 

null hypothesis is true given that we observed the data. 

This issue can be addressed by a Bayesian approach. A 

full-blown Bayesian analysis, in which we specify priors on 

all possible hypotheses and calculate posterior probabilities 

given the observed data for inference, can be challenging. 

An alternative to such an analysis is to use the minimum 

Bayes factor (MBF; Edwards et al., 1963 ). The Bayes fac- 

tor connects the prior odds (before having seen the data) 

with the posterior odds (after having seen the data). The 

MBF gives maximum advantage to the alternative hypoth- 

esis and, therefore, represents the maximum amount that 

the data can move the posterior odds away from the prior 

odds. The MBF is global in the sense that it accepts all pos- 

sible alternative hypotheses as potential candidates. 

A less aggressive approach in rejecting the null hy- 

pothesis would pose some structure on the relation be- 

tween the null hypothesis and the alternative hypothesis. 

Harvey (2017) argues that, for many finance applications, 

a reasonable assumption is that the null hypothesis has 

the highest prior probability and that prior probabilities of 

alternative hypotheses decrease symmetrically around the 

null. This implies that the same deviation below or above 

the null hypothesis is assumed to be equally likely. The 

assumption of additional structure gives less advantage to 

the alternative compared with the MBF, in which the prior 

alternative exactly coincides with the observed data and 

hence is the more conservative choice in the context of 

this study (i.e., putting a higher hurdle on rejecting the 

null hypothesis of zero factor premiums). The MBF results 

more often in rejections of the null hypothesis. A disadvan- 

tage of using the symmetric and descending MBF (SD-MBF) 

is that when prior probabilities are not symmetric and de- 

scending around the null hypothesis, they perhaps do not 

reject the null hypothesis quickly enough, which results in 

a lower testing power. For example, even if a competing 

theory implies a positive parameter instead of zero for the 

standard theory, the SD-MBF assumes that negative devi- 



G. Baltussen, L. Swinkels and P. Van Vliet Journal of Financial Economics xxx (xxxx) xxx 

ARTICLE IN PRESS 

JID: FINEC [m3Gdc; July 20, 2021;22:22 ] 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

13 This study is not the first to utilize deep historical samples to exam- 

ine asset pricing. For equity and bond premiums, Siegel (1992) gives evi- 
ations from zero are equally likely as positive deviations,

unjustly increasing the Bayesian p -value. 

Assuming the SD prior probabilities around the

null hypothesis, we obtain an SD-MBF ( Bayarri and

Berger, 1998 ). 11 It is defined as 

SD − MBF = −exp ( 1 ) ∗ p − value ∗ ln ( p − value ) . (1)

Consequently, we can transform the frequentist p -value

to a Bayesian p -value using a level of prior odds of the null

being true relative to an alternative: 

Bayesianp − value = SD − MBF ∗ prior odds / ( 1 + SD 

−MBF ∗ prior odds ) . (2)

For example, for a situation in which the null and alterna-

tive are equally likely (i.e., even prior odds), the frequen-

tist p -value of 5% is transformed into a Bayesian p -value

of 29%. When the alternative is a long shot with prior

odds of 99 to one, the frequentist p -value of 5% would be

transformed into a Bayesian one of 98%. In other words,

if we are skeptical about the alternative, more convincing

data (lower frequentist p -values) are required to change

our minds than if the alternative is more easily conceiv-

able. 12 

An important difficulty in the Bayesian approach is the

assumption on the level of prior odds. This choice is sub-

jective, and it typically has a material impact on the poste-

rior p -value. As an alternative, we can think in terms of the

break-even prior odds or that level of prior odds at which

the Bayesian p -value equals the chosen significance level α.

When we rewrite Eq. (2) , we obtain the break-even prior

odds as a function of α and the frequentist p -value (repre-

sented by the SD-MBF): 

Break − even prior odds = α/ [ ( 1 − −α) ∗ SD − MBF ] . (3)

Suppose we find a frequentist p -value of 0.1% and want the

α to be 5%, which implies a break-even prior odds ratio of

2.8 to one. If we are a priori more skeptical about the alter-

native than this, the frequentist p -value of 0.1% ( t -statistic

of 3.30) does not provide enough evidence to change our

minds. 

Table 3 shows the results of applying these Bayesian

concepts to our replication exercise. For each global re-

turn factor, we report the frequentist p -values and the

Bayesian p -values with a prior odds ratio of four to one

and prior odds classified by Harvey (2017) as perhaps (see

also Fig. 1 for the results of both the original and the

replication study). We find that only four of the 24 factor

premiums and three of their six multi-asset combinations

have Bayesian p -values below 5%. For the break-even odds,

we find by construction the same number of global return
11 The MBF is exp(-Z 2 /2) for a normal approximated z -score Z . This 

means that for a frequentist p -value of 5%, the MBF equals 0.15; the SD- 

MBF, 0.41. The latter, which we use throughout our paper, is clearly more 

conservative as it leads to higher Bayesian p -values. 
12 As also stressed by Harvey (2017) , the Bayes factor we employ is in 

principle a first hurdle to filter effects that are highly unlikely to be true. 

As a next step, one could argue that a more conservative Bayes factor or 

even an explicit alternative is needed. Bayarri et al. (2016) show that the 

SD-MBF is generally very close to the full Bayes factor when p -values are 

low (as in our case). 

8 
factors to have prior odds above four to one. For more con- 

servative prior odds, we find that only two exceed 99, the 

prior odds labeled as a long shot by Harvey (2017) . These 

results imply that one does not need to be very skeptical 

to disregard the empirical evidence. 

3. Global factor premiums: evidence since 1800 

To more thoroughly examine the evidence for global 

factor premiums, we study a deep, independent, and 

largely unexplored historical sample that was not used for 

their original discovery. 13 Using freshly uncovered histori- 

cal data for cross-validation is advocated by, for example, 

Arnott et al. (2019) to safeguard against data mining. 

3.1. Historical database construction 

We compile our data from several sources to obtain 

a reliable and historically extensive data set. Our sample 

covers 217 years of data from December 31, 1799 through 

December 31, 2016. We obtain the most recent historical 

data on financial market prices and macroeconomic se- 

ries from Bloomberg, Datastream, and the OECD, and we 

splice these before inception with data from (in order of 

preference) Global Financial Data or monthly commodity 

futures data from Chicago Board of Trade (CBOT) annual 

reports (1877–1962) obtained from TwoCenturies.com, the 

Jordà-Schularick-Taylor Macrohistory Database, and Jeremy 

Siegel’s website. 14 Our data set construction for each as- 

set and measure is described in extensive detail in On- 

line Appendix A. In short, we use futures data for our re- 

turn series when available and splice these with excess 

index-level returns for all asset classes except commodi- 

ties before the availability of futures data. For commodi- 

ties, we use only futures data, as spot returns can materi- 

ally differ from futures returns for this asset class. Global 

Financial Data has been used in various studies over the 

last years, to, among others, study equity risk premiums 

and their dynamics, as well as volatilities and predictabil- 

ity (see Albuquerque et al. 2015 ; Barro and Ursúa 2008 , 

2017 ; Danielsson et al. 2018 ; Goetzmann and Kim 2018 ; 

Goetzmann et al. 2005 ; Hjalmarsson 2010 ; Muir 2017 ; 

Schwert 2011 ; Zhang and Jacobsen 2013 ). In this paper, we 

utilize these databases to test for the existence of global 

factor premiums. Tables OA1–OA3 in the Online Appendix 

summarize the markets included in our sample, the excess 

return series, and the start dates of the factor measures per 
dence stretching back to 1800, Goetzmann (1993) to 1695, and Golez and 

Koudijs (2018) go even further back to 1629. Others consider premiums 

of a single factor. Hurst et al. (2017) find a persistent trend premium 

going back to 1880, Geczy and Samonov (2017) study momentum in a 

215-year sample, and Goetzmann and Huang (2018) and Geczy and Sa- 

monov (2016) show that stock-level momentum worked in imperial Rus- 

sia in the period 1865–1914 and in the US in the pre–Center for Research 

in Securities Prices period. Further, Doskov and Swinkels (2015) and 

Taylor (2002) find that carry and value premiums are present in currency 

markets since 1900. 
14 The database can be accessed at http://macrohistory.net . See HYPER- 

LINK " Jordà et al. (2017) for more information. Siegel webpage ( http: 

//www.jeremysiegel.com/ ) is no longer active, but it is archived here . 

http://macrohistory.net
http://www.jeremysiegel.com/
https://web.archive.org/web/20170729172852/http:/www.jeremysiegel.com/index.cfm/fuseaction/Resources.ListResources/type/data.cfm
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Table 3 

Statistical perspectives on global return factors: replicating sample. 

The table summarizes various statistical perspectives on the historical performance of the global return factors. Shown per factor per asset class are 

the historical frequentist p -value, Bayesianized p -value using a four-to-one prior odds ratio (“Bayesian- p ”), and break-even prior odds at a 5% confidence 

level (“BE-odds”) of its performance. The sample has start and end dates that differ for each asset class–factor combination based on the original studies 

displayed in Table 1 , with the multi-asset period covering the earliest start date and latest end date per factor. As seasonality in bonds and currencies are 

not tested in the original paper, we use the period January 1975 to December 2011, which was employed for seasonality in equity indices and commodities. 

The return series are at the monthly frequency. Covered are equity indices (“Equities”), ten-year maturity government bond indices (“Bonds”), commodities 

(“Commodities”), currencies (“FX”), and their equally weighted combination across the four asset classes (“Multi asset”). BAB = betting against beta. 

Statistic Trend Momentum Value Carry Seasonality BAB 

Equities p -value 0.00 0.00 0.27 0.00 0.05 0.05 

Bayesian- p 0.08 0.00 0.79 0.00 0.62 0.62 

BE-odds 2.18 47.39 0.05 2877.94 0.12 0.12 

Bonds p -value 0.01 0.41 0.11 0.01 0.43 0.01 

Bayesian- p 0.35 0.80 0.73 0.36 0.80 0.27 

BE-odds 0.36 0.05 0.07 0.34 0.05 0.51 

Commodities p -value 0.00 0.00 0.32 0.01 0.07 0.05 

Bayesian- p 0.00 0.00 0.80 0.23 0.67 0.62 

BE-odds 132.66 47.38 0.05 0.63 0.09 0.11 

FX p -value 0.03 0.07 0.05 0.00 0.93 0.48 

Bayesian-p 0.54 0.67 0.62 0.10 0.43 0.79 

BE-odds 0.16 0.09 0.11 1.63 0.25 0.05 

Multi asset p -value 0.00 0.00 0.01 0.00 0.02 0.00 

Bayesian- p 0.00 0.00 0.36 0.00 0.48 0.16 

BE-odds > 9999 > 9999 0.34 > 9999 0.21 1.03 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

market. 15 On average, our sample contains more than 150

years of new and independent data per asset class –factor

series. 

Even though we (and the data vendors) have paid close

attention to data quality, the deep historical data tend to

be of lesser quality compared with the more recent data,

as digital archives and the use of indices with strong re-

quirements on data processes did not exist. Instead, data

were maintained typically by exchanges, statistical agen-

cies, newspapers, and investor annuals, often handwrit-

ten. Potential data quality issues that could be at work

include not only (manual) misprints and other measure-

ment errors, but also indices consisting of just a handful of

stocks, the use of old data (for example, bond yield based

on padded values if no yield for a particular months was

found), the use of time-averaged prices over a month (of-

ten the average of the lowest and highest monthly prices),

and the timing of dividends or coupons sometimes being

unknown but assigned at quarter- or year-ends. 

Lesser data quality could influence our tests in a num-

ber of ways. On the one hand, it could create random mea-

surement errors in our data, thereby biasing our results

toward the null hypothesis that a global factor premium

does not exist. On the other hand, if biases in the data

correlate with factor premiums, they could create spuri-

ous results. For example, Schwert (1990) shows that the

use of the average of high and low prices over a month

generates an artificial AR(1) process in the return series.
15 We have a limited number of assets per asset class in roughly the 

first 50 years of our sample period, which makes detecting the existence 

of global factor premiums more difficult. Even though the average returns 

need not necessarily be affected, the variation around the average is prob- 

ably higher due to limited diversification benefits in the factor portfolios. 

9 
Further, measurement errors could cause prices to be spu- 

riously inflated, triggering potential reversal (value) prof- 

its. And, assignment of dividends or coupons to year-ends 

could generate spurious seasonality in returns centered in 

those time periods. 

To construct a high-quality data set, we have taken the 

following three steps. First, we have checked and corrected 

each data series on potential data errors as outlined in de- 

tail in the Appendix, Section A.3. Second, we have verified 

our data sources, when possible, against each other and 

found that average returns and volatilities are generally of 

comparable magnitudes across databases. The same applies 

for subsamples statistics, as shown in Table OA1 in the On- 

line Appendix. Figs. OA1–OA4 in the Online Appendix de- 

pict the behavior of each return series we use over time 

with their sample inclusion. Third, we have applied a num- 

ber of conservative screens on our data series and removed 

data points when they do not pass these screens. 

These screens are (1) a zero return screen, which leaves 

out data series with more than one zero or missing spot 

return observations in the past 12 months, (2) a return in- 

terpolation screen, which leaves out identical returns from 

one month to the next month, and (3) a stale return 

screen, which leaves out observation that do not have nine 

or more differentiating returns over the past 12 months. 

The first screen filters for data historically available at a 

non-monthly frequency and for reduced liquidity. It also 

captures non-tradability due to currency pegs, as assets 

with lower liquidity or no trades are more likely to have 

zero returns. Lesmond et al. (1999) show that the num- 

ber of periods with zero returns is an efficient proxy for 

liquidity. The second screen filters an unlikely return pat- 

tern, exactly identical consecutive monthly returns, which 

indicate return interpolation. The third screen filters re- 
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18 Our results for the BAB factor generally align with Frazzini and Ped- 

ersen (2014) over the replication sample period. Table 2 reveals that, 

over the replication sample, BAB has an annualized Sharpe ratio of 0.34 

for equities, 0.57 for country bonds, 0.30 for commodities, and 0.13 for 

currencies. This compares with 0.51, 0.14, 0.11, and 0.22, respectively, 
turns not updated at the monthly frequency. To this end,

we remove an asset when, over the past 12 months, fewer

than nine unique monthly returns were rounded to 5 ba-

sis points. We have simulated that such a pattern is un-

likely under a normal or in the in-sample return distribu-

tion for all asset classes in our universe. 16 Further, we al-

ways skip a month between our trend or momentum sig-

nals and investing, which removes possible spurious auto-

correlation at the monthly frequency. These screens miti-

gate data quality concerns but could bias factor premium

estimates downward if they remove correct data points. In

Section 3.4 , we discuss the impact of these various screens,

as well as other robustness tests to data quality. 

Due to problems with exceptionally high levels of data

uncertainty, we exclude hyperinflation episodes from our

sample by excluding assets from countries with ex ante

levels of monthly inflation over 50%. This definition follows

Cagan (1956) . We start investing only 12 months after the

hyperinflation period has ended, as this is real-time avail-

able information. This definition of hyperinflation affects

Germany during the 1920–1926 period; France in 1920–

1921; France, Italy, and Japan during the post–World War

II years (1946–1949/1950 and 1943–1948 for Italy); and

South Korea in 1950–1956. 

3.2. Global factor premiums since 1800 

The premiums of each global return factor, in terms of

Sharpe ratios, over the pre-sample period are displayed in

Panel A of Table 4 . In this deep historical sample, we find

a strong presence of most global return factors. In terms

of economic significance, we find an average Sharpe ratio

of 0.40; in terms of statistical significance, 18 of the 24

t -values are above 1.96 and 17 are above 3.00. One can

wonder whether the t -value cutoff of 3.00 is required, as

we conduct a pure out-of-sample study for which multiple

testing becomes less of a concern. 

Panel B of Table 4 exploits the full power of our sample

by studying the full sample results, which span 217 years

of data from 1800 until 2016. 17 (This includes a limited

number of observations on post-sample data until 2016.)

In general, results are stronger as measured by t -values

because of the additional three decades with positive (al-

though not always statistically significant) returns. The av-

erage Sharpe ratio across all global return factors equals

0.40, and 20 (17) of the 24 global factor premiums have t -

values above 1.96 (3.00). Over both the new sample and

the full sample, trend, momentum, carry, and seasonal-

ity are generally the strongest. For each of the four as-

set classes, these factors have Sharpe ratios above 0.20

and t -values well above 3.00, except for commodity carry,
16 We have randomly drawn ten thousand observations (with replace- 

ment) from the normal distribution with mean and volatility equal to the 

equal-weighted average asset class values over the 1800–1971 period (see 

Online Appendix Table OA1), or from the empirical in-sample distribu- 

tion, and examined the occurrence of this screen. For bonds, the screen is 

triggered for less than 2% of the observations. For all other asset classes, 

the number is below 0.5%. 
17 By including the post-sample, we maximize the power of our tests 

that utilize the full sample period. Because of a relatively limited number 

of observations, we do not analyze the post-sample period separately. 

10 
which has a t -value of 2.94. Return seasonality in govern- 

ment bonds and currencies are strong factor premiums and 

are an extension of the empirical asset pricing literature. 

For value, we find statistically and economically significant 

positive returns for three out of four asset classes, with a t - 

value of 3.21 for equity value, 2.41 for bond value, and 2.76 

for commodity value. Value for currencies is weak with t - 

values in the pre-sample (full sample) of −0.02 (1.03). The 

results for BAB reveal that the effect is strongly present for 

equity indices (and within the US bond term structure; see 

Online Appendix D), but not significant for country bond 

indices, commodities, or currencies. 18 

McLean and Pontiff (2016) and Linnainmaa and 

Roberts (2018) , among others, find that many (eq- 

uity) return factors display a significant weaker perfor- 

mance when tested in out-of-sample periods. Panel C of 

Table 4 formally tests out-of-sample performance decay 

in global factor premiums, by showing the difference in 

Sharpe ratios between the pre-sample and in-sample peri- 

ods and the t -statistics of a test on equal factor premiums 

in both periods. We find very limited out-of-sample decay 

of the global factor premiums, with the average Sharpe ra- 

tio dropping to 0.40 from 0.41. At the 5% significance level, 

two factors (bond BAB and commodity BAB) display a sig- 

nificant decay in factor premiums, and one factor (season- 

ality in bonds) displays a significant increase. Similarly, one 

multi-asset combination (BAB) displays a significant decay 

in factor premiums, and one (seasonality) displays a signif- 

icant increase. In other words, we find very little evidence 

for out-of-sample performance decay in global factor pre- 

miums. 

Table 5 shows the results of applying the Bayesian con- 

cepts to the new sample (Panel A) and the full sample 

(Panel B). In Table 3 , we report for each global return fac- 

tor the frequentist p -values, the Bayesian p -values with a 

prior odds ratio of four to one, and the break-even prior 

odds that lead to a posterior probability of 5% for the null 

hypothesis. Over the full sample period (i.e., utilizing the 

full statistical power of our data), 15 of the 24 global re- 

turn factors have Bayesian p -values below 5%. Exceptions 

are bond momentum, value in all asset classes, commodity 

carry, and BAB outside equities. In addition, the prior odds 

ratios are mostly above 99 to one. This is even more true 

for the multi-asset combinations, for which the break-even 

prior odds ratios are generally above 99 to one, except for 
shown in Frazzini and Pedersen (2014) . Furthermore, Frazzini and Ped- 

ersen (2014) find substantially stronger results for BAB applied to bonds 

across the curve within a single country (US). In a separate US bond sam- 

ple covering various maturities, they find a Sharpe ratio of 0.81. We exam- 

ine BAB on the US bond curve (bond data of various maturities are gen- 

erally lacking deep history outside the US) in Online Appendix D across 

one-year to 30-year US government bonds between 1922 and 2016. Over 

this period, we find a Sharpe ratio of 0.37 over the Frazzini and Peder- 

sen (2014) period (January 1952–March 2012) and 0.53 over the 1922–

1951 pre-sample period, as shown in Table OD2 in Online Appendix D. 

These numbers are similar when using one-year or five-year (instead of 

three-year) beta estimation windows. 
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Table 4 

Historical performance of global return factors: 1800–2016. 

The table summarizes the historical performance of the global return factors. Shown per factor per asset class are the historical annualized Sharpe ratio. 

Panel A shows the results for the pre-sample period, Panel B shows the results for the full sample period, and Panel C shows the performance decay 

between the pre-sample and replication periods. The pre-sample period starts as early as January 1800 and ends at the start date of the sample used in 

the original studies (see Tables 1 and 2 ) for each asset class–factor combination. The full sample period spans January 1800 to December 2016. The sample 

is at the monthly frequency. Covered are equity indices (“Equities”), ten-year maturity government bond indices (“Bonds”), commodities (“Commodities”), 

currencies (“FX”), and their equally weighted combination across the four asset classes (“Multi asset”). Numbers in parentheses indicate t -values. Asterisks 

are used to indicate significance at a 10% ( ∗), 5% ( ∗∗), or 1% ( ∗∗∗) level. BAB = betting against beta. 

Sharpe ratio Trend Momentum Value Carry Seasonality BAB 

Panel A: Pre-sample, starting in 1800 

Equities 0.89 ∗∗∗ 0.58 ∗∗∗ 0.23 ∗∗∗ 0.54 ∗∗∗ 0.62 ∗∗∗ 0.42 ∗∗∗

(12.15) (7.72) (3.02) (7.38) (8.17) (5.64) 

Bonds 0.56 ∗∗∗ 0.24 ∗∗∗ 0.18 ∗ 0.56 ∗∗∗ 0.95 ∗∗∗ −0.01 

(7.62) (3.25) (1.90) (7.48) (12.33) ( −0.15) 

Commodities 0.58 ∗∗∗ 0.62 ∗∗∗ 0.24 ∗∗ 0.18 ∗ 0.54 ∗∗∗ −0.03 

(6.04) (5.99) (2.29) (1.81) (5.27) ( −0.30) 

FX 0.40 ∗∗∗ 0.28 ∗∗∗ 0.00 0.49 ∗∗∗ 0.35 ∗∗∗ 0.09 

(5.38) (3.75) ( −0.02) (6.60) (4.54) (1.13) 

Multi asset 1.03 ∗∗∗ 0.70 ∗∗∗ 0.24 ∗∗∗ 0.88 ∗∗∗ 1.15 ∗∗∗ 0.25 ∗∗∗

(14.07) (9.14) (3.09) (11.80) (15.18) (3.20) 

Panel B: Full sample, 1800–2016 

Equities 0.84 ∗∗∗ 0.58 ∗∗∗ 0.22 ∗∗∗ 0.61 ∗∗∗ 0.55 ∗∗∗ 0.41 ∗∗∗

(12.33) (8.58) (3.21) (8.93) (8.12) (5.97) 

Bonds 0.55 ∗∗∗ 0.23 ∗∗∗ 0.20 ∗∗ 0.55 ∗∗∗ 0.79 ∗∗∗ 0.06 

(8.15) (3.33) (2.41) (7.99) (11.53) (0.88) 

Commodities 0.62 ∗∗∗ 0.61 ∗∗∗ 0.24 ∗∗∗ 0.25 ∗∗∗ 0.47 ∗∗∗ 0.09 

(7.35) (7.19) (2.76) (2.94) (5.48) (1.11) 

FX 0.39 ∗∗∗ 0.29 ∗∗∗ 0.09 0.50 ∗∗∗ 0.29 ∗∗∗ 0.07 

(5.79) (4.18) (1.03) (7.29) (4.26) (0.94) 

Multi asset 1.01 ∗∗∗ 0.72 ∗∗∗ 0.28 ∗∗∗ 0.91 ∗∗∗ 0.99 ∗∗∗ 0.30 ∗∗∗

(14.95) (10.55) (4.19) (13.47) (14.65) (4.41) 

Panel C: Decay pre-sample versus replication sample decay 

Equities 0.24 −0.13 0.04 −0.48 ∗ 0.30 ∗ 0.08 

(0.48) ( −0.59) (0.22) ( −1.86) (1.69) ( −0.22) 

Bonds 0.05 0.09 −0.11 0.09 0.82 ∗∗∗ −0.58 ∗∗

(0.32) (0.57) ( −0.27) (0.30) (4.68) ( −2.14) 

Commodities −0.29 ∗ −0.04 0.08 −0.30 ∗ 0.24 −0.33 ∗∗

( −1.62) ( −0.79) (0.29) ( −1.64) (1.10) ( −2.13) 

FX −0.04 −0.04 −0.34 −0.09 0.33 ∗ −0.03 

(0.37) (0.14) ( −1.50) ( −0.14) (1.89) ( −0.43) 

Multi asset −0.01 −0.18 ∗ −0.17 −0.20 0.77 ∗∗∗ −0.21 ∗∗

( −0.46) ( −1.60) ( −1.20) ( −1.51) (4.33) ( −2.21) 

 

 

 

 

 

 

 

 

 

 

 

value with break-even prior odds of 59.52. These results

imply that one generally needs to be extremely skeptical

not to reject the null hypothesis that global factor premi-

ums are zero. 

3.3. Historical investability of global factor premiums 

Our results show that global factor premiums have ro-

bustly existed in over 217 years of data, which includes

more than 150 years of new and independent data. A

related issue is to what extent the global factor premi-

ums can be attributed to investment frictions faced by in-

vestors, such as cross-border investment restrictions, lever-

age constraints, practical or legal boundaries to short-

ing, and transaction costs. 19 This assumption of friction-
19 Exceptions of asset pricing models that deal with partial segmen- 

tation are, among others, Black (1974) , Stulz (1981) , and Karolyi and 

Wu (2018) . 

11 
less trading has been challenged in the literature, es- 

pecially for stock-level factor premiums, which require 

high amounts of trading in illiquid stocks. For example, 

Korajczyk and Sadka (2004) and Avramov et al. (2006) ex- 

amine the impact of frictions on the stock-level momen- 

tum or short-term reversal factors, and Novy-Marx and Ve- 

likov (2015) show that most stock-level factor premiums 

survive after costs when using cost-mitigation techniques. 

A common assumption is that investment frictions were 

higher in the 19th century than in the 21th century. Al- 

though data to assess the impact of investment frictions 

are generally lacking, indications exist that trading in the 

markets that we examine was neither impossible nor ex- 

tremely expensive. Well-developed international markets 

for stocks, bonds, currencies, and commodities existed 

with speculation in the assets we research ( Jobst, 2009 ; 

Accominotti, 2016 ; Accominotti and Chambers, 2016 ). Trad- 

ing in many assets was feasible at limited transaction costs 

(e.g., Koudijs 2016 ), and asset markets in the 19th century 
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Table 5 

Statistical perspectives on global return factors, 1800–2016. 

The table summarizes various statistical perspectives on the historical performance of the global 

return factors. Shown per factor per asset class are the historical frequentist p -value, Bayesian p -value 

using a four-to-one prior odds ratio (“Bayesian- p ”), and break-even prior odds at a 5% confidence level 

(“BE-odds”) of its performance. Panel A shows the results for the pre-sample period, and Panel B shows 

the results for the full sample period. The pre-sample period starts as early as January 1800 and ends 

at the start date of the sample used in the original studies (see Tables 1 and 2 ) for each asset class–

factor combination. The full sample period spans January 1800 to December 2016. The sample is at the 

monthly frequency. Covered are equity indices (“Equities”), ten-year maturity government bond indices 

(“Bonds”), commodities (“Commodities”), currencies (“FX”), and their equally weighted combination 

across the four asset classes (“Multi asset”). BAB = betting against beta. 

Statistic Trend Momentum Value Carry Seasonality BAB 

Panel A: Pre-sample, starting in 1800 

Equities 0.00 0.00 0.00 0.00 0.00 0.00 

p -value 0.00 0.00 0.14 0.00 0.00 0.00 

Bayesian- p BE-odds > 9999 > 9999 1.15 > 9999 > 9999 > 9999 

Bonds 0.00 0.00 0.06 0.00 0.00 0.88 

p -value 0.00 0.08 0.64 0.00 0.00 0.56 

Bayesian- p BE-odds > 9999 2.21 0.11 > 9999 > 9999 0.15 

Commodities 0.00 0.00 0.02 0.07 0.00 0.77 

p -value 0.00 0.00 0.48 0.67 0.00 0.69 

Bayesian- p BE-odds > 9999 > 9999 0.21 0.09 7905.80 0.09 

FX 0.00 0.00 0.98 0.00 0.00 0.26 

p -value 0.00 0.02 0.17 0.00 0.00 0.79 

Bayesian- p BE-odds > 9999 11.44 0.92 > 9999 259.54 0.05 

Multi asset 0.00 0.00 0.00 0.00 0.00 0.00 

p -value 0.00 0.00 0.12 0.00 0.00 0.09 

Bayesian- p BE-odds > 9999 > 9999 1.41 > 9999 > 9999 1.91 

Panel B: Full sample, 1800–2016 

Equities 0.00 0.00 0.00 0.00 0.00 0.00 

p -value 0.00 0.00 0.09 0.00 0.00 0.00 

Bayesian- p BE-odds > 9999 > 9999 2.01 > 9999 > 9999 > 9999 

Bonds 0.00 0.00 0.02 0.00 0.00 0.38 

p -value 0.00 0.06 0.42 0.00 0.00 0.80 

Bayesian- p BE-odds > 9999 2.86 0.26 > 9999 > 9999 0.05 

Commodities 0.00 0.00 0.01 0.00 0.00 0.27 

p-value 0.00 0.00 0.24 0.17 0.00 0.79 

Bayesian- p BE-odds > 9999 > 9999 0.59 0.94 > 9999 0.05 

FX 0.00 0.00 0.30 0.00 0.00 0.35 

p -value 0.00 0.00 0.80 0.00 0.00 0.80 

Bayesian- p BE-odds > 9999 58.19 0.05 > 9999 80.63 0.05 

Multi asset 0.00 0.00 0.00 0.00 0.00 0.00 

p -value 0.00 0.00 0.00 0.00 0.00 0.00 

Bayesian- p BE-odds > 9999 > 9999 59.52 > 9999 > 9999 148.30 

 

 

 

 

 

 

 

 

seem in many dimensions similar to today’s. Active and

liquid derivatives markets existed, allowing investors to go

short, with a well-developed system of trading on mar-

gin, a market-making and arbitrage mechanism (resulting

in the financial integration of prices of identical assets that

traded simultaneously in multiple markets), and a central-

ized exchange with a clearing mechanism ( Harrison, 1998 ;

Koudijs, 2016 ; Neal, 1985 , 1987 ). Online Appendix E pro-
12 
vides further detail on the investability frictions in histor- 

ical markets. For a more in-depth discussion on this his- 

tory of financial markets, see Poitras (2009) , Chambers and 

Dimson (2016) , and Zinkina et al. (2017) . 

Consequently, our results do not necessarily imply that 

the global factor premiums could have been profitably 

exploited. Related, we do not examine optimal factor 

investment strategies or aspects linked to arbitrage or 
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Table 6 

Subperiod performances of global return factors. 

The table summarizes the historical subperiod performance of the return factors. Shown 

per factor per asset class is the percentage of rolling ten-year period with positive Sharpe 

ratios [“P(SR 10y > 0)”]. The sample starts in January 1800 and ends in December 2016 and 

is at the monthly frequency. Covered are equity indices (“Equities”), ten-year maturity gov- 

ernment bond indices (“Bonds”), commodities (“Commodities”), currencies (“FX”), and their 

equally weighted combination across the four asset classes (“Multi asset”). Numbers in ital- 

ics indicate p -values (based on Newey-West to account for ten-year overlapping observa- 

tions). Asterisks are used to indicate significance at a 10% ( ∗), 5% ( ∗∗), or 1% ( ∗∗∗) level. 

BAB = betting against beta. 

P(SR 10y > 0) Trend Momentum Value Carry Seasonality BAB 

Equity 99% ∗∗∗ 92% ∗∗∗ 60% 88% ∗∗∗ 88% ∗∗∗ 72% ∗∗∗

0.00 0.00 0.17 0.00 0.00 0.01 

Bond 93% ∗∗∗ 80% ∗∗∗ 69% ∗∗ 96% ∗∗∗ 88% ∗∗∗ 46% 

0.00 0.00 0.03 0.00 0.00 0.68 

Commodities 97% ∗∗∗ 100% ∗∗∗ 67% ∗ 71% ∗∗ 93% ∗∗∗ 48% 

0.00 0.00 0.09 0.05 0.00 0.81 

FX 82% ∗∗∗ 84% ∗∗∗ 60% 83% ∗∗∗ 76% ∗∗∗ 42% 

0.00 0.00 0.49 0.00 0.00 0.37 

Multi asset 100% ∗∗∗ 93% ∗∗∗ 76% ∗∗∗ 92% ∗∗∗ 96% ∗∗∗ 74% ∗∗∗

0.00 0.00 0.00 0.00 0.00 0.00 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

tradability (such as transaction costs, legal controls, capital

mobility, etc.). Among others, the use of liquid instru-

ments, smart trade rules, and multiple factor strategies

typically reduce implementation costs significantly (see

Novy-Marx and Velikov 2015 and Fitzgibbons et al. 2017 ).

Further, investors did not need to have frictionless access

to all instruments in all markets to have profited from

global factor premiums. For example, even a long-only

investor with access to a limited number of markets could

have postponed the buying of equities, bonds, currencies,

or commodities if a market was in a negative trend,

overvalued, or in a poorly returning season. 

3.4. Robustness analyses: subperiods, factor construction, and

data quality 

An additional way to determine the likelihood of p-

hacking is to examine the robustness of the global factor

premiums to research design choices that the researcher

has to make (e.g., sample periods or factor construction).

Further, we have made several choices to construct a data

set of good quality, including data filters and the sample

selection. 

3.4.1. Subperiods 

To reduce the degrees of freedom (that could lead to

picking convenient subperiods), we consider all ten-year

rolling subperiods and report the frequency of positive

Sharpe ratios (see Table 6 ). The global return factors with

significant full sample Sharpe ratios display consistent pre-

miums over time, with frequencies typically significantly

above 50%. Exceptions are equity value, currency value, and

BAB outside equities. Further, the multi-asset combinations

have a positive Sharpe ratio in at least 74% (BAB) to 100%

(trend) of the rolling ten-year periods between 1800 and

2016, all significantly greater than 50%. Online Appendix

C, Table OC1, shows the results for four fixed economically

motivated subperiods over our pre-sample period: 1800–

1869, 1870–1914, 1915–1945, and 1946–1971. These periods

represent the rise of capital markets, globally integrated
13 
markets, the global period of war and unrest, and the post- 

war era and boom period, respectively. Between 1870 and 

1914, for example, financial markets were globally well 

developed and integrated with little capital restrictions. 

Over this and later subperiods, we find strong evidence for 

global factor premiums, with especially trend, momentum, 

carry, and seasonality being generally consistent over sub- 

periods. Notable exceptions are bond momentum (which 

is significant only in the 1870–1914 subperiod) and com- 

modity carry (which is significant in the 1946–1971 subpe- 

riod and, as shown in Table 2 , in the replicating sample). 

Value and BAB are generally less consistent, witnessing no 

significant factor premiums pre-1870, with mainly equity 

value and equity BAB offering consistent factor premiums 

afterward. Bond value is significant post-1946, commodity 

value is significant only in the 1915–1945 subperiod, cur- 

rency value and bond BAB are not significant at the 5% 

level in any of the subperiods (including the replicating 

sample), commodity BAB is significant only in the replicat- 

ing sample, and currency BAB is not significant pre-1915 

(and in the replicating sample). Overall, the general con- 

sistency of performance over time further strengthens our 

empirical evidence for the existence of most of the global 

factor premiums we examine. Further, the robustness over 

subperiods is a further safeguard against possible data bi- 

ases, as such biases are most likely larger in earlier parts 

of our sample. 

3.4.2. Factor construction 

Online Appendix B, Table OB2, further considers 

methodological variations relative to our baseline strate- 

gies examined so far, as made by several of the origi- 

nal studies. We focus on the full sample results, but we 

have verified that results are similar for the pre-sample 

period (see Table OB1 in Online Appendix B for robust- 

ness in the replication sample). Instead of using the portfo- 

lio weights that depend on the cross-sectional ranking, we 

take equally weighted long and short positions in the top 

and bottom tercile within each asset class [the portfolio 
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construction choice employed by Keloharju et al. (2016) ]. 20

Also, we do not scale the positions using past volatility or

beta (in the case of BAB), but instead take simple equal no-

tional positions in each asset. This means that more weight

is given to the riskiest assets within an asset class. The

resulting differences are small in economic and statistical
20 Novy-Marx and Velikov (2021) argue that the cross-sectional ranking 

method biases portfolio weights to equal weighting, which in the case 

of individual stocks leads to larger weights in economically less relevant 

micro-cap stocks. This is less of a concern for our study, as we focus on 

assets at the market level instead of individual stocks. 

Table 7 

Robustness to data quality of global return factors: pre-sample period. 

The table summarizes the robustness of the historical performance of the glob

data quality. We consider the following data filters in Panel A: no liquidity scr

return screen”), the combination of the zero return, the return interpolation, an

returns at their 1st and 99th percentiles on the baseline (“+ Trimmed returns”)

the results when adding markets to the sample (“Survivorship test”). Shown ar

and for the equally weighted multi-asset combination across the four asset cla

of the sample used in the original studies (see Tables 1 and 2 ) for each asset 

parentheses indicate t -values. Asterisks are used to indicate significance at a 10

beta. 

Factor and asset class No liquidity screen 

( t -value) 

Zero return screen

( t -value) 

Panel A: Robustness for different data 

quality filters 

Trend Equities 0.89 ∗∗∗ (12.06) 0.90 ∗∗∗ (

Trend Bonds 0.67 ∗∗∗ (9.06) 0.55 ∗∗∗

Trend Commodities 0.57 ∗∗∗ (5.87) 0.58 ∗∗∗

Trend FX 0.56 ∗∗∗ (7.68) 0.44 ∗∗∗

Momentum Equities 0.50 ∗∗∗ (6.67) 0.58 ∗∗∗

Momentum Bonds 0.34 ∗∗∗ (4.58) 0.26 ∗∗∗

Momentum Commodi- 

ties 

0.59 ∗∗∗ (5.70) 0.62 ∗∗∗

Momentum FX 0.49 ∗∗∗ (6.50) 0.26 ∗∗∗

Value Equities 0.20 ∗∗∗ (2.66) 0.23 ∗∗∗

Value Bonds 0.36 ∗∗∗ (3.81) 0.28 ∗∗∗

Value Commodities 0.17 ∗ (1.65) 0.24 ∗∗

Value FX 0.51 ∗∗∗ (5.29) 0.00 

Carry Equities 0.58 ∗∗∗ (7.94) 0.53 ∗∗∗

Carry Bonds 0.60 ∗∗∗ (8.18) 0.53 ∗∗∗

Carry Commodities 0.31 ∗∗∗ (3.13) 0.18 ∗

Carry FX 0.82 ∗∗∗ (11.12) 0.54 ∗∗∗

Seasonality Equities 0.57 ∗∗∗ (7.53) 0.61 ∗∗∗

Seasonality Bonds 1.41 ∗∗∗ (18.60) 1.07 ∗∗∗ (

Seasonality Commodities 0.51 ∗∗∗ (5.01) 0.54 ∗∗∗

Seasonality FX 0.56 ∗∗∗ (7.39) 0.39 ∗∗∗

BAB Equities 0.37 ∗∗∗ (4.97) 0.43 ∗∗∗

BAB Bonds −0.09 ( −1.19) −0.05 (

BAB Commodities 0.07 (0.65) −0.03 (

BAB FX 0.05 (0.66) 0.11 

Trend, multi asset 1.17 ∗∗∗ (15.90) 1.06 ∗∗∗ (

Momentum, multi asset 0.83 ∗∗∗ (10.88) 0.70 ∗∗∗

Value, multi asset 0.47 ∗∗∗ (6.10) 0.29 ∗∗∗

Carry, multi asset 1.18 ∗∗∗ (15.77) 0.90 ∗∗∗ (

Seasonality, multi asset 1.47 ∗∗∗ (19.50) 1.22 ∗∗∗ (

BAB, multi asset 0.19 ∗∗ (2.43) 0.23 ∗∗∗

14 
terms for each variation, except for BAB when not scaling 

positions by beta (in line with its expectation). 

3.4.3. Data quality controls 

To build a high-quality data set, we have applied several 

data filters. The results of examining the impact of these 

filters are summarized in Table 7 . We focus on the pre- 

sample period, as data quality is a larger concern over the 

earlier sample period (we report the results over the 1800–

2016 period in Online Appendix C, Table OC2). We remove 

the zero return liquidity screen (“No liquidity screen”), as 

this is not commonly employed in the original studies. 

Overall, removing this screen tends to increase the Sharpe 
al return factors over the pre-sample period to screens and controls on 

een (“No liquidity screen”), only the zero return liquidity screen (“Zero 

d stale return screens (“Baseline”), and the addition of trimming asset 

. Panel B shows the global factor returns by quarter (“Q1” to “Q4”) and 

e the historical annualized Sharpe ratios for each factor per asset class 

sses. The sample starts as early as January 1800, ends at the start date 

class–factor combination, and is at the monthly frequency. Numbers in 

% ( ∗), 5% ( ∗∗), or 1% ( ∗∗∗) level. FX = currencies; BAB = betting against 

 Baseline ( t -value) + Trimmed returns 

( t -value) 

12.21) 0.90 ∗∗∗ (12.15) 0.93 ∗∗∗ (12.68) 

(7.50) 0.55 ∗∗∗ (7.62) 0.61 ∗∗∗ (8.31) 

(6.04) 0.58 ∗∗∗ (6.04) 0.60 ∗∗∗ (6.20) 

(5.96) 0.44 ∗∗∗ (5.38) 0.43 ∗∗∗ (5.80) 

(7.74) 0.58 ∗∗∗ (7.72) 0.62 ∗∗∗ (8.22) 

(3.53) 0.26 ∗∗∗ (3.25) 0.30 ∗∗∗ (3.94) 

(5.99) 0.62 ∗∗∗ (5.99) 0.65 ∗∗∗ (6.31) 

(3.52) 0.26 ∗∗∗ (3.75) 0.36 ∗∗∗ (4.72) 

(3.07) 0.23 ∗∗∗ (3.02) 0.23 ∗∗∗ (3.10) 

(2.97) 0.28 ∗ (1.90) 0.27 ∗∗∗ (2.83) 

(2.29) 0.24 ∗∗ (2.29) 0.25 ∗∗ (2.42) 

(0.01) 0.00 ( −0.02) −0.02 ( −0.17) 

(7.29) 0.53 ∗∗∗ (7.38) 0.57 ∗∗∗ (7.88) 

(7.06) 0.53 ∗∗∗ (7.48) 0.71 ∗∗∗ (9.50) 

(1.81) 0.18 ∗ (1.81) 0.18 ∗ (1.82) 

(7.21) 0.54 ∗∗∗ (6.60) 0.57 ∗∗∗ (7.65) 

(8.06) 0.61 ∗∗∗ (8.17) 0.64 ∗∗∗ (8.46) 

13.96) 1.07 ∗∗∗ (12.33) 1.28 ∗∗∗ (16.62) 

(5.27) 0.54 ∗∗∗ (5.27) 0.54 ∗∗∗ (5.30) 

(5.07) 0.39 ∗∗∗ (4.54) 0.37 ∗∗∗ (4.84) 

(5.74) 0.43 ∗∗∗ (5.64) 0.44 ∗∗∗ (5.93) 

 −0.73) −0.05 ( −0.15) −0.05 ( −0.68) 

 −0.30) −0.03 ( −0.30) −0.03 ( −0.33) 

(1.36) 0.11 (1.13) 0.14 (1.63) 

14.43) 1.06 ∗∗∗ (14.07) 1.10 ∗∗∗ (14.95) 

(9.12) 0.70 ∗∗∗ (9.14) 0.79 ∗∗∗ (10.30) 

(3.80) 0.29 ∗∗∗ (3.09) 0.26 ∗∗∗ (3.43) 

12.10) 0.90 ∗∗∗ (11.80) 1.01 ∗∗∗ (13.53) 

16.09) 1.22 ∗∗∗ (15.18) 1.32 ∗∗∗ (17.43) 

(2.95) 0.23 ∗∗∗ (3.20) 0.25 ∗∗∗ (3.28) 

( continued on next page ) 
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Table 7 

( continued ) 

Panel B: Robustness for quarters and missing markets 

Factor and asset class Q1 ( t -value) Q2 ( t -value) Q3 ( t -value) Q4 ( t -value) Survivorship test 

( t -value) 

Trend Equities 0.82 ∗∗∗ (5.57) 1.25 ∗∗∗ (8.49) 0.90 ∗∗∗ (6.09) 0.67 ∗∗∗ (4.57) 0.90 ∗∗∗ (12.22) 

Trend Bonds 0.86 ∗∗∗ (5.86) 0.51 ∗∗∗ (3.45) 0.31 ∗∗ (2.14) 0.53 ∗∗∗ (3.60) 0.56 ∗∗∗ (7.60) 

Trend Commodities 0.57 ∗∗∗ (2.92) 0.39 ∗∗ (2.00) 0.60 ∗∗∗ (3.09) 0.82 ∗∗∗ (4.24) 0.58 ∗∗∗ (6.04) 

Trend FX 0.42 ∗∗∗ (2.85) 0.49 ∗∗∗ (3.34) 0.29 ∗∗ (2.00) 0.38 ∗∗ (2.57) 0.43 ∗∗∗ (5.79) 

Momentum Equities 0.64 ∗∗∗ (4.27) 0.58 ∗∗∗ (3.86) 0.50 ∗∗∗ (3.32) 0.60 ∗∗∗ (3.97) 0.56 ∗∗∗ (7.49) 

Momentum Bonds 0.44 ∗∗∗ (2.89) −0.02 ( −0.14) 0.24 (1.59) 0.31 ∗∗ (2.04) 0.23 ∗∗∗ (3.04) 

Momentum Commodi- 

ties 

0.95 ∗∗∗ (4.57) 0.28 (1.34) 0.51 ∗∗ (2.47) 0.82 ∗∗∗ (3.96) 0.62 ∗∗∗ (5.99) 

Momentum FX 0.21 (1.41) 0.63 ∗∗∗ (4.18) 0.00 ( −0.01) 0.43 ∗∗∗ (2.84) 0.28 ∗∗∗ (3.74) 

Value Equities 0.10 (0.68) 0.37 ∗∗ (2.44) 0.11 (0.73) 0.34 ∗∗ (2.25) 0.29 ∗∗∗ (3.82) 

Value Bonds 0.35 ∗ (1.83) 0.23 (1.21) −0.06 ( −0.29) 0.28 (1.48) 0.15 (1.57) 

Value Commodities 0.11 (0.51) 0.31 (1.48) 0.39 ∗ (1.86) 0.09 (0.44) 0.24 ∗∗ (2.29) 

Value FX −0.10 ( −0.53) −0.29 ( −1.48) 0.35 ∗ (1.80) 0.00 (0.01) 0.00 ( −0.04) 

Carry Equities 0.50 ∗∗∗ (3.46) 0.67 ∗∗∗ (4.58) 0.54 ∗∗∗ (3.72) 0.44 ∗∗∗ (3.03) 0.62 ∗∗∗ (8.44) 

Carry Bonds 0.59 ∗∗∗ (3.97) 0.34 ∗∗ (2.25) 0.78 ∗∗∗ (5.21) 0.58 ∗∗∗ (3.87) 0.56 ∗∗∗ (7.57) 

Carry Commodities 0.38 ∗ (1.86) 0.16 (0.82) −0.16 ( −0.79) 0.50 ∗∗ (2.45) 0.18 ∗ (1.81) 

Carry FX 0.68 ∗∗∗ (4.52) 0.41 ∗∗∗ (2.75) 0.26 ∗ (1.74) 0.72 ∗∗∗ (4.81) 0.51 ∗∗∗ (6.81) 

Seasonality Equities 0.67 ∗∗∗ (4.45) 0.47 ∗∗∗ (3.09) 0.91 ∗∗∗ (6.01) 0.44 ∗∗∗ (2.93) 0.66 ∗∗∗ (8.68) 

Seasonality Bonds 0.62 ∗∗∗ (4.01) 0.81 ∗∗∗ (5.25) 1.21 ∗∗∗ (7.89) 1.25 ∗∗∗ (8.16) 0.97 ∗∗∗ (12.61) 

Seasonality Commodities 0.63 ∗∗∗ (3.08) 0.58 ∗∗∗ (2.84) 0.40 ∗ (1.93) 0.55 ∗∗∗ (2.69) 0.54 ∗∗∗ (5.27) 

Seasonality FX 0.60 ∗∗∗ (3.94) 0.36 ∗∗ (2.37) 0.25 (1.59) 0.25 ∗ (1.64) 0.34 ∗∗∗ (4.41) 

BAB Equities 0.73 ∗∗∗ (4.91) 0.31 ∗∗ (2.09) 0.25 ∗ (1.66) 0.35 ∗∗∗ (2.32) 0.37 ∗∗∗ (4.92) 

BAB Bonds −0.04 ( −0.29) 0.10 (0.66) −0.06 ( −0.40) −0.06 ( −0.40) −0.02 ( −0.28) 

BAB Commodities 0.23 (1.08) −0.22 ( −1.04) −0.26 ( −1.25) 0.21 (0.99) −0.03 ( −0.30) 

BAB FX 0.04 (0.25) 0.17 (1.02) 0.16 (0.98) −0.03 ( −0.18) 0.12 (1.39) 

Trend, multi asset 1.14 ∗∗∗ (7.77) 1.18 ∗∗∗ (7.99) 0.85 ∗∗∗ (5.78) 0.98 ∗∗∗ (6.65) 1.06 ∗∗∗ (14.40) 

Momentum, multi asset 0.85 ∗∗∗ (5.57) 0.71 ∗∗∗ (4.63) 0.41 ∗∗∗ (2.70) 0.88 ∗∗∗ (5.77) 0.68 ∗∗∗ (8.92) 

Value, multi asset 0.11 (0.73) 0.35 ∗∗ (2.30) 0.18 (1.20) 0.32 ∗∗ (2.12) 0.25 ∗∗∗ (3.26) 

Carry, multi asset 1.06 ∗∗∗ (7.09) 0.73 ∗∗∗ (4.91) 0.72 ∗∗∗ (4.83) 1.02 ∗∗∗ (6.86) 0.93 ∗∗∗ (12.53) 

Seasonality, multi asset 1.16 ∗∗∗ (7.64) 1.02 ∗∗∗ (6.75) 1.30 ∗∗∗ (8.57) 1.11 ∗∗∗ (7.33) 1.16 ∗∗∗ (15.40) 

BAB, multi asset 0.47 ∗∗∗ (3.05) 0.16 (1.04) 0.13 (0.86) 0.21 (1.36) 0.23 ∗∗∗ (3.00) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ratios, most notably for value in currencies. We apply only

the zero return screen (“Zero return screen”), with results

being very similar to the baseline. We test robustness with

respect to outliers (coming, for example, from measure-

ment errors) by trimming asset returns at their 1st and

99th percentiles (“+ Trimmed returns”), yielding generally

stronger factor premiums. As a potential spurious assign-

ment of dividends or coupons would typically be to year-

ends, we also show robustness of the global factor pre-

miums by reporting Sharpe ratios by quarter. The findings

align with those in Table 4 , with factor premiums being

generally significant over most quarters and not originat-

ing solely in the fourth quarter (“Q4”) or any of the other

quarters. Further, for any spurious effects of capital dis-

tributions, we would expect them to be captured by the

seasonality factor. Consequently, we report spanning al-

phas over the seasonality (and all other factors) separately.

These spanning alphas generally align with the results in

Table 4 . Overall, the findings that most global factor pre-

miums are significantly different from zero are robust with

regard to the above variations, with Sharpe ratios generally

being close to the baseline results and most of the tests

yielding significant Sharpe ratios. 
15 
In addition to our data filters, we conduct two tests that 

control the impact of potential data biases on specific fac- 

tors premiums: trend, momentum, value, and seasonality. 

First, we include a one-month or three-month implemen- 

tation lag on the factor signals, which removes any im- 

pact from the use of the average of high and low prices 

over a month on trend or momentum and spuriously in- 

flated prices on value. This lag is on top of the one-month 

lag for trend and momentum in the baseline results. Ta- 

ble OC3 in Online Appendix C shows that trend, momen- 

tum, and value factor premiums remain generally signifi- 

cant (with currency value remaining weak) when impos- 

ing these implementation lags. Second, we exclude capi- 

tal distributions such as dividends and coupons from re- 

turns for the seasonality factor, which removes the im- 

pact of possible spurious assignment of payouts on this 

factor. Seasonality factor premiums are robust to this con- 

trol, with premiums in spot returns dropping over the pre- 

sample period for equities, bonds, and currencies, but re- 

maining significantly positive for all but currencies. These 

results also reveal that a substantial part of seasonality 

factor premiums is driven by seasonal patterns in capital 

distributions. 
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In summary, our conclusions on the hypotheses are ro-

bust for different data filters and controls, and they do

not critically depend on one specific historical period or

on specific quarters during the year. Our findings thus are

unlikely to be a spurious result driven by lower historical

data quality. 

3.4.4. Survivorship bias 

In this study, we choose to focus on the main mar-

kets in each asset class based on what can be assessed to-

day, thereby ignoring the smaller markets. Most of these

smaller markets were generally of lesser importance for

investors and, hence, this choice prevents us from find-

ing factor premiums that would have been of small im-

portance economically. Nevertheless, some of these mar-

kets could have been more relevant historically, possibly

creating a look-ahead or survivorship bias, as described in

Banz and Breen (1986) and Brown et al. (1995) . For exam-

ple, Belgium, Austria (or Austria-Hungary), and Russia used

to be important financial centers (representing over 10% of

the world equity market capitalization in 1900) that have

become of substantially smaller in importance nowadays

(see, e.g., Goetzmann and Huang 2018 ). 21 In the years af-

ter the Russian Revolution in 1917, stock prices in Russia

dropped by close to 100%. That said, it is not directly clear

in which direction a survivorship bias would influence our

results, as factor strategies take dynamic long and short

positions over time. Goetzmann and Kim (2018) analyze

the equity indices in Global Financial Data for survivorship

bias in a long-only setting that is arguably more exposed

to survivorship bias (i.e., crashes and rebounds) and show

that this is at best a minor concern. Further, our results are

generally robust across ten-year subperiods (including the

recent subperiods), which suggest little impact of a poten-

tial survivorship bias. To have a more formal assessment of

the impact of a potential survivorship bias, we rerun our

baseline test with additional markets on which we could

obtain data coverage: Austria (1923–2016), Belgium (1899–

2016), and Russia (1865–1930) equity market returns, Aus-

tria bond returns (1860–2016), and Austrian currency re-

turns (1861–1998). The results present in the last column

of Table 7 , Panel B, are very similar to the baseline re-

sults, with the average Sharpe ratio increasing by 0.01 and

Sharpe ratios differences ranging between −0.08 and 0.05.

Overall, these small differences do not affect the rejection

of the null hypothesis. 22 
21 Argentina is commonly believed to have been an economy of compa- 

rable size to large European markets at the beginning of the 1900s. By 

contrast, Dimson et al. (2008) claim that several Latin American countries 

combined (including Argentina) constituted less than 1.5% of the equity 

market capitalization during the 1900s. As our data sources do not cover 

equity or bond markets in Argentina around the 1900s, we do not include 

this market in our sample. 
22 A related issue is the possibility of a delisting bias within the 

database. If large negative returns are not well established, for example, 

in case of bankruptcy or a default, such bias tends to overstate the returns 

of risky assets and understate the returns of less risky assets. For exam- 

ple, the CRSP database contained a delisting bias for many years before it 

was detected and cleaned by Shumway (1997) . This bias was most severe 

among small risky stocks, thus leading to an overestimation of the size 

premium (see Shumway and Warther 1999 ). In this study, we do not test 

a global size factor, as this is a bottom-up effect not evident across mar- 

16 
4. Economic explanations of global factor premiums 

We have offered robust evidence for the presence 

of global factor premiums using replication and out-of- 

sample testing and utilizing various methods that ac- 

count for p-hacking. In this section, we turn to insights 

into potential explanations of these global factor premi- 

ums. In line with, among others, Koijen et al. (2018) and 

Keloharju et al. (2016) , we consider common variation and 

explanations related to market risk, downside risk, and 

macroeconomic risks. 23 To this end, we exploit the power 

of our full sample period, ranging from 1800 to 2016, as 

a deep sample allows for a more powerful identification 

of explanations that relate to relatively infrequent observa- 

tions, such as severe market corrections or macroeconomic 

risks. 

4.1. Market risk and common variation 

The Sharpe ratios for the factors shown in 

Section 3 measure return per unit of risk, but they 

do not account for exposures to traditional asset classes. 

If the factor returns can be explained by correlation to 

traditional global markets, they are redundant, even if they 

have an economically significant Sharpe ratio. To adjust 

for these market exposures, we start by displaying the 

appraisal ratios, or Jensen’s alpha divided by the residual 

volatility, for each of the factor–asset class combinations, 

for which we adjust the factor return series for exposures 

to market risks, in Table 8 , Panel A. The results from 

these appraisal ratios are similar to those based on Sharpe 

ratios, with currency value and BAB outside equities being 

insignificant. These results indicate that none of the global 

return factors is strongly correlated to global asset class 

risks. 

We continue in the next step by showing the average 

pairwise monthly return correlations (Panel B of Table 8 ). 

The average correlation of each factor across asset classes 

is close to zero, with only BAB (0.03) and trend (0.07) hav- 

ing significant correlations. A similar picture emerges for 

the average correlation for factors within an asset class, 

with values ranging from insignificant 0.01 (commodities) 

to significant but small 0.08 (currencies) or 0.09 (equi- 

ties). Furthermore, most individual correlation coefficients 

between each factor–asset class series are close to zero, 

as shown in Online Appendix Table OB3 (containing the 

entire correlation matrix). From this perspective, most of 

the 24 global return factors are unique drivers of return 

that share little common variation. The main exceptions 

are trend and momentum, which correlate positively (0.55 
kets. A possible delisting bias in general overstates the returns of risky 

assets thus leading to a potential underestimation of the BAB premium. 

That said, we observe few delistings in our database and, in such special 

cases, observe extreme negative returns that align with more anecdotical 

sources (for example, in the case of German and Japan debt restructurings 

and Russian equity markets following the Russian Revolution). 
23 Another explanation offered for many of the global factor premi- 

ums is market or funding liquidity risk (see, e.g., Asness et al. 2013 and 

Koijen et al. 2018 ). Due to the limited availability of deep historical data 

on the measures used in these studies, we do not examine such explana- 

tions in this paper. 
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Table 8 

Market risk, common variation, and global return factors. 

The table summarizes the market risk and common variation of the global return factors. Panel A shows annualized Jensen (1968) alphas divided by 

their residual volatilities (i.e., appraisal ratio), relative to global excess equity, bond, currency, and commodity market returns. Panel B contains the average 

pairwise monthly return correlations across the four asset classes (“Factor”) and per asset class or their equally weighted multi-asset aggregation (“Asset 

class”). Panel C shows the results of spanning tests for each factor return series per asset class on all other factor return series and the four market factors. 

Shown is the (annualized) intercept divided by its residual volatility. The sample starts in January 1800 and ends in December 2016 and is at the monthly 

frequency. Numbers in parentheses indicate t -values. Asterisks are used to indicate significance at a 10% ( ∗), 5% ( ∗∗), or 1% ( ∗∗∗) level. BAB = betting against 

beta. FX = currencies. 

Panel A: Jensen’s alpha 

Appraisal ratio Trend Momentum Value Carry Seasonality BAB 

Equities 0.81 ∗∗∗ 0.58 ∗∗∗ 0.23 ∗∗∗ 0.60 ∗∗∗ 0.54 ∗∗∗ 0.38 ∗∗∗

(11.95) (8.54) (3.37) (8.79) (7.88) (5.58) 

Bonds 0.58 ∗∗∗ 0.23 ∗∗∗ 0.20 ∗∗ 0.53 ∗∗∗ 0.77 ∗∗∗ 0.05 

(8.61) (3.36) (2.44) (7.73) (11.20) (0.71) 

Commodities 0.65 ∗∗∗ 0.61 ∗∗∗ 0.24 ∗∗∗ 0.25 ∗∗∗ 0.48 ∗∗∗ 0.04 

(7.64) (7.14) (2.79) (2.89) (5.56) (0.46) 

FX 0.38 ∗∗∗ 0.27 ∗∗∗ 0.10 0.49 ∗∗∗ 0.29 ∗∗∗ 0.03 

(5.56) (3.87) (1.16) (7.09) (4.21) (0.43) 

Multi asset 1.02 ∗∗∗ 0.71 ∗∗∗ 0.29 ∗∗∗ 0.89 ∗∗∗ 0.98 ∗∗∗ 0.25 ∗∗∗

(14.99) (10.40) (4.33) (13.15) (14.38) (3.70) 

Panel B: Average pairwise correlations 

Trend Momentum Value Carry Seasonality BAB 

Factor 0.07 ∗∗∗ 0.03 0.01 0.01 0.01 0.03 ∗

CAN WE ADD AN EMPTY ROW ABOVE THIS ROW? Equities Bonds Commodities FX Multi asset 

Asset class 0.09 ∗∗∗ 0.03 0.01 0.08 ∗∗∗ 0.07 ∗∗∗

Panel C: Spanning tests - intercept dividend by residual volatility 

Trend Momentum Value Carry Seasonality BAB 

Equities 0.38 ∗∗∗ 0.14 ∗∗ 0.18 ∗∗∗ 0.35 ∗∗∗ 0.40 ∗∗∗ 0.13 ∗

(5.56) (2.02) (2.59) (5.13) (5.84) (1.85) 

Bonds 0.33 ∗∗∗ −0.08 0.32 ∗∗∗ 0.23 ∗∗∗ 0.67 ∗∗∗ −0.05 

(4.90) ( −1.23) (3.88) (3.37) (9.81) ( −0.66) 

Commodities 0.35 ∗∗∗ 0.39 ∗∗∗ 0.53 ∗∗∗ 0.08 0.37 ∗∗∗ 0.03 

(4.16) (4.61) (6.15) (0.97) (4.35) (0.31) 

FX 0.24 ∗∗∗ −0.03 0.15 ∗ 0.23 ∗∗∗ 0.15 ∗∗ −0.01 

(3.60) ( −0.38) (1.85) (3.37) (2.24) ( −0.15) 

Multi asset 0.62 ∗∗∗ 0.18 ∗∗∗ 0.54 ∗∗∗ 0.49 ∗∗∗ 0.64 ∗∗∗ 0.06 

(9.19) (2.63) (7.91) (7.19) (9.38) (0.88) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

for the multi-asset factor series). Both correlate negatively

with value. 

To show the added value of each of the factors, we

regress its monthly time series on the 23 other return se-

ries and four market factors (as in Panel A). To explore

the maximum sample period that is available for each re-

turn factor, we impute missing values of independent vari-

ables with the projection of an independent variable on

the other independent variables, following Berk and Van

Binsbergen (2015) . 24 The intercept of this regression can be

interpreted as an expansion of the mean-variance efficient

frontier with respect to the other factors (see De Roon and

Nijman 2001 ) and hence is a test of the unique added

value of each of the 24 global factor premiums. We scale

these (annualized) intercepts by their residual volatilities

for ease of comparison with previous tables and Panel A.
24 We have verified that alternative approaches for imputing missing 

values, such as replacing missing values by their sample average or pre- 

dictive mean matching ( Rubin, 1986 ; Little, 1988 ), yield very similar re- 

sults. 

17 
Table 8 , Panel C, shows the results from these spanning re- 

gressions. 

In line with the results from Panels A and B, most 

(scaled) intercepts are significantly positive, with the main 

exception being BAB. BAB in equities has a significantly 

positive intercept only at the 10% significance level, and 

BAB loses significance at the multi-asset level. 25 Further- 

more, value gains substantially in significance with a 

multi-asset scaled intercept of 0.54 ( t -value = 7.91), com- 

pared with 0.29 ( t -value = 4.33) in Panel A, and appraisal 

ratios for value for all asset classes are statistically signifi- 

cant in Panel C. Bond value and commodity value now ex- 

hibit higher factor premiums with t -statistics well exceed- 

ing 3.00, driven by the negative correlation with trend and 
25 These results suggest long positions to most of the global return fac- 

tors in optimal asset allocations. To check this, we have evaluated optimal 

long-only mean-variance asset allocations to traditional asset classes and 

the multi-asset combinations of the global return factors. Our findings 

reveal high allocation weights to each of the multi-asset factors except 

for cross-sectional momentum and BAB. To save space, we do not report 

these results separately. 
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momentum. Further, currency value becomes significant at

the 10% level. In other words, the factor premiums gener-

ally have higher t -statistics once controlling for other fac-

tors. 

As trend and momentum are highly correlated, an im-

portant question is how these factors span each other.

Moskowitz et al. (2012) report that over the period 1985

to 2009 trend factors subsume the momentum factors. Re-

cently, Goyal and Jegadeesh (2018) put these results in

a different perspective by arguing that the dominance of

trend over momentum is driven by the time-varying net

long investment of the trend factor in assets with pos-

itive premiums and, when controlling for these effects,

trend’s dominance over (cross-sectional) momentum dis-

appears. An important part of the difference between trend

and momentum is a static effect (i.e., being on average

long in assets with average positive premiums), which ar-

guably is not a reflection of factor premiums. To control

for such static effects, we have added each asset class’s

return in our spanning regressions. Confirming Goyal and

Jegadeesh (2018) , we find relatively little evidence for

the dominance of trend over (cross-sectional) momen-

tum, with significant scaled intercepts for trend in all as-

set classes and momentum in equities, commodities, and

multi asset. 26 

4.2. Downside risk 

A large and growing literature considers whether

various return anomalies compensate investors for

downside or crash risk. For example, Doskov and

Swinkels (2015) show that the currency carry factor

is exposed to crash risk, and Koijen et al. (2018) show

that downside risk captures a part of the carry return

in fixed income and commodity markets. In this section,

we consider downside risk explanations via the downside

risk capital asset pricing model (DR. CAPM) of Bawa and

Lindenberg (1977) . When the DR. CAPM holds, assets

with higher downside betas have higher expected returns.

Another way to interpret downside risk is as a conditional

risk factor based on falling markets, also referred to as

downstate beta. 

Recently, Lettau et al. (2014) have used the DR. CAPM

model and find that the carry factor has higher down-

side beta compared with the regular beta. Degrees of free-

dom in testing downside beta are the thresholds at which

downside returns start to count and the choice of bench-

mark return. Typical choices are zero, or lower thresh-

olds deeper into the left tail of the return distribution,

with threshold and equity market as benchmark. Further-

more, a common challenge when estimating downside risk

exposures and premiums is the general reduction in the

number of observations in the left tail ( Post and Van
26 These results critically depend on including the asset class returns 

in the spanning regression. When omitting the asset class returns, we 

find more evidence supporting trend factors subsuming momentum fac- 

tors [similar to Moskowitz et al.(2012) over the 1985–2009 period], with 

scaled intercepts on the cross-sectional momentum in bonds, currencies, 

and multi asset being statistically indistinguishable from zero and scaled 

intercepts on trend factors being significantly positive in all asset classes. 

18 
Vliet, 2006 ). Market crashes do not happen very often. For 

example, Lettau et al. (2014) use a threshold of −1 stan- 

dard deviation of the equity market return, which results 

in 55 monthly observations out of 435 in their 1974–2010 

sample (87% of all observations are excluded). In our 217- 

year sample, we have many more such events, allowing us 

to rigorously examine the hypothesis that downside risk 

explains the premiums on the global return factors. For ex- 

ample, we have 43 years of equity bear markets and 218 

downside market states in the case of a threshold of −1 

standard deviation of the equity market return. This rel- 

atively large number of observations also enables us to 

study downside risk even further into the left tail of the 

distribution. 

We apply both the CAPM and the DR. CAPM using the 

settings used in Lettau et al. (2014) . Table 9 summarizes 

the results. Shown are the CAPM and DR. CAPM alphas, as 

well as their t-values, sorted according to their downside 

equity market betas. Fig. 2 depicts the excess return versus 

beta (Panel A) or downside beta (Panel B) of each global 

return factor. Overall, the average downside beta is very 

similar to the regular beta, with differences not larger than 

0.10. Focusing on individual global return factors, seasonal 

and momentum for equities and bonds and value and carry 

for currencies have the highest increase in downside beta, 

the latter in line with the results of Koijen et al. (2018) and 

Lettau et al. (2014) . Still, downside risk explains at best a 

small fraction of momentum and carry profits, with, for 

example, a difference of 0.04 between the downside beta 

and regular beta for the multi-asset combination, reduc- 

ing the alpha by a marginal 0.14%. In Online Appendix B, 

Table OB4, we further show the sensitivity of the down- 

side beta results to using a zero return cutoff or using 

equity crash betas (i.e., with the threshold deeper in the 

left tail). Moreover, Baltussen et al. (2012) show that the 

stock-level value premium is exposed to downside risk in 

both equity and bond markets. Consequently, we also con- 

sider conditioning on bond market movements in Table 

OB4. Overall, these results are similar to the above, with 

downside risk explaining at best a part of the global factor 

premiums. 

We estimate the risk premiums attached to beta or 

downside beta using the Fama and MacBeth (1973) ap- 

proach and find that the price of beta as obtained in the 

cross section of global return factors is of the wrong sign 

( −0.02) and insignificant ( t -value = −0.21), as also evident 

from the flat line in Fig. 2 . When beta is replaced by down- 

side beta in the Fama and MacBeth regressions, we find an 

(unreported) insignificant cross-sectional risk premium of 

0.40% ( t -value = 0.60). Moreover, instead of estimating the 

risk premium, we can infer it from the data as the time 

series average equity premium (3.05%). Using this risk pre- 

mium, the downside beta required to bring the average 

global factor return (3.94%) to zero would be above 1.25. 

This is a very high downside beta not observed for any of 

the factors in the full sample (for example, the maximum 

tail beta shown in Online Appendix B is 0.23). Moreover, 

we do not observe such large downside betas for any of 

the 24 global return factors when considering any ten-year 

sample period (unreported for the sake of brevity). Based 

on these long-run sample results, we conclude that down- 
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Table 9 

Downside risk and global return factors. 

The table shows the results of the downside risk analysis of the global return factors. Shown are the regular capital asset pricing model (CAPM) beta ( β), 

downside beta ( β−), (annualized) CAPM alpha ( α, in percent), and downside risk CAPM (DR. CAPM) alpha ( α− , in percent) for each factor per asset class 

and the equally weighted multi-asset aggregation The downside beta is calculated with respect to the excess return of the equity market portfolio and uses 

−1 standard deviation as the threshold. The table is sorted on the difference between downside beta ( β−) and regular CAPM beta ( β). The sample starts 

in January 1800 and ends in December 2016 and is at the monthly frequency. Numbers in parentheses indicate t -values. Asterisks are used to indicate 

significance at a 10% ( ∗), 5% ( ∗∗), or 1% ( ∗∗∗) level. FX = currencies. 

Factor, asset class α− β− α− - β− α ( t -statistic) ( t -statistic) 

Momentum Bonds 0.11 0.04 0.07 2.33 ∗∗∗ (3.10) 2.06 ∗∗∗ (2.72) 

Value FX −0.02 −0.07 0.05 1.34 (1.43) 1.05 (1.12) 

Seasonal Bonds 0.08 0.03 0.05 8.73 ∗∗∗ (11.42) 8.52 ∗∗∗ (11.12) 

Seasonal Equities 0.04 0.01 0.04 5.47 ∗∗∗ (8.00) 5.34 ∗∗∗ (7.81) 

Momentum Equities 0.03 0.00 0.03 5.86 ∗∗∗ (8.61) 5.75 ∗∗∗ (8.45) 

Carry FX 0.03 0.00 0.03 5.62 ∗∗∗ (7.29) 5.51 ∗∗∗ (7.15) 

Carry Bonds 0.09 0.06 0.03 5.64 ∗∗∗ (7.67) 5.53 ∗∗∗ (7.52) 

Carry Equities 0.06 0.04 0.02 5.94 ∗∗∗ (8.66) 5.85 ∗∗∗ (8.52) 

BAB Equities −0.05 −0.07 0.02 2.91 ∗∗∗ (5.55) 2.86 ∗∗∗ (5.45) 

Trend Commodities 0.10 0.08 0.02 6.94 ∗∗∗ (7.84) 6.88 ∗∗∗ (7.77) 

Momentum Commodities 0.00 −0.01 0.01 6.47 ∗∗∗ (7.28) 6.43 ∗∗∗ (7.24) 

Value Equities −0.02 −0.01 −0.01 3.25 ∗∗∗ (4.67) 3.29 ∗∗∗ (4.73) 

Carry Commodities 0.04 0.05 −0.01 4.80 ∗∗∗ (4.93) 4.84 ∗∗∗ (4.97) 

Trend Equities 0.09 0.10 −0.01 8.98 ∗∗∗ (12.06) 9.02 ∗∗∗ (12.11) 

BAB Bonds 0.01 0.02 −0.01 0.49 (0.94) 0.53 (1.02) 

Momentum FX −0.01 0.01 −0.01 3.21 ∗∗∗ (4.09) 3.26 ∗∗∗ (4.15) 

BAB Commodities −0.03 −0.01 −0.02 0.46 (0.59) 0.55 (0.71) 

Seasonal Commodities −0.07 −0.05 −0.02 5.09 ∗∗∗ (5.74) 5.20 ∗∗∗ (5.86) 

Trend Bonds −0.05 −0.02 −0.02 6.72 ∗∗∗ (8.46) 6.80 ∗∗∗ (8.56) 

Seasonal FX 0.00 0.03 −0.03 3.08 ∗∗∗ (4.04) 3.18 ∗∗∗ (4.17) 

Value Commodities −0.07 −0.03 −0.05 2.51 ∗∗∗ (2.80) 2.67 ∗∗∗ (2.98) 

BAB FX −0.03 0.02 −0.05 0.16 (0.40) 0.29 (0.72) 

Trend FX 0.05 0.11 −0.06 4.75 ∗∗∗ (5.69) 4.98 ∗∗∗ (5.96) 

Value Bonds −0.10 −0.03 −0.08 2.55 ∗∗ (2.56) 3.00 ∗∗∗ (2.99) 

Momentum, multi asset 0.07 0.03 0.04 7.86 ∗∗∗ (10.44) 7.71 ∗∗∗ (10.23) 

Carry, multi asset 0.09 0.05 0.04 9.74 ∗∗∗ (13.23) 9.60 ∗∗∗ (13.03) 

Seasonal, multi asset 0.04 0.01 0.02 10.62 ∗∗∗ (14.52) 10.54 ∗∗∗ (14.41) 

BAB, multi asset 0.06 0.08 −0.02 1.95 ∗∗∗ (3.87) 2.03 ∗∗∗ (4.01) 

Value, multi asset −0.07 −0.04 −0.03 4.14 ∗∗∗ (5.55) 4.27 ∗∗∗ (5.72) 

Trend, multi asset −0.06 −0.01 −0.05 12.79 ∗∗∗ (15.01) 12.97 ∗∗∗ (15.22) 

Fig. 2. Downside risk and global factor premiums. The figure shows regular and downside betas versus the average return on the global factors. Panel A 

shows the regular beta (Beta), and Panel B shows the downside beta (Beta-). The sample runs from 1800 until 2016 and is at the monthly frequency. 

 

 

 

 

27 For example, the Merton (1973) intertemporal capital asset pricing 

model stipulates that in a risk-averse economy any variable that affects 

the set of future investment opportunities or the level of consumption 

earns a risk premium. Macroeconomic variables should be high up on 
side market risk does not materially explain global factor

premiums. 

4.3. Bad states and macroeconomic risk 

Risk-based explanations of asset pricing anomalies ar-

gue for time variation in their expected returns related

to time variation in their risks or risk premiums, aspects
19 
that can be expected to relate to macroeconomic or mar- 

ket conditions ( Chen et al., 1986 ; Fama and French, 1989 ; 

Ferson and Harvey, 1991 ). 27 A major advantage of our ex- 
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Table 10 

Global return factors in good and bad states. 

The table summarizes the historical performance of global return factors across various good and bad states based on macroeconomic and market 

subperiods. Subperiods examined are at the annual frequency and include recession and non-recession, global crisis and noncrisis, and bear and bull equity 

markets. Shown are historical (annualized) return per macroeconomic state for each factor–asset class combination and the equally weighted multi-asset 

combinations across the four asset classes. The column “Difference” contains the differential factor returns between bad and good states. The final row 

(“Panel”) contains the aggregate impact estimated using panel regressions across all global return factors. The panel regression include index fixed effects 

and standard errors clustered by date. The sample starts in January 1800 and ends in December 2016 and is at the monthly frequency. Bold numbers 

indicate significance at the 5% level. FX = currencies; BAB = betting against beta. 

Factor and asset class Recession Expansion Difference Crisis Non-crisis Difference Bear market Bull market Difference 

Trend Equities 8.30 9.66 −1.36 9.70 9.04 0.66 8.98 9.27 −0.29 

TrendBonds 6.90 6.28 0.62 5.03 6.95 −1.92 8.54 5.79 2.75 

TrendCommodities 8.88 4.98 3.90 4.78 7.30 −2.51 8.05 6.06 1.99 

TrendFX 4.18 5.17 −0.99 5.88 4.50 1.39 5.54 4.59 0.95 

Momentum Equities 6.33 5.57 0.76 6.55 5.60 0.94 5.47 5.95 −0.48 

Momentum Bonds 2.29 2.63 −0.34 −0.59 3.49 −4.08 −0.09 3.39 −3.48 

Momentum Commodities 6.47 6.33 0.14 4.70 7.14 −2.44 7.66 6.01 1.65 

Momentum FX 2.31 3.79 −1.48 3.38 3.25 0.13 3.01 3.38 −0.37 

Value Equities 5.24 0.59 4.65 2.30 2.14 0.16 4.31 1.45 2.86 

Value Bonds 1.70 2.89 −1.19 1.75 2.70 −0.95 2.73 2.31 0.42 

Value Commodities 2.05 2.76 −0.71 5.73 1.02 4.71 3.33 2.22 1.11 

Value FX 0.29 1.43 −1.14 0.41 1.21 −0.80 −1.72 1.78 −3.50 

Carry Equities 7.88 5.16 2.72 2.51 7.21 −4.70 5.34 6.34 −1.00 

Carry Bonds 7.67 4.95 2.72 3.78 6.56 −2.77 4.56 6.34 −1.78 

Carry Commodities 3.79 1.84 1.95 0.56 3.58 −3.02 4.12 2.18 1.94 

Carry FX 4.15 6.39 −2.24 1.46 6.90 −5.44 4.95 5.85 −0.90 

Seasonality Equities 6.42 5.07 1.35 3.53 6.16 −2.63 5.86 5.42 0.44 

Seasonality Bonds 10.91 7.71 3.20 5.33 9.93 −4.59 6.93 9.46 −2.53 

Seasonality Commodities 7.86 2.91 4.94 4.24 5.14 −0.91 9.18 3.57 5.61 

Seasonality FX 2.99 3.39 −0.39 2.66 3.43 −0.77 5.37 2.53 2.84 

BAB Equities 2.92 3.25 −0.33 2.54 3.32 −0.78 1.11 3.83 −2.72 

BAB Bonds 0.27 0.55 −0.29 1.10 0.25 0.85 −0.08 0.64 −0.71 

BAB Commodities −1.78 2.61 −4.39 0.34 1.10 −0.76 −1.53 1.57 −3.10 

BAB FX −0.69 0.99 −1.68 1.65 −0.03 1.68 −0.68 0.73 −1.41 

Trend, multi asset 13.17 12.51 0.65 12.42 12.83 −0.42 14.45 12.15 2.30 

Momentum, multi asset 7.94 7.95 −0.01 6.58 8.38 −1.81 6.53 8.43 −1.90 

Value, multi asset 4.28 2.37 1.91 4.54 2.55 1.99 3.36 2.91 0.44 

Carry, multi asset 11.57 9.07 2.50 4.30 11.69 −7.39 9.01 10.23 −1.22 

Seasonality, multi asset 13.40 9.31 4.09 7.63 11.67 −4.05 12.32 10.16 2.17 

BAB, multi asset 0.60 3.09 −2.48 2.73 2.09 0.64 −0.24 3.08 −3.32 

Panel 4.86 5.17 −0.31 4.77 5.27 −0.50 5.65 4.91 0.74 

 

 

 

 

 

 

 

 

 

 

tended sample (resulting from more than two hundred

years of data) is the presence of many observations within

and across various economic and market regimes (e.g., re-

cessions and crisis episodes). A sample based on the past

few decades could be biased, given that they were ex-

ceptional (no major wars, growing global prosperity, and

only a few large recessions or periods of social unrest),

which severely limits the number of bad states. Our ex-

tensive multi-century sample contains many bear markets

(43 years) and recessions (74 years). It therefore allows us
the list of candidates, because they impact the cash flows of many agents 

in the real economy simultaneously, typically impact the real investment 

opportunities available (for example, via government stimulus), and co- 

vary with risk appetite in the markets. Further, papers by, among oth- 

ers, Fama and French (1989) and Ferson and Harvey (1991) argue that 

expected business conditions are fundamental drivers of time variation in 

expected risk premiums. 

20 
to examine and describe in greater depth to what extent 

the global factor premiums can be explained with macroe- 

conomic risk. 

Many approaches have been used in the literature 

to examine sensitivity to, and pricing of, macroe- 

conomic risks. Following Griffin et al. (2003) and 

Keloharju et al. (2016) , we comprehensively examine 

macroeconomic risk explanations of the global factor 

premiums using two approaches. First, we divide periods 

into good and bad states and examine the pricing of global 

return factors over each. Second, we examine macroeco- 

nomic risk exposures and pricing using an unconditional 

approach, in the spirit of Chen et al. (1986) . 

To examine the pricing of global return factors over 

good and bad states, we construct indicators of each mar- 

ket state and compute contemporaneous average annual 

factor returns for each state, as well as the return differ- 
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Table 11 

Macroeconomic risks and global return factors. 

The table summarizes the explanatory power of macroeconomic risk for the global return factors using methods outlined in 

Griffin et al. (2003) . We explain returns to each global return factor, regressing the returns on global macroeconomic variables. The 

macroeconomic variables are as in Chen et al. (1986) : industrial production growth (MP), term premium (UTS), change in expected 

inflation (DEI), and unexpected inflation (UI). The coefficients and annualized intercept of the regression are shown in the table. We 

combine the resulting loadings against macroeconomic risks with estimates of risk premiums of these risks (estimated using Fama 

and MacBeth on all global return factors) to get the predicted return originating from an unconditional macroeconomic risk model 

(“Predicted”). The table further contains the historical average annual return (“Actual”) and the differences with predicted returns 

(i.e., the unexplained return; “Difference”). The sample starts in February 1869 and ends in December 2016 and is at the monthly 

frequency. Bold numbers indicate significance at the 5% level. FX = currencies; BAB = betting against beta. 

Factor and factor class MP UTS DEI UI Intercept (annualized) Actual Predicted Difference 

Trend Equities 0.01 0.01 −0.11 −0.01 9.74 10.21 0.89 9.32 

Trend Bonds −0.03 −0.07 0.49 −0.01 9.27 7.87 1.53 6.34 

Trend Commodities 0.00 0.07 0.48 −0.01 6.00 6.52 1.46 5.05 

Trend FX −0.01 0.13 −0.36 −0.02 4.59 5.49 −0.57 6.06 

Momentum Equities 0.01 −0.03 0.14 0.00 7.21 7.54 1.64 5.90 

Momentum Bonds 0.05 −0.15 0.13 −0.02 2.57 3.77 6.61 −2.83 

Momentum Commodities 0.03 0.01 0.17 −0.01 5.13 6.39 3.03 3.32 

Momentum FX −0.01 0.10 0.04 −0.01 3.44 3.93 −0.40 4.35 

Value Equities −0.02 −0.09 0.07 0.00 4.56 3.23 0.28 2.95 

Value Bonds −0.05 0.11 −0.54 0.00 3.58 2.41 −5.19 7.70 

Value Commodities −0.01 0.04 −0.51 −0.01 2.24 2.47 −0.75 3.18 

Value FX 0.01 −0.08 0.13 0.00 1.04 0.96 1.63 −0.68 

Carry Equities 0.03 −0.14 −0.16 −0.02 6.49 6.83 4.61 2.22 

Carry Bonds 0.03 −0.02 −0.04 −0.03 5.95 7.34 4.39 2.94 

Carry Commodities −0.01 0.06 0.05 −0.01 2.41 2.63 0.29 2.33 

Carry FX 0.01 −0.09 0.30 0.00 5.80 5.57 2.69 2.88 

Seasonality Equities 0.00 −0.15 −0.19 −0.03 6.85 6.17 3.85 2.32 

Seasonality Bonds 0.05 −0.25 −0.32 −0.03 8.66 9.25 7.61 1.68 

Seasonality Commodities 0.00 −0.03 −0.17 0.01 5.27 4.86 −1.00 5.87 

Seasonality FX 0.00 −0.07 0.12 −0.02 2.42 2.34 3.63 −1.30 

BAB Equities 0.01 0.16 0.08 −0.03 2.82 4.71 1.77 2.94 

BAB Bonds −0.02 0.06 −0.12 −0.01 0.60 0.21 −1.62 1.83 

BAB Commodities 0.01 0.06 −0.03 −0.01 −0.12 0.86 1.15 −0.33 

BAB FX 0.00 0.05 −0.09 −0.03 −0.42 0.56 2.39 −2.14 

Trend, multi asset −0.02 0.07 0.19 −0.02 14.70 14.92 1.31 13.61 

Momentum, multi asset 0.04 −0.03 0.23 −0.02 9.02 10.68 5.40 5.28 

Value, multi asset −0.03 −0.01 −0.35 −0.01 5.73 4.47 −2.06 6.54 

Carry, multi asset 0.03 −0.10 0.07 −0.03 10.25 11.15 6.18 4.97 

Seasonality, multi asset 0.02 −0.25 −0.26 −0.04 11.51 11.25 7.25 4.00 

BAB, multi asset 0.00 0.17 −0.08 −0.03 1.63 3.16 1.31 1.85 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ence between the states. The market states, or regimes,

that we examine are constructed per calendar year and

are 

• Recession versus expansionary periods, with calendar

years marked as recessionary when at least six months

of a calendar year are in a recession and as expansion-

ary otherwise. Our sample has 74 recession and 143 ex-

pansion years. 

• Global crisis versus noncrisis periods, with calendar

years marked as crisis (noncrisis) when the Rogoff and

Reinhart Banking Currency Default Inflation (BCDI) in-

dicator is above (below) 50. Our sample has 52 (165)

crisis (noncrisis) years. 

• Equity bull versus bear market periods, because one

could argue that the equity markets provide a forward-

looking assessment of macroeconomic conditions. We

mark calendar years as a bull (bear) market when the

calendar year global equity return series were positive
21 
(negative). Our sample has 43 (174) bear (bull) market 

years. 

If the global factor premiums are driven by macroe- 

conomic risks, one would expect their returns to be es- 

pecially strong in bad states. Overall, as summarized in 

Table 10 , most global return factors do not display stronger 

returns during bad states (i.e., recessions, crises, and bear 

markets). The most notable exceptions are trend in com- 

modities, value in equities, and seasonality in bonds and 

commodities, which have significantly higher returns dur- 

ing recession periods. These findings do not persist in cri- 

sis periods and returns are, except for value in equities, 

also significant during expansion or bull markets. The last 

row of Table 10 examines the common effects of macroe- 

conomic states on all global factor premiums jointly, using 

a panel regression (with asset class–factor fixed effects and 

date-corrected standard errors). The results confirm signif- 
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icant global factor returns across all states and reveal no

significant variation across states. 28 

Our second analysis examines exposures to, and uncon-

ditional pricing of, macroeconomic factors. To this end, we

construct the most widely used Chen et al. (1986) factors

for our global sample using monthly data: log changes in

industrial production [MP; as in Chen et al. (1986) led by

one month], term spread (UTS), changes in expected infla-

tion (DEI), and unexpected inflation (UI). 29 We regress the

time series of each global return factor on these macroe-

conomic variables and obtain coefficients and intercepts.

Our sample starts in February 1869 due to the availability

of deep historical inflation data. Table 11 summarizes the

results. If global factor premiums are driven by macroe-

conomic risk, then they should exhibit significant sensi-

tivity to the factors proposed by Chen et al. (1986) . Our

findings reveal that the global macroeconomic variables

are generally not related to global factor returns or sub-

ject to the wrong sign, with a couple of noteworthy excep-

tions. Momen( Jordà et al., 2017 )tum and carry (value) tend

to load positively (negatively) on MP, seasonality tends

to load positively on MP and negatively on UTS and UI,

and BAB tends to load positively on UTS and negatively

on UI. Moreover, all significant global factor premiums of

Section 3 (except for value in currencies and BAB outside

equities) have intercepts that are highly significant and are

of similar magnitude to the raw returns over this sam-

ple (reported in the column “Actual”). These results sug-

gest that macroeconomic risks have very limited explana-

tory power for the global factor premiums. 

To examine risk premiums attached to each macroe-

conomic factor and to what extent they can explain the
28 In addition, we have tested the impact of investor sentiment, as in 

Keloharju et al. (2016) . Many studies argue that the significant presence 

of sentiment-driven investors can cause persistent mispricing and that 

profits on various return anomalies should be higher following high peri- 

ods of sentiment if they are a reflection of mispricing ( Baker and Wur- 

gler, 2006 ; Stambaugh et al., 2012 ). Keloharju et al. (2021) argue that 

return seasonalities are likely due to temporary mispricing. We explore 

a mispricing explanation by reconstructing the text-based market-wide 

pessimism measure of Garcia (2013) on a daily basis and extend it to 

span the 1899–2014 period (before 1899 data coverage is sparse). Subse- 

quently, we average the word measures over each month and divide our 

sample into high and low sentiment months. In the spirit of Baker and 

Wurgler (2006) and Keloharju et al. (2016) , we define high sentiment 

months as those in which the value of the market-wide pessimism index 

for the previous month is below the index’s median value for the sample 

period. The low sentiment months are those that follow above-median 

pessimism index values. Our findings reveal that global factor premiums 

are generally significantly weaker in low sentiment states and stronger in 

high sentiment states (but significantly positive in both), in line with the 

results of, among others, Stambaugh et al. (2012) , who find higher returns 

on stock-level return anomalies after periods of high sentiment. We find 

that 13 out of 24 coefficients indicate higher factor premiums after high 

sentiment months (five out of six for the multi-asset combinations), an 

effect that is strong and significant in the panel regression. 
29 We construct these measures for France, Germany, Japan, the UK, 

and the US (more details on the data can be found in the Appendix) 

and average these for a global measure. We have verified that our 

results are robust if US-specific measures are used instead. Further, 

Chen et al. (1986) show that these macroeconomic variables and the 

default premium are priced risk factors using the Fama and Mac- 

Beth (1973) regression on the cross section of US size portfolios. Akin to 

Griffin et al. , we omit the default premium, as its historical data availabil- 

ity is limited, especially outside the US. 

22 
global factor premiums, we apply the Fama and Mac- 

Beth (1973) technique on a monthly frequency with our 

global return factors as test assets. We combine the pre- 

miums with the estimated loadings to decompose the re- 

turns on the global return factors into predicted and un- 

explained components. If the Chen, Roll, and Ross factors 

suffice for explaining global factor premiums, then the dif- 

ference between the actual and predicted returns (or un- 

explained) should not be significantly different from zero. 

The empirical results show that several global return fac- 

tors have significant expected macroeconomic premiums, 

but that the unexplained return is generally more substan- 

tial and highly significant. The main exceptions are mo- 

mentum in bonds (for which the unexplained returns turn 

significantly negative) and seasonality in bonds and cur- 

rencies. This result coincides with several negative load- 

ings or negative estimated risk premiums. The risk premi- 

ums (unreported) on DEI is insignificant and on UTS and 

UI significantly negative. When imposing risk premiums to 

be positive (unreported), this result disappears. 

In summary, our tests reveal no supporting ev- 

idence of a link between macroeconomic risks and 

global factor premiums. This finding is consistent with 

Asness et al. (2013) and Koijen et al. (2018) , who report 

that value, momentum, and carry returns cannot be ex- 

plained by macroeconomic risks in their shorter samples. 

5. Conclusion 

We examine global factor premiums from three an- 

gles. First, we replicate existing studies of global factor 

premiums with a uniform factor construction methodol- 

ogy and investment universe, thus limiting the degrees of 

freedom for each individual factor. Our results are gener- 

ally similar to the published results. We examine the im- 

pact of p -hacking and introduce the novel Bayesian con- 

cept of break-even odds, the prior odds at which the 

Bayesian p -value would equal the confidence level chosen. 

These analyses reveal ambiguous replication evidence on 

the global factor premiums, with on average relatively low 

prior odds being sufficient to question the replication sam- 

ple evidence on the global factor premiums. Therefore, be- 

sides the replication, an out-of-sample analysis is needed 

to draw firm conclusions on the existence of global factor 

premiums. 

Second, we build a wide and deep sample of the global 

factor premiums, covering 217 years of data across the ma- 

jor international asset classes, which includes more than 

150 years of new and independent data. The new sam- 

ple evidence reveals that the large majority of global factor 

premiums are convincingly present from economic, statis- 

tical, and p-hacking perspectives. Sharpe ratios are on av- 

erage around 0.40 and generally persistent over time and 

are robust for variations in factor construction settings or 

data choices. Further, most t -statistics are well above 3.00, 

and break-even prior odds imply that one needs to be ex- 

tremely skeptical to disregard the deep sample evidence 

provided in this study. The global return factors generally 

have close to zero decay in performance between the repli- 

cation sample and out-of-sample period. Factor premiums 
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that are weak (strong) in the original studies are also weak

(strong) in the extended sample period. 

Third, we examine economic explanations for the global

factor premiums. Factors generally do not span each other,

and global factor premiums are not significantly explained

by downside risk, are consistently present across vari-

ous macroeconomic states, and cannot be explained by

macroeconomic risks. Consequently, our results seem hard

to reconcile with risk-based explanations, although we

have to be cautious about such an interpretation as risk ex-

posures and especially risk premiums are not directly ob-

servable. Instead, we interpret our findings as providing no

positive evidence of a relation between global factor pre-

miums and risk or of a unified explanation for the global

factor premiums. Consequently, explanations of the known

factor premiums are an important topic for future research.

Our results have strong implications for research in as-

set pricing. The literature on asset pricing theory and re-

turn predictability has often evolved separately by asset

class or factor. Most studies focus on a single asset class,

market, or factor at a time, ignoring the wide presence of

a group of return factors across asset classes. Our findings

reveal that a theory that aims to model variation in ex-

pected returns should consider multiple asset classes and

global factor premiums simultaneously. Furthermore, the

known factors are important controls for empirical studies

into new asset pricing factors. All in all, our study shows

a strong, robust, and persistent presence of economically

important global factor premiums. 

Appendix. Factor definitions, portfolio and data set 

construction 

A.1. Factor definitions 

Trend: Moskowitz et al. (2012) use a 12-month trend

measure for their sample of liquid futures contracts after

1985. We skip the last month on trend investing, as this

safeguards against potential liquidity issues that could be

especially prominent in the earlier parts of our sample. 

Momentum: We follow Asness et al. (2013) and use the

12-month minus one-month excess return as momentum

measure. We skip the last month on cross-sectional mo-

mentum investing, as this safeguards against potential liq-

uidity issues and data biases that could be at work in the

earlier parts of our sample. 

Value: For equity, we use the dividend-to-price ratio

(D/P), or dividend yield, defined as the past 12-month div-

idend payment divided by the current price. Other stud-

ies typically consider book-to-market value ratios (e.g.,

Asness et al. 2013 ), but these are not readily available

historically. For government bonds, we use the real yield,

which is defined as the ten-year bond yield over the

past one-year inflation, as in Asness et al. (2013) . For

currencies, we use an equally weighted combination of

absolute and relative purchasing power parity (PPP), as

both are tested in previous studies. 30 Absolute PPP follows
30 Menkhoff et al. (2017) describe more sophisticated currency value 

measures such as productivity, the quality of export goods, net foreign 

23 
Rogoff (1996) and Taylor (2002) . Relative PPP is a five- 

year reversal of the spot rate corrected for inflation differ- 

ences defined as in Asness et al. (2013) . For commodities, 

we use the five-year reversal in spot prices, as defined in 

Asness et al. (2013) . 

Carry: We use the carry definitions as in 

Koijen et al. (2018) . For equity, we use the excess im- 

plied dividend yield priced into the futures versus spot 

contract. This effectively captures the implied excess div- 

idend yield of an equity index for the month ahead. We 

splice these series before the existence of equity futures 

by regressing the monthly dividend yield implicit in the 

total versus price return indices on month dummies using 

the past five years of data to predict the dividend yield for 

the month ahead and subsequently subtract the risk-free 

rate. The average correlation between predicted and actual 

carry numbers over the period that both are available 

is 54%. For government bonds, we take the slope of the 

yield curve defined as the ten-year yield minus the short 

rate and omit the quantitatively smaller roll-down on 

the interest rate curve because of data limitations. For 

currencies, we use the short-term yield differential, which 

we infer from forwards and before their availability from 

short-term money market rates; for commodities, the 

slope of the futures curve. 

Seasonality: Our definition follows 

Keloharju et al. (2016) . We use the return on an asset 

in a certain month over the prior 20 years (requiring at 

least 12 months of data). Assets that did relatively well 

over a particular month in the past are likely to do rela- 

tively well in the same month going forward. For example, 

in January, the monthly equity index seasonal would buy 

those equity markets that had the best relative perfor- 

mance in January during the past 20 years and would 

short those with lowest relative January performance. 

BAB: This factor postulates that low-beta securities 

outperform high-beta securities on a beta-adjusted basis 

( Frazzini and Pedersen, 2014 ). We test this factor by es- 

timating the betas over a 36-month period (requiring at 

least 12 months of data) relative to the global asset class–

level portfolio return. The position sizes of each short and 

long leg are chosen such that the ex ante betas are the 

same, so that the excess return contains as little market 

effect as possible. 

A.2. Portfolio construction procedure 

After obtaining the factor measures per market in each 

investment universe, we construct factor investment port- 

folios at the end of every month in the following man- 

ner. For the trend factor, which is directional in na- 

ture, we go long (short) markets in each asset class 

when the trend measure is positive (negative), following 

Moskowitz et al. (2012) . For the other factors, which are all 

cross-sectional in nature, we rank the markets in each in- 

vestment universe based on the factor measure and take a 

position equal to the rank minus its cross-sectional average 
assets, and output gaps that we ignore due to limited historical data avail- 

ability. 
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(requiring a minimum of two markets to be present). This

procedure is similar to that used by Asness et al. (2013) ,

Frazzini and Pedersen (2014) and Koijen et al. (2018) .

Keloharju et al. (2016) construct their return seasonality

strategy via long the top quintile and short the bottom

quintile by time. Consequently, positions for all factors, ex-

cept trend, add up to zero at each time: 

w 

i 
t = z t ·

(
Rank 

(
S i t 

)
− N t + 1 

2 

)
, (4)

with w 

i 
t defined as the weight of asset i at time t, S i t as the

factor signal, N t as the number of assets in the cross sec-

tion, and z t as a scaling factor to ensure that the portfolio

sums to zero. 

We size positions in each market in each asset class

by its simple three-year rolling volatility estimate or

beta estimate (for BAB only), in the same spirit as

Asness et al. (2013) , Frazzini and Pedersen (2014) , and

Moskowitz et al. (2012) but fitted to our sample frequency

(i.e., monthly data). To prevent undue impact from ex-

tremely low volatility estimates (and hence keeping the

factor strategy robust from an investor’s perspective), es-

pecially in the earlier part of our sample, we floor each

volatility (beta) estimate at the maximum of the 10% quan-

tile of volatility (beta) estimates per asset class or 2.5%

(0.25), whichever is greater. 

We subsequently sum the product of position, sizes,

and market returns across markets within an asset class

for each date to generate the return on the factor strategy

per asset class. We then adjust the position sizes of each of

the factor strategies per asset class using a ten-year rolling

window such that each factor strategy–asset class combi-

nation targets an ex ante volatility of 10% per annum (an

adjustment that implicitly accounts for non-perfect corre-

lations between markets). We floor this estimate at 2.5% to

prevent extreme leverage. This approach takes an ex ante

view of portfolio construction, as available in real time. Our

results are not materially different if we simply scale by in-

sample ex post volatility, as in Koijen et al. (2018) . 

We rebalance the portfolios each month based on the

signals and volatility estimates. This methodology results

in balanced long-short portfolios that are per factor com-

parable across asset classes and that would facilitate com-

bining multiple asset classes per factor. Subsequently, we

construct the multi-asset factor portfolios by taking an

equally weighted average of factor portfolios within each

asset class and applying a scaling factor equal to the square

root of the number of factor series present. 31 

A.3. Data set construction 

We have compiled our data from several sources to

obtain a reliable and historically extensive data set. Our

sample covers 217 years of data from December 31, 1799

through December 31, 2016. We obtain the most recent
31 For the sake of simplicity, we thereby implicitly assume factor series 

are uncorrelated across an asset class. We realize that this assumption is 

sometimes at odds with the data, but we have verified that this choice 

does not materially impact our conclusions. 
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historical data on financial market prices and macroeco- 

nomic series from Bloomberg, Datastream, and the OECD 

website, and we splice these before inception with data 

from (in order of preference) Global Financial Data or 

monthly commodity futures data from Chicago Board of 

Trade (CBOT) annual reports (1877–1962) obtained from 

TwoCenturies.com, the Jordà-Schularick-Taylor Macrohis- 

tory Database, and Jeremy Siegel’s website. 

A.3.1. Equities 

We source price and return data of equity futures 

and indices from Bloomberg, Datastream, and Global Fi- 

nancial Data. Our primary source is the futures from 

Bloomberg, with gaps filled in by Datastream data and 

spliced before futures inception with index-level data, as 

in Baltussen et al. (2019) . We backfill these data with eq- 

uity index–level data downloaded from Global Financial 

Data. We obtain dividend yields from the same sources. 

For carry, we use the spot, front futures, and second fu- 

tures prices. Before we have data on futures, we recon- 

struct the monthly implied carry as if these markets had 

listed futures using the regression methodology on the dif- 

ference between total return and price indices. The mar- 

kets we consider are spread around the globe and cover 

the major developed markets with substantial data history. 

Online Appendix Table OA4 shows the construction of each 

equity series. 

A.3.2. Bonds 

We source bond futures price and return data from 

Bloomberg and splice these with bond index–level data 

from Datastream, backfilled before inception with Global 

Financial Data. From the same sources, we obtain yields 

and inflation data, the latter extended when possible with 

data from Macrohistory.net. We apply a two-month lag to 

inflation numbers to mimic their real-time availability. The 

markets we consider are the major developed bond mar- 

kets around the globe. Online Appendix Table OA5 shows 

the construction of each bond series. 

A.3.3. Currencies 

Forward and spot prices are primarily from Datastream, 

spliced with Bloomberg data and Global Financial Data. Be- 

fore the availability of forward rates, we use short rates 

from Bloomberg, Datastream, and Global Financial Data 

and, for the US, data from Jeremy Siegel. Purchasing power 

parity data are obtained from the OECD website and, be- 

fore 1971, with data from Macrohistory.net. We cover the 

major developed currency markets (G10) in our sample 

[US dollar (USD), British pound sterling (GBP), euro (EUR; 

before 1999: Belgian franc—BEF, German Deutsche mark—

DEM, Spanish peseta—ESP, French franc—FRF, Italian lira—

ITL), and Dutch guilder—NLG), Japanese yen (JPY), Swiss 

franc (CHF), Canadian dollar (CAD), Australian dollar (AUD), 

New Zealand dollar (NZD), Swedish krona (SEK), and Nor- 

wegian krona (NOK)], all versus the USD. Online Appendix 

Table OA6 shows the construction of each currency series. 

A.3.4. Commodities 

We source commodity futures price and return data 

from Bloomberg, spliced with monthly commodity futures 
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data from CBOT annual reports (1877–1962) obtained from

TwoCenturies.com. For the commodity value measure, we

use commodity spot prices from Bloomberg and Datas-

tream, spliced with spot data from Global Financial Data

and TwoCenturies.com. For carry, we use the front fu-

tures and second futures prices. We use the main contracts

based on their general usage and liquidity. Due to restric-

tions on tradability, we exclude gold as a speculative as-

set during the currency gold standard up to the end of the

Bretton Woods system (which was effectively a gold stan-

dard) in 1971. Online Appendix Table OA7 shows the con-

struction of each commodity series. 

A.3.5. Financing rates 

Our main measure for the financing rates are short-

term London Inter-bank Offered Rate (LIBOR) rates

(sourced from Bloomberg and Datastream), spliced with (in

order of usage) eurodollar rates from Datastream, short-

term Treasury bill rates and commercial paper yields from

Global Financial Data, and short rates from Macrohis-

tory.net and, for the US, with data from Jeremy Siegel.

When all are unavailable, we splice with lagged Trea-

sury bill returns. Online Appendix Table OA8 describes the

sources per market in detail. 

A.3.6. Global asset class portfolios 

For equity indices, we use the market-value weighted

portfolio of equities, spliced before its data existence in

1926 with an equal-weighted portfolio across all equity

markets included in the sample. For bonds, we use a gross

domestic product (GDP)–weighted global bond portfolio.

For currencies, we use an equal-weighted portfolio of all

currencies included in our sample versus the US dollar.

For commodities, we use an equal-weighted portfolio of all

commodity futures included in our sample. 

A.3.7. Economics 

We construct our global recession data from a splic-

ing of the OECD G7 recession indicator from the OECD

website (1960–2016), the National Bureau of Economic

Research (NBER) US recession indicator from the NBER

website (1864–1959), https://www.nber.org/research/data/

us- business- cycle- expansions- and- contractions , and the

contraction of real GDP from Global Financial Data (1800–

1863). Inflation data are described above. We obtain the

historical data on crisis periods from Carmen Reinhart and

Kenneth Rogoff, using their Banks, Currency, Default, In-

flation (BCDI) index, which starts in 1800. 32 International

macroeconomic data are from Global Financial Data and

the OECD. The Chen et al. (1986) UTS factor is constructed

as the yield on the (more than) ten-year maturity govern-

ment bond minus the three-month T-bill rate. The factor

MP is the log difference in industrial production led by one

month. Expected inflation and unexpected inflation are cal-

culated following Fama and Gibbons (1984) . 

A.3.8. Data quality 

The deep historical data tend to be of lesser quality

compared with the more recent data, as digital archives
32 See http://www.reinhartandrogoff.com/data/ . 
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and the use of indices with strong requirements on data 

processes did not exist. Data were maintained typically 

by exchanges, statistical agencies, newspapers, and investor 

annuals, often handwritten. Data quality issues that could 

be at work include 

• Misprints and other measurement errors. This could 

cause prices to be spuriously inflated, triggering poten- 

tial reversal (value) profits. 

• Reported prices that are not necessarily transaction 

prices, but bid prices, ask prices, average prices of 

the day or month, or average of daily or monthly 

high and low prices. The use of bid or ask prices 

creates artificial short-term reversal effects, and the 

use of average prices over a month creates an artifi- 

cial AR(1) process (see Working 1960 , Schwert 1990 ). 

Working (1960) shows that such time averaging does 

not induce autocorrelation beyond a one-month hori- 

zon and therefore does not preclude testing for mo- 

mentum effects, provided that one skips a month be- 

tween the end of the formation period and the begin- 

ning of the holding period. 

• Missing data, which have sometimes been solved by in- 

terpolating, or padding, prices or returns known at a 

lower frequency to the monthly frequency. For exam- 

ple, bond prices are sometimes constructed based on 

interpolated yields. 

• Timing of equity dividends and bond coupons that were 

not always known historically. As a solution, to con- 

struct return series, they have sometimes been dis- 

tributed to fixed points over the year, often year-ends. 

For equities, this can result in high returns during as- 

signed dividend months, and returns could be artifi- 

cially low on the actual ex-dividend months (as prices 

could drop to reflect the dividend payment). For bonds, 

this poses an issue when bond prices are dirty prices 

(meaning the coupon is embedded in the price), caus- 

ing artificial drops in bond prices after coupon pay- 

ments. This could especially affect the seasonality factor 

(as returns are artificially inflated at a seasonal cycle). 

• Equity indices consisting historically of a handful of 

stocks or being equal or price weighted. Consequently, 

indices are less diversified or more tilted to smaller as- 

sets. 

A.3.9. Data cleaning procedure 

We check the quality of each data series and clean for 

obvious measurement errors. We run a studentized resid- 

uals outlier test on each series to capture potential data 

errors and examine each series for jumps and outliers. 

Potential outliers were verified (by comparing the other 

data sources when possible and by searching for reasons 

for large price moves) and were corrected when due to 

a data error. Three corrections were made in pre-sample 

data points. 

1) German equities have a misprint in the total return in- 

dex on January 31, 1923, which we replaced by the total 

return based on the price return and dividend yield in 

this month. 

https://www.nber.org/research/data/us-business-cycle-expansions-and-contractions
http://www.reinhartandrogoff.com/data/
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2) Dutch government bond returns have a misprint on

November 30, 1964, which we replaced by the approx-

imation based on changes in yields times duration. 

3) Several systematic corrections were made for dividend

yields, financing rates, and bond yields, as some switch

between decimals and percentage notations. 

We compare the statistics of each series when possi-

ble with comparable series from other databases [such as

the global historical financial markets database of Dim-

son, Marsh, and Staunton (starting in 1900) and the Jordà-

Schularick-Taylor Macrohistory Database (starting in 1870),

as well as specific data series for the United States (data

of Schwert starting in 1802) and the United Kingdom (data

from John Turner)]. We find that asset class premiums are

generally of comparable magnitudes across databases and

over our pre-sample period (and subperiods) at roughly

similar levels as over our in-sample period (i.e., 1981–

2011). Further, we check each series on gaps, the level and

dynamics in the first- and second-order autocorrelations.

Series with odds patterns were removed. These include

equity returns in South Korea before 1965 and dividend

yields in Switzerland between 1918 and 1939. 

Further, we apply a number of ex ante screens on our

data series and remove data points when they do not pass

these screens (including a hyperinflation screen), as out-

lined in Section 3.1 . These screens reduce the impact of

data issues such as missing monthly data, reduced liquid-

ity or non-tradability due to currency pegs (zero return

screen), the possibility that prices or returns known at a

lower frequency have been interpolated to the monthly

frequency (return interpolation screen), and the possibil-

ity that returns are stale or update infrequently (stale re-

turn screen). These screens eliminate 13% of the pre-1980

equity observations, 46% of the bond observations, 10% of

the commodity observations, and 42% of the currency ob-

servations. The large bulk of this is due to the zero return

screen, eliminating missing bond returns and observations

subject to currency pegs. 

A.3.10. Summary statistics 

Online Appendix A contains more details about our data

set. Table OA1 summarizes the key statistics of the return

series per asset over the full sample period, the in-sample

period as proxied by approximately the earliest start date

and latest end date in Table 1 (1972–2012), and pre-sample

period (1800–1971). Shown are the start dates of each se-

ries (after the three data screens) and the average (annual-

ized) return and volatility. Table OA2 shows the start dates

of each factor series (after data screens), and Table OA3 re-

ports the start dates of each individual market return (be-

fore data screens), value, and carry series. Figs. OA1 to OA4

show the historical monthly returns on each return series

used in the main text of the paper, with the included sam-

ple periods shaded in gray. 
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