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Abstract

Factor investing has emerged as the new paradigniofg-term investment. Applied to

equities, factor investing is probably the mostaes contender to the classical industry-based
approach to asset allocation. By organizing a ntuél contest opposing factor investing and
sector investing, we address two questions: 1)tBeesxcess returns of factor investing offset
by higher risks, and if so, are factor-specificksiseliminable by means of factor

diversification? 2) How does factor investing penfioduring crisis times? Our results suggest
that this form of investing is the best strategyewhshort sales are permitted. It also
outperforms industry-based allocation during expansnd bull periods. In contrast, sector
investing offers defensive opportunities to assahagers since it delivers better risk-return
trade-offs for long-only portfolios during recessso and bear periods. Overall, factor
investing keeps its promises, but it still has aglovay to go before it can oust sector

investing.
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“In the beginning, there was chaos; practitionamight one only needed to be clever to earn
high returns. Then came the CAPM. Every clevertsgpato deliver high average returns
ended up delivering high market betas as well. Tdremalies erupted, and there was chaos
again.” Cochrane (2011, p. 1058)

“The two most important words in investing d&a&d times’ Ang (2014, p. ix)

1. Introduction

Outside the Capital Asset Pricing Model (CAPM) amadcc comfort zone, asset pricing
exhibits confusing diversity. As a result, investereven the most rational ones—are left with
various competing options to allocate assets. Dua shortage of convincing theory, they
face hard choices, and the risk of data mininges/gsive (Black, 1993; Harvey and Liu,
2014). In view of the numerous performance measuses in the literature, only extensive

and robust empirical studies can assess the pafmenof asset allocation rules confidently.

Recently, factor investing has emerged from thekiognworld as the new paradigm for
long-term investment. Cazalet and Roncalli (2014])pdefine the strategy as “an attempt to
capture systematic risk premia.” Factor investiogsists in holding assets with positive
exposure to selected factors and, if possible,tsigpthose with negative exposure. Ang
(2014) argues that this strategy is especiallyvegie in a long-term perspective because it
acknowledges that bad times occur. According taatlen and Kizer (2012), moving from
traditional asset-class portfolio management taofamvesting means shifting “from dollar
allocations to risk allocations.” Applied to theugty market, factor investing is probably the
most serious contender to the classical industsgtb@pproach to asset allocation. This paper
lays down a challenge to the newcomer by organiaingulti-trial contest pitting it against its

well-established competitor.
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The idea of identifying specific risk factors fawvestment purposes dates back at least
to the arbitrage pricing theory proposed by Ro€5§), as well as to the three-factor model
popularized by Fama and French (1992) and lateergéned by Carhart (1997). By
definition, each risk factor drives a specific rigkemium. The best known of these is the
market factor, which delivers the so-called manetmium. According to the CAPM, the
market premium is the only risk premium availabte investors. However, a wealth of
empirical work has uncovered additional factorsjolvhentail significant risk premia. The
most famous of these factors relate to size andievgdFama and French, 1992and

momentum (Carhart, 1997).

Factor-based asset allocation attracted freshesttdrom investors after the public
release of a report on active portfolio managenmotuced by Anget al. (2009) at the
request of the Norwegian sovereign wealth fund. dbbate among institutional investors
centers on two core issues: the merits of activéfgdm management, and the profitability of

factor investing.

The literature amply documents that passive inngsis a low-fee strategy (French,
2008), and that, on average, actively managed rhfiinds underperform index investing
(Gruber, 1996; Fama and French, 2010). On the dthed, practitioners keep arguing that
dynamic asset allocations can be profitable tostors because they capture benefits driven
both by market anomalies and by market timing. Ree¥idence shows that, beyond the
simple luck effect, the performance of some acyivelanaged funds seriously challenges

index funds. For instance, Del Guercio and Reu2éx4) underscore the performance of

! The size factor, Small minus Big (SMB), is theureton an international portfolio of small stock®itom 10%
in terms of market capitalization) minus that opeartfolio of big stocks (top 90% capitalization)hd value
factor, High minus Low (HML), is the return of anolio made of “value” stocks, i.e. those with gn (top
30%) book-to-market ratio (book value of commoniggdivided by the market equity) minus that ofartfolio
of “growth” stocks (bottom 30% book-to-market ratio

2 The momentum factor, Winners minus Losers (WME)thie return of a portfolio of best-performing &®c
(top 30%) minus that of a portfolio of worst-perfiing stocks (bottom 30%) over the previous year.
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actively managed funds marketed directly to reitafestors. According to Berk and van
Binsbergen (2015), active mutual funds add valw tan persist over 10 years. Overall,
Péastoret al. (2015) confirm that the active management indubtxg become more skilled

over time.

Among the many ways to actively manage funds, faoteesting is an innovative
method exploiting evidence on factors in assetiqyidy means of systematic portfolio
rebalancing. Basically, by buying assets with pesitactor exposure and shorting those with
negative exposure, investors capture the risk @gon betas) of the chosen factors, and so
benefit from excess returns (or alphas) with respethe market portfolio, which serves as a

benchmark for passive investing.

Longstanding criticisms of passive asset allocatinathods have encouraged the
emergence of innovative techniques. Traditionalpgssive portfolio management is
associated with class-based, industry-based, andtrgebased portfolio management. The
main charge against the traditional segmentatioequiities relates to their alleged lack of
robustness in terms both of associated risks anchpital protection during crisis periods.
Industry-based indices are meant to maximize divesiion benefits for a limited number of
classes. Logically, they do not capture any speaifsk premium. Moreover, the way
individual equities are grouped into sectors isatigble (Vermorken et al., 2010; Hoberg and
Philipps, 2010 and 2015). More generally, in thé&evaf the recent financial crisis, investors
feared that traditional asset allocations wouldeiofhsufficient protection against instable
correlations (Chua et al., 2009). Changes in catigis are typically associated with market
contagion and flight to quality during crises (Be&t al, 2012). In addition, Ang and Chen
(2002) show that correlations between U.S. stocks the market are much greater for

downside than for upside moves. According to Cbfietsen et al. (2012), both developed
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and emerging markets have recently experiencedeases in correlations, which

mechanically reduce the expected benefits of difieaion.

Factor investing has strong advocates among itistial investors. But the claimed
overall superiority of factor investing over tradial portfolio management techniques has
yet to be proven, despite a few studies that peopiartial evidence. Since factors are built to
capture excess returns through betas, they coalsbnably be expected to deliver higher
returns than index investing, whether class-basedntry-based or industry-based. If this is
the case, two key questions need to be addressst].d6 excess returns entail higher risks,
and if so, are excess risks eliminable by facteedification? Combining factors optimally
for investment purposes is still unchartered teryit Second, how does factor investing
perform during crisis times? Ang (2014, p. 450) treers that “while dynamic factors often
beat the market over long periods of time, they ganssly underperform the market during
certain periods—like the 2008-2009 financial crisighis observation illustrates the
instability of factor profitability, but the ovetaperformance of factor investing in market

downside and upside periods remains unknown.

Some recent papers address the characteristiestof investing in specific investment
universes: llimanen and Kizer (2012) explore assa$ses, Eun et al. (2010) consider
international capital markets, and Van GelderenHuil (2014) focus on U.S. equity mutual
funds limanen and Kizer (2012) use long data series (Z8¥I0) to emphasize the high
diversification potential of factor investing. Fasset-class-diversified portfolios, the authors
obtain a near-zero average pairwise factor coroglatvhich is remarkably low. Likewise,
Eun et al. (2010) exploit international data durithg period 1981-2008, and show that
factor-based asset allocation outperforms courdiset) allocation. Using data on U.S. equity

mutual funds over the period 1990 to 2010, Van &&d and Huij (2014) compare the

% See, for instance, the articles in fieancial Timesy Stevenson (2014) and Authers (2015).
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performances of factor-investing funds to thoseotifer funds. The authors consider the
following factors: 1) low-risk (Haugen and Bake®91), 2) small cap 3) value, 4) momentum
(Jegadeesh and Titman, 1993), 5) short-term rev@eamann, 1990), and 6) long-term
reversal (De Bondt and Thaler, 1985). They findnhiglue-added for strategies exploiting
low-beta, small cap, and value, but the evidendesss convincing for the three other factors
for which, they claim, “there is little documentatiin the academic literature.” (p. 159). For

instance, 96% of all short-term reversal funds upeléorm the market.

Most studies draw conclusions on portfolio manageméath unrestricted short selling.
This is a considerable limitation, since benchnradtrictions and implementation costs make
long-short factor investing difficult to implemeint practice (Blitz et al., 2014). In the same
vein, ldzorek and Kowara (2013) attribute most lnd benefits of factor investing to the
combination of long and short positions. From ateegive econometric analysis, Cocoma et
al. (2015, p.21) conclude that “the case is ydiganade that investors should use factors as

building blocks for forming portfolios rather thassets”.

To our knowledge, factor investing has not yet beentrasted with industry-based
asset allocation. The contest promises to be figree industry-based allocation is known to
be more resilient than its country-based countérmarcontagion during crises (Moerman,
2008). This paper fills a gap by comparing the ricial performances of factor-based and
industry-based asset allocations. The investmenerse is composed of large and mid-cap
U.S. equities. To compare the two investing styes,organize a contest comprising three
trials. Each trial ends up with a winner (but wikie possibility of a dead heat). Overall, the
results suggest that there is no overall winnet, vieel do find circumstantial evidence of

superiority for each style. Factor investing isaclg the best strategy when short sales are

* See Huij's interview by Robecco on 6-1-2015: Htipvw.robeco.com/en/professionals/insights/quativiéa
investing/factor-investing/2015/factor-investing-s.jsp
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permitted. It also outperforms industry-based atmn during expansion and bull periods. In

contrast, sector investing offers defensive opputies for asset managers since it delivers
better risk-return trade-offs for long-only porifid during recessions and bear periods. In the
end, it is up to each investor to reach their oanctusions, for instance by assigning weights
to the criteria of interest. Broadly, one can cadel that factor investing keeps its promises,

but it still has a long way to go before it cantosector investing.

2. Data and Methods

2.1. Data

Our data are retrieved from Kenneth French’s weBdie only source of publicly available
long-period factor and sector returns coherentipmated for the U.S. stock market. The data
make it feasible to construct the long and shags lef each factor separately, allowing us to
consider both situations—with short-selling resimies (“long-only”) and without them (“long-
short”)—separately. Our dataset includes monthbggtotal returns (in USD) of ten industry-
based and ten factor-based indices made up of Bt&ks listed on the NYSE, Amex and
Nasdaq over the period July 1963 — November 20b4.this period, we also recorded the
market index returns (value-weighted returns of M¥SE, Amex, or Nasdag-listed U.S.
firms)® and the risk-free interest rates (one-month Trgasill rate from Ibbotson Associates)

provided by French’s website.

Each time series is examined over five differembgla periods. The first period is the

full sample. The second and third correspond toréloessions and expansions dated by the

® http://mba.tuck.dartmouth.edu/pages/faculty/keméh/data_library.html.

® The investment universe considered by Fama andchris made up of stocks with a CRSP share code and
positive book equity data. Moreover, the data fearyt are restricted to stocks for which marketesiare
available in June of year t and in December of ydar
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National Bureau of Economic Research (NBER) (utsiir website for a precise definitioh).
The fourth and fifth periods are those associateld the bear and bull markets identified by
Forbes Magazing.Bear-market and recession periods exhibit sigamificdifferences with
only partial overlap. Most NBER recession perioddlofv Forbes bear market times.
Exceptions include the bear period due to the 1888n crisis, which was not immediately

followed by a recession.

Using French’s database also imposes a set of mgréonstraints. First, we have to
rely on the Standard Industrial Classification (I@hich is slightly different from the
commonly-used Global Industry Classification StaddéGICS). The sector portfolios are
constructed by assigning to each stock an indysirtfolio based on its four-digit Standard
Industrial Classification code at the end of Juheaxrh year. The ten sectors are: (1) non-
durable consumer goods (food, tobacco, textileaegpleather, toys), (2) durable consumer
goods (cars, TVs, furniture, household appliancé€), manufacturing (machinery, trucks,
planes, chemicals, office furniture, paper, comma¢grinting), (4) energy (oil, gas, and coal
extraction and products), (5) high tech (computeaftware, and electronic equipment), (6)
telecom (telephone and television transmission), Sffops (wholesale, retail, and some
services: laundries, repair shops), (8) healthl{hegre, medical equipment, and drugs), (9)
utilities, (10) other (mines, construction, builgimaterials, transports, hotels, entertainment,

finance, etc.).

Second, the factors we use are necessarily those fiy Fama and French (1992, 2015)

and Carhart (1997). French’s website provides theatfled research factors, which denote

" http:/lwww.nber.org/cycles.html. NBER recessioniqgeés are: Dec 1969 to Nov 1970, Nov 1973 to Mar5,9
Jan to Jul 1980, Jul 1981 to Nov 1982, Jul 199040 1991, Mar to Nov 2001, Dec 2007 to June 2009.

8 Forbes bear market periods are: Feb to Oct 1966,1968 to Jun 1970, Jan 1973 to Sep 1974, Jantb97&b

1978, Dec 1980 to Jul 1982, Jul 1983 to Jul 19&p, B287 to Nov 1987, June 1990 to Oct 1990, JudB16

Oct 1998, Mar 2000 to Oct 2002, Oct 2007 to Fet®P20®ey include i.a. the oil-shock-driven finandaaises in
the 1970s, the 1987 stock market crash, the 198hAsisis, the2000 e-crash, and the recent sulepciisis.
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long-short portfolios. In practice, however, mastastors lack access to investments in such
portfolios. Instead, they can trade factor-basetualifunds or exchange traded funds, which
develop long-only investing strategies. The factatsforth by Fama and French (1992, 2014)
and Carhart (1997) are thus barely investible bywidual agents (Idzorek and Kowara, 2013;
Cazalet and Roncalli, 2014; Blitz et al., 2014). &lbow fair comparisons with sector
investing, we consider two situations. In the firdte investor is restricted to long-only
positions; in the second, short-sales are authshrigkis approach goes beyond the Fama and
French original factors, which impose opposite expes to the two legs of the position (for
instance, small minus big). In contrast, we letheleg have its own exposure (for instanze,
small plusp big). In this way, portfolio optimization benefit®m more degrees of freedom.
Arguably, the resulting factors mimic closely thevestment practice suggested by the

proponents of factor investing.

The five long-short portfolios available on Frerchivebsite are: size, value,
profitability, investment, and momentuthWe build long-only versions of these factors by
disentangling the long and short legs of each kmyt portfolio. For this, we use the sub-
portfolios provided on the site. For example, tawethe long-only “value” factor, we weigh
equally the “small value” portfolio and the “biglua” portfolio, both of which are long-only
portfolios. The method, inspired by Huij et al. {20, is detailed in Appendix A. We end up
with ten long-only factors: (1) small; (2) big, (@lue, (4) growth, (5) robust profitability, (6)
weak profitability, (7) conservative investment,) (&ggressive investment, (9) high

momentum, (10) low momentum.

® In fact, any combination of factors is by defiaitisuboptimal when compared to portfolios madendividual
securities (Clarke et al., 2015).

19 Fama and French (2015) do not include momenturthéir latest 5-factor model. However, by means of
Bayesian asset-pricing tests Barillas and ShanRéd5) show that factor models perform better whesy t
contain momentum in addition to size, value, innvesit and profitability. Regarding the value factog stick

to the classic Fama-French version as opposedetoettent version developed by Asness and Frazt1i3)
and heralded as more profitable.

10
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While working with widely used factors and sectbi@s undeniable advantages, the
approach raises the issues of relevance and rbjliigaRegarding relevance, this approach
draws heavily on Fama and French’s findings. Tletendoubtedly a literature consensus on
the relevance of the “historic” size and value dast(Fama and French, 1992; Asness et al.,
2013), as well as the momentum factor (Jegadeetitman, 1993; Carhart, 1997). The two
additional quality factors, profitability and intesent, are useful for applications (Piotroski,
2000; Novy-Marx, 2013; 2014; Fama and French, 2Md&iy et al., 2015a and 2015b), but
their theoretical foundations are controversialriiég et al., 2014; Pukthuanthong and Roll,
2014)™ Finally, the replicability issue chiefly concersisort sales and investment in illiquid
small caps. Ultimately, the success of new fag®csucially linked to their being available to

investors!?
2.2. Methods

We organize a multi-trial contest. The purposeoixamine the financial performance of
factor and sector investing along several dimerssiororder to cover the motivations behind
style investing as comprehensively as possible.d@atest includes three trials, each devoted
to a specific issue that matters (or ought to matteportfolio managers and is made up of a
groups of tests. Every test is run on our five sabiples of monthly returns to get a sense of
performance in different types of period, i.e. dgrirecession/expansion, and for bear/bull

markets. In every case we compare the performahdactor investing to that of sector

" Evidence regarding the existence (and stabilifyjsk premia associated with the new factorsiislatking.
According to Ang (2014), each factor refers to acsfic set of bad times. Therefore, factors mighderperform
during a long period, which points to the needit@ify portfolios across factors. In this respelce number of
factors and their correlations are key.

12 Factor investing is feasible through mutual funidsdge funds, exchange traded funds, etc. Popatsors
absent from our studies include the low-volatifiagtor (Haugen and Baker, 1991) and the bettingratrheta
factor (Frazzini and Pedersen, 2014). Asness €2@l.5) provide compelling evidence to support fihectical
relevance of these two factors. In contrast, tipeidiity factor introduced by Pastor and Stamba@§l038) is still
unexploited commercially.

11
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investing. To designate sector or factor indistinctve use the term “style”, which has

become standard in the literature.

The first trial investigates the risk-return traoféby drawing efficient frontiers for the
ten portfolios (five subsamples with and five witlthghort selling) of each style. Accordingly,
we conduct ten comparisons of sector-based versgsoribased efficient frontiers.
Unfortunately the literature proposes no formal tegun this type of comparison. Therefore,
we rely on a rule of thumb, exploiting both theibhontal and vertical distances between two

curves.

In the second and third trials, we address theopmdnce of portfolio management with
factors and sectors. The second trial tests thafisignce of the Jensen (1968) alpha for a
collection of portfolios of each style with respéatthe market portfolio. Jensen’s alplag (

evaluates the abnormal return of a portfolio ot®theoretical risk-adjusted expected return:

r—rf=a+ﬁ(rM—rf),

where r is the expected return of the portfolio @nconsideratior is the risk-free rate;y,

is the expected return of the market, ﬁ‘r(dM — rf) is the theoretical risk premium associated
with the given portfolio following the CAPM. Herewe consider successively: one
sector/factor portfolio, the portfolio maximizinge Sharpe ratio, the portfolio with minimum
volatility, and the equally-weighted portfolio. &ach case, we use the Wald test to assess the

significance of their alphas (if positive).

In the last trial, we compare the ways risk is raprated by the two investment styles.
For this, we once again take the special portfoljogximum Sharpe ratio, minimum

volatility, equally-weighted) with and without shselling restrictions. In each case we test

12
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the equality of the Sharpe (1966) ratios of thediabased portfolio and the sector-based

portfolio. The Sharpe ratio (SR) measures the exiggsirn per unit of risk.

T — T
SR=—1
o

whereao is the volatility of the portfolio under considéom. The SR is a rough measure of
performance (Modigliani and Modigliani, 1997), bat, the same time, it is free from any
model-based premises. Moreover, we use the Leduwlt \Wolf (2008) test, designed to

acknowledge the possibility of non-normal returns.

3. Descriptive Statistics

3.1. Full-Sample Statistics

Panel A in Table 1 provides the figures for all smttors and for the market. The
average annualized returns reveal that two sedéogely outperform all the others: non-
durables (13.10%) and health (13.23%). The utdjti@urables and telecom sectors are l@
worst performers (10.27%, 10.49% and 10.59% rebmdgl. The risk levels also differ
substantially across sectors. Volatilities rangenrl3.97% (utilities) to 22.49% (high tech).
Skewness is negative for all but three sectorsaf@ar energy, health). Kurtosis is higher than
three (between 4.13 and 7.88); and the JarqueiBstastatistic confirms previous evidence
on non-normal returns for all sectors (Harvey amtigue, 2000). The Sharpe ratios range
from 0.51 (high tech) to 0.85 (non-durables), shhgnrhat the risk-return performances of

different sectors are dispersed.

Panel B in Table 1 gives the same information asPA, but for the ten factors. The

returns have similar orders of magnitude for bdtes. The factor annualized returns range

13
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from 8.42% (low momentum) to 15.19% (value). Vditis lie between 15.02% (big) and
21.64% (low momentum). Skewness is negative forfadtors, except low momentum.
Kurtosis ranges between 4.92 and 6.48, and agaiddtgue-Bera test detects non-normality.
Sharpe ratios range from 0.37 (low momentum) t@ @\&lue), showing a slightly higher
performance dispersion than for sectors. Overahes A and B in Table 1 show no clear

financial outperformance of one style over the nthe

Panels C and D in Table 1 report intra-group paewcorrelations for sectors and
factors, respectively. The average correlation aatexb for factors (0.92) is much higher than
the one obtained for sectors (0.66). This couldalmnsequence of the fact that sectors are
mutually exclusive (each stock belongs to a sirsgletor), while factors can overlap. In any
case, this tends to indicate that diversificatiemdfits will be harder to capture with factors
than with sectors. However, correlations amongasscexhibit substantial heterogeneity.
High correlations (above 0.80) are found for dugablmanufacturing, and the last sector
(“other”), which includes finance. In contrast, tb@relations between the returns of utilities
and durables, and between the returns of energyhgidtech are particularly low (around
0.40). The manufacturing sector is highly correlateith the market (0.94). Correlations
between factors are far more homogeneous. Theyerfmog 0.74 (between low and high
momentum) and 0.99 (between growth and aggressuesiment). As expected, the highest
correlation with the market is found for big stoctdich have the highest capitalization, and

thus the largest share of the investment universe.

14
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Table 1: Descriptive Statistics: Sectors and Factsr July 1963- Dec 2014

Panel A: Descriptive Statistics Sectors

Non Dur Durable Manuf Energy Tech Telecom Shops Health Utilities Other  Market
Mean 1.09% 0.87% 0.99% 1.05%  0.99% 0.88% 1.05% 1.10% 0.86% 0.95%  0.91%
Ann. Mean 13.10% 10.49% 11.83% 12.60% 11.93% 10.59% 12.56% 13.23% 10.27% 11.35% 10.98%
Median 1.13% 0.83% 1.23% 1.03%  1.02% 1.04% 1.09% 1.17% 0.92% 1.40%  1.26%
Maximum 18.88% 42.62% 17.51% 24.56% 20.75% 21.34% 25.85% 29.52% 18.84% 20.22% 16.61%
Minimum -21.03% -32.63% -27.33% -18.33% -26.01% -16.22% -28.25% -20.46% -12.65% -23.60% -22.64%
Std. Dev. 4.29% 631% 4.93% 539%  6.49% 4.63% 520% 4.86% 4.03% 530%  4.44%
Volatility 14.85% 21.84% 17.08% 18.67% 22.49% 16.04% 18.00% 16.84% 13.97% 18.37% 15.39%
Skewness -0.28 0.12 -0.49 0.02 -0.23 -0.21 -0.26 0.05 -0.10 -0.48 -0.52
Kurtosis 5.10 7.88 5.66 4.45 4.35 4.32 5.47 5.51 4.13 4.88 4.97
Sharpe Ratio 0.85 0.46 0.67 0.65 0.51 0.64 0.68 0.76 0.71 0.60 0.69
Jarque-Bera 121.95 613.66 206.84 54.28 52.04 49.34 163.54 162.76 33.76 115.15  127.23
Probability 0 0 0 0 0 0 0 0 0 0 0
Observations 618 618 618 618 618 618 618 618 618 618 618
Panel B: Descriptive Statistics Factors

Robust  Weak Conserv Aggres
Small Big Value Growth Profit Profit Invest Invest High Mom Low Mom

Mean 1.21% 0.94% 1.27% 0.90%  1.16% 091% 1.22%  0.90% 1.39% 0.70%
Ann. Mean 14.55% 11.29% 15.19% 10.84% 13.93% 10.95% 14.69% 10.81% 16.68% 8.42%
Median 1.62% 1.29% 1.77% 1.21%  1.49% 1.33% 1.53% 1.28% 1.85% 0.59%
Maximum 27.12% 16.66% 25.83% 17.79% 20.26% 21.21% 20.21% 21.09% 17.49%  40.27%
Minimum -29.51% -21.41% -23.56% -27.76% -25.81% -27.48% -25.46% -27.80% -27.88% -24.78%
Std. Dev. 583% 4.34% 4.92% 5.48% @ 4.92% 556% 4.94% 5.64% 5.34% 6.25%
Volatility 20.20% 15.02% 17.03% 18.99% 17.06% 19.25% 17.12% 19.55% 18.50% 21.64%
Skewness -0.46 -0.43  -048 -0.46 -0.57 -0.49 -0.53  -0.51 -0.63 0.39
Kurtosis 5.47 4.92 6.48 4.68 5.39 4.92 5.25 4.76 5.29 7.20
Sharpe Ratio 0.70 0.72 0.87 0.55 0.79 0.55 0.83 0.53 0.88 0.37
Jarque-Bera 179.17 11452 336.06 95.10 180.00 120.12 159.61 106.18 176.08 469.83
Probability 0 0 0 0 0 0 0 0 0 0
Observations 618 618 618 618 618 618 618 618 618 618
Panel C: Correlations Sectors

Non Dur Durable Manuf Energy Tech Telecom Shops Health Utilities Other  Market
Non Dur 0.66 0.82 0.49 0.58 0.61 0.83 0.76 0.61 0.83 0.83
Durable 0.84 0.47 0.67 0.59 0.75 0.52 0.43 0.79 0.80
Manuf 0.62 0.77 0.63 0.83 0.70 0.53 0.89 0.94
Energy 0.45 0.41 0.43 0.42 0.57 0.58 0.66
Tech 0.61 0.71 0.61 0.30 0.71 0.86
Telecom 0.63 0.53 0.50 0.67 0.75
Shops 0.67 0.46 0.83 0.86
Health 0.47 0.71 0.76
Utilities 0.58 0.59
Other 0.93
Panel D: Correlations Factors

Robust  Weak Conserv Aggres
Small Big Value Growth Profit Profit Invest Invest High Mom Low Mom Market

Small 0.86 0.93 0.95 0.95 0.96 0.96 0.95 0.93 0.88 0.89
Big 0.90 0.92 0.95 0.91 0.93 0.93 0.89 0.86 0.99
Value 0.85 0.92 0.91 0.95 0.88 0.86 0.87 0.89
Growth 0.97 0.96 0.94 0.99 0.94 0.87 0.95
Robust Profit 0.92 0.95 0.97 0.94 0.88 0.96
Weak Profit 0.97 0.96 0.93 0.89 0.93
Conserv Invest 0.94 0.93 0.88 0.94
Aggres Invest 0.94 0.88 0.96
High Mom 0.74 0.92
Low Mom 0.87
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3.2 Sub-sample Statistics

Table 2 summarizes the main statistics concernulgrsamples (see the full tables in

Appendix B). As explained in Section 2, we are ohgpWith four sub-samples: bear market

and bull market (as identified by Forbes Magazinegessions, and expansions, as dated by

the NBER. Table 2 is organized as follows. Firsgives the annualized means, volatilities,

and correlations with the market for each sectoeroach sub-period (Panels A to D).

Second, it reports the same information for eactofaover each sub-period (Panels E to H).

Table 2: Descriptive Statistics for Sub-Samples

Non Dur Durable Manuf Energy Tech Telecom Shops Health Utilities Other Market
Panel A: Bear Market
Ann. Mean -10.35% -27.17% -21.42% -16.25% -29.72% -14.40% -18.86% -11.91% -7.54% -25.74% -22.73%
Volatility 16.43% 23.54% 19.02% 21.51% 26.99% 19.97% 20.48% 17.90% 16.82% 21.40% 17.48%
Correlation with Market  0.81 0.81 0.92 0.64 0.86 0.73 0.85 0.75 0.54 0.90 1.00
Panel B: Bull Market
Ann. Mean 21.15% 23.43% 23.25% 22.50% 26.24% 19.18% 23.35% 21.87% 16.39% 24.09% 22.55%
Volatility 13.52% 19.93% 15.02% 16.68% 19.07% 13.61% 15.94% 15.72% 12.38% 15.61% 13.04%
Correlation with Market ~ 0.83 0.77 0.94 0.62 0.83 0.72 0.85 0.75 0.57 0.93 1.00
Panel C: Recessions
Ann. Mean 4.70% -4.27% -6.03% -3.32% -3.73% -2.20% 5.78% 3.60% 0.86% -8.12% -3.33%
Volatility 20.47% 33.29% 25.28% 25.85% 30.43% 19.33% 26.39% 22.62% 19.62% 28.12% 22.52%
Correlation with Market ~ 0.91 0.84 0.97 0.71 0.90 0.80 0.90 0.79 0.76 0.95 1.00
Panel D: Expansions
Ann. Mean 14.53% 13.01% 14.87% 15.31% 14.60% 12.77% 13.72% 14.88% 11.88% 14.67% 13.41%
Volatility 13.64% 19.18% 15.11% 17.06% 20.78% 15.34% 16.16% 15.62% 12.73% 15.97% 13.72%
Correlation with Market  0.80 0.79 0.92 0.63 0.84 0.73 0.85 0.75 0.51 0.92 1.00
Robust Weak Conserv Aggres High Low
Small Big Value Growth Profit Profit Invest Invest Mom  Mom
Panel E: Bear Market
Ann. Mean -23.36% -20.63% -14.37% -29.34% -20.71% -29.02% -18.43% -31.49% -20.50% -32.26%
Volatility 22.95% 16.97% 19.11% 21.86% 19.17% 22.23% 19.03% 22.67% 20.28% 25.81%
Correlation with Market  0.89 0.99 0.87 0.95 0.95 0.93 0.94 0.96 0.91 0.88
Panel F: Bull Market
Ann. Mean 27.57% 22.25% 25.35% 24.64% 25.83% 24.69% 26.07% 25.34% 29.46% 22.39%
Volatility 17.68% 12.87% 15.20% 16.09% 14.81% 16.35% 15.10% 16.41% 16.31% 18.38%
Correlation with Market  0.87 0.99 0.88 0.94 0.96 0.91 0.93 0.95 0.91 0.84
Panel G: Recessions
Ann. Mean -1.32%  -2.49% 1.97% -4.64% -0.81% -4.78% 2.04% -6.96% 0.16% -5.31%
Volatility 29.11% 22.12% 25.88% 27.13% 25.39% 26.86% 24.34% 28.97% 23.54% 36.89%
Correlation with Market ~ 0.92 1.00 0.92 0.97 0.97 0.96 0.96 0.97 0.95 0.89
Panel H: Expansions
Ann. Mean 17.26% 13.63% 17.45% 13.48% 16.45% 13.64% 16.85% 13.84% 19.50% 10.76%
Volatility 18.17% 13.36% 14.95% 17.14% 15.11% 17.54% 15.50% 17.34% 17.39% 17.76%
Correlation with Market  0.87 0.99 0.88 0.95 0.96 0.92 0.93 0.95 0.91 0.86
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The main lessons drawn from Table 2 relate to diffees in sensitivity to crises and market
downturns. During bear market periods, the averagens of all assets, be they sectors or
factors, are negative. Apparently, factors suffeghly more than sectors do. The average
spread between the annualized returns of bull @ad imarkets is 40.92% (22.18% + 18.74%)
for sectors and 48.99% (25.10% + 23.89%) for factorhe average spreads between
expansions to recessions are less spectacular3%5(33.87% + 1.46%) for sectors, and

17.44% (15.12% + 2.32%) for factors.

On an individual basis, the sectors that suffemtiest during bear markets are high tech
(-29.72%) and durables (-27.17%). Their lossesnaneertheless smaller than those of the

most exposed factors: low momentum (-32.26%), @ulessive investment (-31.49%).

Evidence on recessions is mixed: Some sectorsededivnegative return (“other:” -
8.12%; manufacturing: -6.03%) while others perfqrasitively (surprisingly, shops: 5.78%;
non-durables: 4.70%; health: 3.60%). The returnsfactors during recessions are less
dispersed. The worst performers are:. aggressivestment, low momentum, and weak
profitability with annualized returns of-6.96%, 33%, and -4.78%, respectively, while only
three resilient factors (conservative investmeaty®, and high momentum) exhibit modest

but positive performances, with annualized retwin®.04%, 1.97%, and 0.16%, respectively.

As expected, volatilities jump when the market sufrom bull to bear. The spread is
similar for the two styles, ranging from 15% to 20%kewise, volatilities are higher in
recessions than in expansions, but the phenomensiightly more pronounced for factors
than for sectors. On average, sector-wise volatiiges from 15.94% to 24.90%, and its

factor-wise counterpart increases from 16.18% t6 %.

The figures suggest that crises have somewhat &wughbnsequences for factor

investing than for sector investing. But theseghts are mitigated by the fact that descriptive
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statistics are provided for individual sectors/test while investors are chiefly concerned
with the performance of diversified portfolios, whirely heavily on correlations. In this

respect Tables 1 and 2 concur in showing that ladioes among factors are substantially
higher than among sectors. Interestingly, the benef diversification seem to resist bear-
market periods for both styles. Indeed the avecageelation with the market stays between
0.62 and 0.64 for sectors, and remains idle atféindy high value of 0.91 for factors.

Surprisingly, the increase in correlations is sgemfor the transition from expansions to
recessions, particularly for sectors (from 0.620t83). For factors, the increase is smaller

(from 0.91 to 0.94) because correlations are cappede.

4. The Contest

4.1 First Trial: Efficient-Frontier Dominance

According to the Markowitz portfolio managementngiple, rational investors will always
pick a portfolio lying on the efficient frontier dheir investment universe. The efficient
frontier is a curve in the risk/return plane. Egubint on this frontier is a non-dominated
portfolio in the fixed investment universe. By dhfion, portfolioP is dominated by portfolio

Qif:
E[Rp] < E[Ry] and o[Rp] = o[Ry], (1)
with at least one strict inequality.

Here, we consider ten different period/short-saenarios. In each case, we determine two
efficient frontiers, the first built from the tee&ors, and the second from the ten factors. The

next step consists in deciding whether or not opatier dominates the other. The rule of
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thumb we use to reach this goal generalizes thelsidkefinition in Eq. (1) to two frontiers

constructed from different investment universes.rélg on the following definition:

The efficient frontie}; in universeU is dominated by the efficient fronti€y in universeV

if:

VP € Fy:3Q € Fy:E[Rp] < E[Ry]| and o[Rp] = o[Ry], (2)

with at least one strict inequality. If neither riteer dominates the other, they will be

considered a drawn our trial. The graphs featured in Figure 1 shbwawever, that a few

cases are borderline. We will keep these visuasidenations in mind for the conclusion.

Figure 1: Efficient Frontiers for Factors and Sectos

Short selling Banned (SB)
Fig 1a: Full Sample, SB
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Fig le: Bull Market, SB
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Table 3: Efficient Frontier Dominance

Sample Period Winner
Panel A: Shortselling Banned @
Full sample =
Bear Market Sectors
Bull Market =
Recessions Sectors
Expansions =
Panel B: Shortselling Authorized

Full sample =
Bear Market Factors
Bull Market =
Recessions Factors
Expansions =

Table 3 summarizes the information visible in Fegdr. First, the high prevalence of
draws is partly attributable to the severity otarion (2), which tolerates no exception to the
dominance principle. That said, the results sugtedtstyle matters most in hard times such
as bear markets and recessions. More preciselyrsagesting is better when short-sales are
banned, while factor investing wins the trial whitve portfolio is allowed to take short

positions. Evidently, no overall winner emergesrirwial 1.

4.2 Second Trial: Jensen’s alphas

This trial checks whether a strategic asset allogain sectors/factors outperforms well-
diversified passive investment in the market pdidfdPut differently, we examine whether
factor and sector investing both generate sigmfidensen’s alphas. Moreover, when this is
the case, does either style generate a (signifigahtgher value for alpha and should

therefore be preferred by investors?

Various alternative measures of alpha are usecthgeamics and practitioners. Most of
these alphas are derived from the Fama-Frenchrfamdel (Ang et al., 2009; Government
Pension Fund Global, 2014). However, we cannotush a benchmark model here since we

are comparing two investment styles, one of whghuilt from the Fama-French factors.

21


gyantal
Highlight

gyantal
Highlight

gyantal
Highlight

gyantal
Highlight

gyantal
Sticky Note
To, me 10-Factors are better, but because their frontier curve crosses each other, the authors say, there is no clear winner.

gyantal
Highlight

gyantal
Highlight

gyantal
Highlight

gyantal
Sticky Note
To me, sectors are clear winners.

gyantal
Highlight

gyantal
Highlight

gyantal
Highlight

gyantal
Highlight


Instead, we use the market as an indisputable bsarg&hfor judging the performance of two

competing investment stylés.

To run the test, we need to particularize port®land regress their returns on the
market return. We consider two options for singlmg a portfolio. In the first, the investor
picks one sector/factor randontfyIn the second, which is more a likely option fational
investors, the portfolio is chosen for its intrimsiiversification qualities. In this respect, three
special portfolios stand out in the literature: tb#icient portfolio maximizing SR, the
efficient minimum volatility portfolio, and the eglly-weighted portfolic®> The first two
make sense with and without short-selling restiddi while the last is long-only by
construction. As a result, we end up with five casipe portfolios. Finally, in all cases we
assume that the investor rebalances her portfotiotity, in order to keep the asset weights

constant over the investment period.

For the whole sample period, Table 4 shows thadaanpicking delivers, on average,
larger alphas for factors than for sectors. Secabose seldom deliver significant alphas,
which is hardly surprising. In contrast, the peniances of our five composite portfolios are
much better overall. However, the Wald test foracaiphas across regressions detects a
single case of significant difference in alphastte 5% level. This is for the long-short

portfolio maximizing SR, where factor investing petforms sector investing.

13 Cremers et al. (2013) points out that the Famadtrdactors place disproportionate weight on smaltie

stocks and require high turnover. In addition, Aetgal. (2009) argue that some factor exposures tntigh
difficult to replicate. Ferson and Lin (2014) memtithat in incomplete markets investors can havterdnt

marginal rates of substitution, and the alphasaesitor-specific.

14 Picking one sector/factor is generally a sub-ogliinvestment strategy. Some investors, howeverthéo
expedient thing and invest only in the expectedigttrewarded factor/sector. The “style rotation/estment
strategy follows the same logic. It consists ineisiing in a single factor/sector at a time, chasesording to
market conditions (Bala et al., 2007).

15 Equal weighting significantly departs from thegimial spirit of Fama and French (1993) who impogpasite

signs to the two legs of their factor components.
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Table 4: Jensen’s Alphas, Full Sample

Panel A reports the monthly alphas obtained frogregsions of sector (left side of the table) aradofa(right
side) excess returns on market excess return. Baregorts the alphas of specific portfolios (manximSharpe
ratio, minimum volatility, equally weighted) madé sectors (left) and factors (right). SEE is thenstard error
of estimate; R2 is the R-squared of the regressg&h;(resp. SA) means that short selling is banmedp(
authorized). SR stands for the Sharpe ratio. Tinelp& winner has the highest number of positivéhatpat the
5% significance level. The panel-B winner has ai§icantly higher alpha (Wald test) at the 5% levEhe
sample period is the full sample between July 1868 December 2014. *** ** *. significant at the¥d, 5%
and 10% respectively.

Panel A: Individual Sectors and Factors

Number of

(%) T-stat SEE R2 (%) T-stat SEE R2 positive alphas ~ Winner
Non Dur 0.28***  2.89 0.02 0.69 Small 0.21** 1.97 0.03 0.79
Durable -0.11 -0.74 0.04 0.65 Big 0.04** 2.02 0.01 0.99
Manuf 0.05 0.72 0.02 0.88 Value 0.36*** 3.96 0.02 0.79
Energy 0.24 1.44 0.04 0.43 Growth -0.10 -1.49 0.02 0.91
Tech -0.05 -0.36 0.03 0.74  Robust Profit 0.21%** 3.91 0.01 0.93
Telecom 0.08 0.66 0.03 0.56  Weak Profit -0.09 -1.05 0.02 0.87
Shops 0.13 1.20 0.03 0.74  Conserv Invest 0.29%** 4.11 0.02 0.88
Health 0.27*%* 2.14 0.03 0.58 AggresInvest -0.12* -1.86 0.02 0.92
Utilities 0.18 1.35 0.03 0.34 High Mom 0.42%** 4.96 0.02 0.84
Other -0.02 -0.29 0.02 0.86 Low Mom -0.33***  -2.59 0.03 0.75
Sectors/Factors 2/6 Factors
Panel B: Special Portfolios

a(%) T-stat SEE R2 a(%) T-stat SEE R2 Wald test Winner
Max SR Sectors (SB) 0.27*** 3.72 0.02 0.80 Max SR Factors (SB) 0.4%** 5.65 0.02 0.88 =
Min Vol Sectors (SB) 0.19** 2.47 0.02 0.73  Min Vol Factors (SB) 0.04** 2.02 0.01 0.99 * =
Equal Weight Sectors 0.1%** 3.44 0.01 0.97 Equal Weight Factors 0.09* 1.64 0.01 0.93 =
Max SR Sectors (SA) 0.45%** 3.82 0.03 0.46  Max SR Factors (SA) 3.13%** 9.81 0.08 0.07 FEE Factors
Min Vol Sectors (SA) 0.27***  3.03 0.02 0.59 Min Vol Factors (SA) 0.27*** 3.08 0.02 0.64 =

The detailed results deliver interesting insighgsaeell. Panel A in Table 4 shows that
two sectors (non-durables and health) generatéfisgmtly positive alphas. Although sectors
might be expected to have different exposures tkengdbetas), finding positive alphas is
more surprising because sectors alone are not rteeantperform the market. In contrast, six
out of the ten factors generate positive alphasutprisingly, the five long legs of the Fama
and French factors (small, value, robust profinsavative investment, and high momentum)
have positive alphas since they were built for gpeecific purpose. But more surprisingly, the

“big” factor, traditionally considered as a sha@g] also exhibits a significantly positive alpha.

Panel B in Table 4 concerns a collection of notglglgfolios (maximum SR, minimum
volatility, and equally-weighted). Almost all pastios outperform the market at the 5% level.
The only exception is the equally-weighted factortiplio, which has a significant alpha but

only at the 10% level. But ultimately, the Waldttdstects few significant differences in the
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alphas generated by the two investment styles.ohhesituation without a tie corresponds to
the long-short maximum SR portfolios: the factosdxh portfolio exhibits an exceptional
monthly outperformance of 313 basis points (Bps)hile the alpha of the sector-based

portfolio is a modest 27 bps. Overall, the facttwcation wins the full-sample trial.

Panel A in Table 5 shows that no sector outperfaimesmarket during bear periods,
which is somewhat reassuring for the proponentpasisive investment. By contrast, two
factors—value and conservative investment— progoséive alphas at the 5% level. Note that
the long-only maximum SR portfolio made with fastoutperforms the market by 57 bps. On
the other hand, when short selling is authorizhd, maximum SR portfolio does not exist,
because the slope of the efficient frontier is sthat the tangency point is located at infinity.
Overall, the alphas of the specific sector-madedfglars are not significantly different for
those of sector-made portfolios. Although equalghieéng departs from the spirit of factor
investing, the realized performances of equallyghvead factor portfolios are very close to

those of equally-weighted sector portfolios. Thyufes lead to a tied result.

1% This would be considerably lower if transactioistsovere accounted for.
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Table 5: Jensen’s Alphas, Sub-Samples

This table reports the number of significantly piesi (at the 5% level) monthly alphas obtained frtme
regression of sector and factor excess returnsarkenexcess return, as well as the alphas of fapeoirtfolios
(maximum SR, minimum volatility, equally weightedjade of either sectors (left side) or factors (rigide),
with t-stats; SB (resp. SA) means that short sglimbanned (resp. authorized). SR stands for izep® ratio.
For individual sectors/factors, the winner hashtghest number of positive alphas at the 5% sigaifce level.

For the specific portfolios, the winner has a digantly higher alpha (Wald test) at the 5% levEhe full
sample covers the period July 1963 and Decembet#.ZMe sub-samples are characterized by: bear marke
(panel A), bull market (panel B), recession (pa@ghnd expansion (panel D). *** ** *: significarat the 1%,

5% and 10% respectively.

Wald Number of

a(%) T-stat a(%) T-stat test positive alphas Winner
Panel A: Bear Market
Individual Sectors/Factors 0/2 Factors
Max SR Sectors (SB) 0.09 0.26 Max SR Factors (SB) 0.57** 2.38 =
Min Vol Sectors (SB) 0.24  1.36 Min Vol Factors (SB) 0.08 1.21 =
Equal Weight Sectors 0.16* 1.76 Equal Weight Factors 0.16 1.24 =
Max SR Sectors (SA) - - Max SR Factors (SA) - - - -
Min Vol Sectors (SA) 0.38* 1.65 Min Vol Factors (SA) 0.41* 1.84 =
Panel B: Bull Market
Individual Sectors/Factors 0/3 Factors
Max SR Sectors (SB) 0.13*** 2,95 Max SR Factors (SB) 0.34%** 3 83 *x Factors
Min Vol Sectors (SB) 0.15* 1.90 Min Vol Factors (SB) 0.00 0.20 * =
Equal Weight Sectors 0.05 1.48 Equal Weight Factors 0.06 0.85 =
Max SR Sectors (SA) 0.16*** 3.01 Max SR Factors (SA) 1.1%** 7.06 ok Factors
Min Vol Sectors (SA) 0.19** 2.08 Min Vol Factors (SA) 0.06 0.71 =
Panel C: Recessions
Individual Sectors/Factors 2/1 Sectors
Max SR Sectors (SB) 0.8** 2,25 Max SR Factors (SB) 0.48** 2.31 =
Min Vol Sectors (SB) 0.05 0.24 Min Vol Factors (SB) 0.05 111 =
Equal Weight Sectors 0.14* 1.84 Equal Weight Factors 0.21 1.15 =
Max SR Sectors (SA) - - Max SR Factors (SA) - - - -
Min Vol Sectors (SA) 0.48 1.41 Min Vol Factors (SA) 0.08 0.24 =
Panel D: Expansions
Individual Sectors/Factors 1/4 Factors
Max SR Sectors (SB) 0.25*** 3,5 Max SR Factors (SB) 0.38*%** 515 =
Min Vol Sectors (SB) 0.21*** 2,67 Min Vol Factors (SB) 0.05** 2.25 * =
Equal Weight Sectors 0.11*** 3,33 Equal Weight Factors 0.08 1.44 =
Max SR Sectors (SA) 0.32*** 3,67 Max SR Factors (SA) 2.45%** 9,07 ok Factors
Min Vol Sectors (SA) 0.24*** 2 82 Min Vol Factors (SA) 0.18** 2.23 =

During bull periods (panel B), no sector meets3be level for the positivity of alpha,
while three factors reach that threshold, namebust profitability, conservative investment,
and high momentum. The winner for individual pdite in bull periods is factor investing.
Among the composite portfolios, we find two outfiek (long-only minimum SR, long-short
minimum SR) for which the factor-based alpha dot@isdhe sector-based one. In the three

other cases, we obtain a draw
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Panel C in Table 5 indicates that recessions stpip@dominance of sector investing to
a slight degree. However, this superiority is Misilonly for individual portfolios, where
positive alphas are obtained for the non-durabtdoseand shops, as well as for a single
factor, conservative investment. Last, the redoiteexpansion periods (panel D) are similar
to those obtained for bull market periods. Unssipgly in this case, the winner, if there is
one, is factor investing. Altogether, Tables 4 &nargue in favor of factor investing, except
during recessions. But the most frequent conclusiotie trial is still more or less a draw,

meaning that differences are not significant endiogte used as a guide for asset allocation.
4.3 Third Trial: Sharpe Ratio Test

To compare the SR performances of portfolios maefweither sectors or factors, we turn to
the test developed by Ledoit and Wolf (2008), basedootstrap confidence intervals. The
final results of this trial are set forth in Talde They happen to be fairly close to those
obtained in the previous tridf.Although the measures of performance used inwieettials

differ significantly, the fact that they delivemsiar results is comforting. This makes our
contest robust. In general, the portfolios madefugectors and those built from factors have
similar risk-adjusted performances when short+sglls banned, with a slight preference for
sectors in bear markets. When short positions atbodazed, the factor-based portfolios

clearly outperform their sector-based counterparts.

In fact, there are two minor differences betwes results of the second and third trials. Firstoading to
their performances on alphas, the maximum SR fdmdsed portfolios are better than their sector taparts in
bull markets, and this is no longer the case with $R test. Second, the SR test concludes thahithienum
volatility sector-based portfolios outperform th&ctor-based contenders in bear markets, whilé/théd test
on the alphas failed to reach such a conclusion.
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Table 6: Sharpe Ratio Test, Full Sample and Sub-Sastes

This table reports the SRs of sector-based andrféetsed portfolios. The winner has a significamiiygher SR
than its rival, according to the Ledoit and Woltteat the 5% level. SB (resp. SA) means that stlling is
banned (resp. authorized). SR stands for the Shatp®e The full sample covers the period July 136
December 2014. The sub-samples are characterizdaehy market (panel A), bull market (panel B),ession
(panel C) and expansion (panel D). *** ** *: sjifigant at the 1%, 5% and 10% respectively.

SR Sector Portfolio SR Factor Portfolio Winner
Panel A: Full Sample
Max SR (SB) 0.58 0.65 = @
Min Vol (SB) 0.52 0.42 =
Equal Weight 0.47 0.44 =
Max SR (SA) 0.66 1.43%** Factors
Min Vol (SA) 0.57 0.57 =
Panel B: Bear Market
Max SR (SB) -0.83 -1.09 =
Min Vol (SB) -1.22%* -1.60 Sectors
Equal Weight -1.51 -1.51 =
Max SR (SA) - - -
Min Vol (SA) -0.84 -0.98 =
Panel C: Bull Market
Max SR (SB) 1.48 1.55 =
Min Vol (SB) 1.37 1.39 =
Equal Weight 1.42 1.38 =
Max SR (SA) 1.49 1.86%** Factors
Min Vol (SA) 1.35 1.22 =
Panel D: Recessions
Max SR (SB) -0.03 -0.19 =
Min Vol (SB) -0.36 -0.41 =
Equal Weight -0.36 -0.33 =
Max SR (SA) - - -
Min Vol (SA) 0.10 -0.20 =
Panel E: Expansions
Max SR (SB) 0.82 0.89 =
Min Vol (SB) 0.76 0.68 =
Equal Weight 0.73 0.68 =
Max SR (SA) 0.85 1.53%** Factors
Min Vol (SA) 0.77 0.72 =

27


gyantal
Highlight

gyantal
Highlight

gyantal
Highlight

gyantal
Highlight

gyantal
Highlight

gyantal
Highlight

gyantal
Sticky Note
Factors are a little better, even if Short selling is Banned.

gyantal
Highlight

gyantal
Highlight

gyantal
Highlight

gyantal
Highlight

gyantal
Highlight

gyantal
Highlight


4.4 Discussion

Table 7 summarizes the results of the three tj@gormed in the previous sub-
sections. From there, we can draw some generalusiogs. First, the most frequent outcome
of the tests is a draw, testifying to a fierce esht Second, among the cases with a clear
winner, factor investing dominates. This is esdiciaue for the tests performed on the full
sample, where the outcomes include ten draws ars thccurrences of winning factors.
Third, with a single exception, the winning-sectases are associated both with adverse

market conditions (recession or bear market) arld banned short selling.

Our results rely on the factors we selected. Ini@dar, the sole defensive factor in our
analysis is the “large” factor. In contrast, seVeectors are naturally defensive, such as the
utilities and health industries. Including the leatatility factor (Haugen and Baker, 1991) or
the betting-against-beta factor (Frazzini and Psster2014) would probably have affected
the outcomes of the contest, at least for the stmes and the bear market periods.
Unfortunately, considering these two factors in analysis is not feasible because neither
their separate long and short legs nor the comgsnmetessary to reconstitute these legs are

made publicly available.

In addition, sector investing and factor investogrespond to two different lines of
reasoning. This is why we need multiple trials ¢onpare their performances. Admittedly, the
choice of trials influences the conclusions. Somlgjextivity is inevitable in the design of
such a contest, but it is partly mitigated by thdtiplicity of trials,*® which not only provides
a global comparison of the two investment styleg, dlso corresponds to typical investors’

objectives and constraints met in practice.

18 On the one hand, equal weighting is more adagteskttor investing since some factors are desitmédm
sold short. On the other hand, accepting shorssaleomposing about half the portfolios considefaebrs
factor investing.
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Overall, our results confirm that portfolios based identified risk factors yield
profitable investing opportunities. Apparently, ®ymatic rebalancing is successful in
capturing long-term risk premia. In this respeawbver, it should be stressed that factor
investing, which is transaction-intensive, probabénefits from neglecting transaction costs
in the analysis. Evidence shows that includingga@tion costs can substantially hamper the
financial performance of factor investing (Lesmaidal., 2004; Korajczyk and Sadka, 2008;
Novy-Marx and Velikov, 2014). This is particulartglevant for factors that are subject to
high turnover, such as momentum factors. The probtethat the magnitude of transaction

costs is still controversial.

Factor and sector portfolios have very differemingaction costs. Sector indices are
made up of same-industry stocks weighted by thairket capitalizations. Since the weights
fluctuate in line with changes in capitalizationfrtover is necessary only in exceptional
circumstances such as a change of sector or a meanein the index. Hence, investing in a
given sector is almost free of transaction costg. dntrast, factor indices rebalance
individual stocks according to characteristics ttlznge constantly. As a matter of fact, the
amplitude of the changes varies with the type dftdia Factors such as value, size,
profitability and investment are defined by mearfs stock characteristics with little
variability, while momentum stocks change frequenfls a consequence, the rebalancing
frequency adopted by Fama and French is yearlyh®ffirst group of factors (end of June)

but monthly for the momentum portfolios.

Intuitively, estimating transaction cost involvesngouting turnover at some point. In
practice, however, the notion of turnover itselht clear-cut. Some authors determine it by

taking the ratio of the market value of one-waysactions onl to total portfolio market

¥ Depending on the paper, “one-way transactionsiniderstood as the lesser of purchases or salasstes
only, or the average of purchases and sales.
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value. Others add up the two sides of the marke:tdafine turnover as the sum of the market
values of sales and purchases divided by totalfgdmartvalue. Considering a one-sided
turnover resulting from averaging the values ofcpased or sold assets, Novy-Marx and
Velikov (2014) estimate that the turnover of theesand value long-short portfolios is around
2% per year and the associated transaction®¢asts close to 5 bps per month, regardless of
the size of the portfolio. For the momentum factbe authors find a turnover of 25% per
year and transaction costs of 50 bps per montto#&th the transaction costs of investment
and profitability factors are still unexplored, wenjecture that their turnover is close to that

of their size and value counterparts, which are e#balanced on a yearly ba$is.

In addition, sophisticated transaction-cost mo@étsajczyk and Sadka, 2008; Frazzini
et al., 2014) consider the break-even capacityaohenvestment strategy in terms of portfolio
size. By definition, break-even capacity is reachwb@n the transaction costs are equal to the
gross returns of the strategy. Using data on reatradesFrazzini et al. (2014) estimate that
the break-even capacities of the Fama and Frenufpdbort size, value, anghomentum
factors are USD 103 billion, USD 83 billion, and @S2 billion, respectively. These figures
far exceed those computed by Chen et al. (200&3mbed et al. (2004), and Korajczyk and

Sadka (2004), who all rely on simple microstructunedels.

For portfolios involving short selling of individuaecurities, specific costs must also be
taken into account. Whenever the short-sellingtmosis open, the covered short seller has to
pay the lender the dividends due, if any, and lvarrg fees. In the equity loan market, the

borrower usually gives cash as collateral, whic®anterest at the so-called rebate rate,

% The authors estimate round trip transaction castged to bid-ask spreads, but do not accounthi®rprice
impact of large trades (costs related to the chamgece due to the trade).

2L At the portfolio level, transaction costs raiselitidnal difficulties as purchases and sales oflstacan net out.
However, we are not aware of any paper dealing tréthsaction costs at the factor portfolio level.
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which is lower than the market rate (D’Avolio, 2Q@ruenewald et al., 2010; Bernal et al.,
2014; Engelberg et al., 2014). Overall, the estiomabf transaction costs is a contentious
issue, and the literature seems to be still famfeoconsensus on this tricky, but fundamental,

issue.

The outcomes of our trials are in line with predoresults obtained by Idzorek et
Kowara (2013) showing that short positions are ulgefincrease portfolio profitability. More
specifically, our findings suggest that factor istnieg performs particularly well when short-
selling is authorized. Table 7 shows that bothalphas (trial 2) and the Sharpe ratios (trial 3)
indicate that factor-based portfolios perform vergll under the SA condition. In fact, the
max SR portfolios do not exist in bad times (remssand bear markets), but when they do
exist (full sample, expansions, and bull marketig¢tor investing always produces
significantly better performances. The efficierdsftier dominance (trial 1) confirms that the
risk-return trade-off is excellent for factor-basegtimal portfolios during bad times,
provided that short positions are admissible. Bptiast, sector investing is better in bad
times when short sales are forbidden. The assoniditetween bad times and short-selling
restrictions is far from benign, since crises afteroassociated with tougher regulation of
shorting. This was especially the case during @822009 financial crisis (Bernal et al.,

2014).
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Table 7: Summary of the Results

This table reports the results of the three groafptests run on our dataset. SB (resp. SA) meaaissort
selling is banned (resp. authorized). SR standth®iSharpe ratio. The full sample covers the pedidy 1963
and December 2014.

Full sample Recessions Expansions Bear Market Bull Market Winner

Trial 1: Efficient-Frontiers Dominance
Sectors = Sectors = Sectors

SB
SA

Factors = Factors = Factors
Trial 2: Jensen's Alphas

A. Individual Sectors / Factors

Factors Factors Factors Factors Sectors Factors
B. Special Portfolios
Max SR (SB) = = = = Factors Factors
Min Vol (SB) = = = = = =
Equal Weight = = = = = =
Max SR (SA) Factors - Factors - Factors Factors
Min Vol (SA) = = = = = =

Trial 3: Sharpe Ratio Tests

Max SR (SB) = = = = = =
Min Vol (SB) = = = Sectors = Sectors
Equal Weight = = = = = =
Max SR (SA) Factors - Factors - Factors Factors
Min Vol (SA) = = = = = =

The association of strongly-performing factors godd times is in line with the role of
risk factors, namely to capture risk premia. Ona oaleed expect that the excess return
delivered by factor investing will be matched bgtrer losses during crises. As a result, factor
investing is typically more risky than the classector investing strategy. This is visible on
Fig. 1, which draws the efficient frontiers undie tvarious scenarios in our contest. Overall,
factor investing is more rewarding to investors velo afford to take relatively high levels of

risk.
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5. Conclusion

A fierce debate is taking place about the meritsfaator-based asset allocation. Factor
investing is an innovative method that emergedhashbiyproduct of factor models of asset
pricing. Contributing to the ongoing conversatitimis paper organizes a contest based on
classic and well-recognized criteria used to gangesting styles in the restricted arena of
U.S. stocks. By limiting the investment universetenrms of asset class and jurisdiction, we
can concentrate on two other dimensions, namelga@ua/market conditions and the status
of short-selling. The available knowledge pointshese two dimensions as potential sources
of impact on the performance of factor investing. cdbnduct a meaningful comparison, we
oppose factor investing to sector investing, he. ¢lassic style used to compose portfolios of

same-country stocks.

We find that factor investing dominates sector siwey in every aspect when short
sales are unrestricted. To a lesser extent, oultsesuggest that factor investing is also more
profitable during expansion times and bull periodsen if short selling is forbidden. @
However, sector investing delivers better—or lessd-bperformances for long-only

portfolios during recessions and bear periods.

Our contest has limitations. Perhaps the most itapbris the choice and number of
factors. By using the well-known factors proposgd-bma and French (1993, 2015) for asset
pricing, we left unaddressed the nature of factoekevant for investment purposes
(Pukthuanthong and Roll, 2014). While the literatproposes over 300 such factors, which
are supposed to deliver excess returns, a keyigaastwhether they represent a sustainable
risk or rather temporary market anomalies that disppear when discovered (Mc Lean and

Pontiff, 2015).
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Another limitation comes from neglecting transagctomsts. Presumably, this omission
plays in favor of factor investing when opposedh® more passive style of sector investing.
Transactions are especially numerous for rebalgnttie two momentum factors. Further
work could investigate whether our results are sbltio incorporating transaction costs.
Factor investing is not only a transaction-inteasstyle, it also a good performer when short
selling is permitted. But short sales imply additb expenses, such as borrowing costs.

Accounting for all the costs could actually makegee strategies more competitive.

In theory, nothing prevents investors from mixinfiedent styles. Plausibly, combining
factors and sectors can deliver higher performanites factor-only and sector-only
portfolios do. However, to draw fair conclusionse tmixed portfolios should be compared
with their counterparts built from universes indhglthe same number of assets. A fruitful
avenue for further research could be to check véngibrtfolios made up of, say, five sectors
and five factors outperform those composed of tartoss or ten factors. More generally, the
optimal number of factors and sectors to be consdim asset allocation could be determined
by using, for instance, the identification methadgmsed by Pukthuanthong and Roll (2014),
who state that a true factor should be relatechéoprincipal components of a conditional

covariance matrix of returns.

The results of this paper definitely have practimahsequences for investors. Overall,
we show that factor investing is worth attractidge tattention of investors with low to
moderate risk aversion. At the same time, it se®s$bat factor investing performs best when
it takes full advantage of short sales, which carntdalious, if not impossible, for individual
investors to implement. Nowadays, the emergenagedicated indices and funds has made
factor investing more accessible to those investdmvever, not all identified factors are

investable in this way, and the available factmestment vehicles concentrate on long-only
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portfolios. Therefore, a major challenge for the@zhtes of factor investing is the practical

implementation of the investment rules they recomuine
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Appendix A: Building Long-Only Factors

French’s website reports the monthly returns oftedl so-called Fama and French long-
short factor portfoliod? as well as the decomposition of each factor's rretimto its
subcomponents. We replicate the method used by Bath&rench (1993, 2015) to derive the
returns of long-only factors. However, we build @ejely the long leg and the short leg of

each factor portfolio.

For instance, to build the value minus growth (&l factor, Fama and French (1993,

2015) compute:
HML = 1/2(S High BM + B High BM) — 1/2(S Low BM + B Low BM)

whereSmall (S) Highbook-to-marke{BM), S Low BM, Big (B) High BM\ndB Low BMare
four among the six sub-portfolios formed on sized @M and available on French’s
website?® Likewise, we are able to isolate the returnsheflbng and short legs of the long-

short original portfolios:

Value = 1/2(S High BM + B High BM)

Growth = 1/2(S Low BM + B Low BM)

Similarly, we build the six following factors:

Robust Profitability (P) = 1/2(S Robust P + B Robust P)

Weak P = 1/2(S Weak P + B Weak P)

% The universe is made up of all the stocks listethe NYSE, Amex and Nasgag.

% The missing ones af& Neutral BMandB Neutral BM.The breakpoint for the size (small or big) is thedian
NYSE market value at the end of June each yeartHeoBM criterion, the breakpoint corresponds ® 36"
and 70 percentiles measured in December each year. Far details, see
http://mba.tuck.dartmouth.edu/pages/faculty/kendhéData_Library/f-f 5 factors 2x3.html.
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Conservative Investment (INV) = 1/2(S Conservative INV + BConservative INV)

Aggressive INV = 1/2(S Aggressive INV + B Aggressive INV)

High Momentum (MOM) = 1/2(S High MOM + B High MOM)

Low MOM = 1/2(S Low MOM + B Low MOM)

whereS Robust P, B Robust P, S Weak P, B Weale Rour sub-portfolios formed on size
and profitability; S Conservative INV, B Conservative INV, S Aggreddiv, B Aggressive
INV arefour sub-portfolios formed on size and investmeéhtdigh MOM, B High MOM, S
Low MOM, B Low MOMare four sub-portfolios formed on size and momentlihese sub-

portfolios are all available on French’s website.

In order to neutralize the potential biases aridnogn exposure to other factors, Fama and
French (2015) determine the long-o¥wndB factors with eighteen sub-portfolios instead of
four. We mimic their procedure to disentangle thiegl and short legs of the original long-

short factors, and obtain:

S =1/9(S High BM + S Neutral BM + S Low BM + S Robust P + SNeutral P
+ S Weak P + S Conservative INV + S Neutral INV

+ S Aggressive INV)

B =1/9(B High BM + B Neutral BM + B Low BM + B Robust OP + B Neutral OP
+ B Weak P + B Conservative INV + B Neutral INV

+ B Aggressive INV)

whereNeutral BM, S Neutral P, S Neutral INV, B NeutdM, B Neutral P, B Neutral INV

are the neutral sub-portfolios retrieved from Frésevebsite.
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Appendix B: Descriptive Statistics

Table B1: Descriptive Statistics and Correlations,Sector and Factor Indices, Bear
Markets, July 1963- Dec 2014

Panel A: Descriprive Statistics Sectors
Non Dur Durable Manuf Energy Tech Telecom Shops Health Utilities Other Market

Mean -0.86% -2.26% -1.79% -1.35% -2.48% -1.20% -1.57% -0.99% -0.63% -2.14% -1.89%
Ann. Mean -10.35% -27.17% -21.42% -16.25% -29.72% -14.40% -18.86% -11.91% -7.54% -25.74% -22.73%
Median -0.52% -1.92% -1.26% -2.03% -2.46% -0.77% -1.87% -0.80% -0.57% -1.80% -1.46%
Maximum 10.71% 15.50% 11.22% 13.01% 19.41% 21.34% 13.32% 11.99% 11.72% 14.11% 8.33%
Minimum -21.03% -32.63% -27.33% -18.33% -26.01% -16.22% -28.25% -20.46% -12.65% -23.60% -22.64%
Std. Dev. 4.74% 6.80% 549% 621% 7.79% 576% 591% 517% 4.86% 6.18%  5.05%
Volatility 16.43% 23.54% 19.02% 21.51% 26.99% 19.97% 20.48% 17.90% 16.82% 21.40% 17.48%
Skewness -0.74 -0.92 -0.99 -0.02 -0.08 0.12 -0.56 -0.39 -0.08 -0.49 -0.58
Kurtosis 4.78 5.86 5.87 2.74 4.07 4.13 5.25 3.96 3.17 4.08 4.36
Sharpe Ratio -0.66 -1.17 -1.15 -0.77 -1.12 -0.74 -0.94 -0.69 -0.47 -1.22 -1.32
Jarque-Bera 35.20 75.84 80.11 0.45 7.77 8.76 41.64 10.09 0.37 14.00 20.99
Probability 0.00 0.00 0.00 0.80 0.02 0.01 0.00 0.01 0.83 0.00 0.00
Observations 158 158 158 158 158 158 158 158 158 158 158

Panel B: Descriprive Statistics Factors

Robust Weak Conserv Aggres High Low

Small Big Value Growth Profit Profit Invest Invest Mom Mom
Mean -1.95% -1.72% -1.20% -2.45% -1.73% -2.42% -154% -2.62% -1.71% -2.69%
Ann. Mean -23.36% -20.63% -14.37% -29.34% -20.71% -29.02% -18.43% -31.49% -20.50% -32.26%
Median -1.65% -1.52% -0.43% -2.69% -1.59% -2.04% -1.02% -2.82% -1.49% -2.26%
Maximum 12.47% 9.12% 9.45% 12.18% 10.33% 12.18% 9.33% 11.53% 14.52% 24.41%
Minimum -29.51% -21.41% -23.56% -27.76% -25.81% -27.48% -25.46% -27.80% -27.88% -24.78%
Std. Dev. 6.63% 4.90% 5.52% 6.31% 5.53% 6.42% 5.49% 6.54% 5.85% 7.45%
Volatility 22.95% 16.97% 19.11% 21.86% 19.17% 22.23% 19.03% 22.67% 20.28% 25.81%
Skewness -0.65 -0.54 -1.09 -0.39 -0.78 -0.48 -0.74 -0.42 -0.67 0.14
Kurtosis 4.51 4.42 5.20 4.15 4.92 4.03 4.83 3.98 5.04 4.14
Sharpe Ratio -1.04 -1.24 -0.77 -1.36 -1.10 -1.32 -0.99 -1.41 -1.03 -1.27
Jarque-Bera 26.10 21.04 63.02 12.73 40.37 13.23 36.44 11.01 39.27 9.10
Probability 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01
Observations 158 158 158 158 158 158 158 158 158 158

Panel C: Correlations Sectors

Non Dur Durable Manuf Energy Tech Telecom Shops Health Utilities Other Market

Non Dur 0.71 0.85 0.50 0.52 0.50 0.86 0.77 0.55 0.83 0.81
Durable 0.84 0.40 0.65 0.59 0.82 0.55 0.44 0.80 0.81
Manuf 0.61 0.70 0.57 0.84 0.71 0.55 0.88 0.92
Energy 0.39 0.37 0.42 0.42 0.64 0.56 0.64
Tech 0.68 0.66 0.60 0.27 0.65 0.86
Telecom 0.58 0.47 0.32 0.61 0.73
Shops 0.70 0.44 0.84 0.85
Health 0.43 0.69 0.75
Utilities 0.55 0.54
Other 0.90

Panel D: Correlations Factors

Robust Weak Conserv Aggres  High Low

Small Big Value Growth Profit Profit Invest Invest Mom Mom  Market
Small 0.85 0.91 0.94 0.95 0.95 0.97 0.95 0.92 0.86 0.89
Big 0.89 0.91 0.94 0.90 0.92 0.92 0.88 0.87 0.99
Value 0.82 0.91 0.87 0.94 0.84 0.85 0.83 0.87
Growth 0.96 0.96 0.93 0.99 0.93 0.88 0.95
Robust Profit 0.90 0.95 0.96 0.92 0.87 0.95
Weak Profit 0.95 0.96 0.92 0.88 0.93
Conserv Invest 0.93 0.93 0.86 0.94
Aggres Invest 0.93 0.89 0.96
High Mom 0.72 0.91
Low Mom 0.88
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Table B2: Descriptive Statistics and Correlations,Sector and
Markets, July 1963- Dec 2014

Factor Indices, Bull

Panel A: Descriprive Statistics Sectors

Non Dur Durable Manuf Energy Tech  Telecom Shops Health Utilities Other Market
Mean 1.76% 1.95% 1.94% 1.88% 2.19% 1.60% 1.95% 1.82% 1.37% 2.01% 1.88%
Ann. Mean 21.15% 23.43% 23.25% 22.50% 26.24%  19.18% 23.35% 21.87% 16.39% 24.09% 22.55%
Median 1.53% 1.68%  2.05% 1.69% 2.16% 1.43% 1.72% 1.68% 1.36%  2.16% 1.80%
Maximum 18.88% 42.62% 17.51% 24.56%  20.75%  14.35% 25.85% 29.52% 18.84% 20.22% 16.61%
Minimum -11.57% -14.11% -11.68% -17.79% -13.03% -13.40% -14.07% -12.84% -9.09% -14.07% -11.69%
Std. Dev. 3.90% 575%  4.34%  4.82% 5.51% 3.93% 4.60%  4.54% 3.57%  4.51% 3.76%
Volatility 13.52% 19.93% 15.02% 16.68% 19.07%  13.61% 15.94% 15.72% 12.38% 15.61% 13.04%
Skewness 0.24 1.00 0.19 0.43 0.30 0.07 0.34 0.45 0.26 0.09 0.06
Kurtosis 4.40 8.43 3.95 5.44 3.30 3.43 4.53 6.10 4.26 417 411
Sharpe Ratio 1.53 1.16 1.52 1.32 1.35 1.38 1.44 1.37 1.29 1.52 1.70
Jarque-Bera 42,10 641.74  20.12 128.61 8.78 3.89 53.54  200.02 35.83 27.09 23.94
Probability 0.00 0.00 0.00 0.00 0.01 0.14 0.00 0.00 0.00 0.00 0.00
Observations 460 460 460 460 460 460 460 460 460 460 460
Panel B: Descriprive Statistics Factors

Robust Weak Conserv Aggres High Low
Small Big Value  Growth Profit Profit Invest  Invest Mom Mom

Mean 2.30% 1.85%  2.11% 2.05% 2.15% 2.06% 2.17% 2.11% 2.45% 1.87%
Ann. Mean 27.57% 22.25% 25.35% 24.64%  25.83%  24.69% 26.07% 25.34% 29.46% 22.39%
Median 2.59% 1.82%  2.26% 1.97% 2.34% 2.23% 2.25% 2.16% 2.66% 1.42%
Maximum 27.12% 16.66% 25.83% 17.79%  20.26%  21.21% 20.21% 21.09% 17.49% 40.27%
Minimum -20.25% -10.80% -15.19% -16.51% -15.70% -15.95% -15.84% -16.90% -20.07% -11.68%
Std. Dev. 5.11% 3.72%  4.39%  4.64% 4.27% 4.72%  4.36% 4.74% < 4.71%  5.31%
Volatility 17.68% 12.87% 15.20% 16.09% 14.81% 16.35% 15.10% 16.41% 16.31% 18.38%
Skewness 0.06 0.15 0.21 0.04 -0.03 0.06 -0.08 0.04 -0.35 1.44
Kurtosis 5.25 4.09 6.19 3.95 4.55 4.45 4.66 4.11 5.07 10.18
Sharpe Ratio 1.54 1.70 1.64 1.51 1.72 1.48 1.70 1.52 1.78 1.20
Jarque-Bera 97.50 24.42 198.42  17.40 45.91 40.56 53.56 23.87 91.37 1146.12
Probability 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Observations 460 460 460 460 460 460 460 460 460 460
Panel C: Correlations Sectors

Non Dur Durable Manuf Energy Tech  Telecom Shops Health Utilities Other Market
Non Dur 0.59 0.78 0.42 0.56 0.63 0.80 0.73 0.62 0.80 0.83
Durable 0.81 0.44 0.64 0.54 0.69 0.45 0.37 0.75 0.77
Manuf 0.58 0.78 0.62 0.79 0.67 0.46 0.88 0.94
Energy 0.40 0.37 0.36 0.37 0.48 0.53 0.62
Tech 0.51 0.69 0.57 0.24 0.69 0.83
Telecom 0.61 0.52 0.58 0.66 0.72
Shops 0.62 0.42 0.80 0.85
Health 0.46 0.68 0.75
Utilities 0.56 0.57
Other 0.93
Panel D: Correlations Factors

Robust Weak Conserv Aggres High Low
Small Big Value  Growth Profit Profit Invest  Invest Mom Mom  Market

Small 0.83 0.93 0.94 0.94 0.97 0.96 0.95 0.92 0.87 0.87
Big 0.89 0.91 0.94 0.89 0.91 0.92 0.87 0.83 0.99
Value 0.85 0.91 0.92 0.95 0.88 0.85 0.88 0.88
Growth 0.96 0.95 0.93 0.99 0.94 0.84 0.94
Robust Profit 0.92 0.94 0.97 0.93 0.86 0.96
Weak Profit 0.97 0.95 0.92 0.87 0.91
Conserv Invest 0.93 0.91 0.87 0.93
Aggres Invest 0.94 0.86 0.95
High Mom 0.71 0.91
Low Mom 0.84
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Table B3: Descriptive Statistics and CorrelationsSector and Factor Indices, Recessions,
July 1963- Dec 2014

Panel A: Descriprive Statistics Sectors
Non Dur Durable Manuf  Energy Tech  Telecom Shops Health  Utilities Other  Market

Mean 039%  -0.36% -0.50% -0.28% -0.31% -0.18% 0.48% 0.30% 0.07%  -0.68% -0.28%
Ann. Mean 4.70%  -4.27% -6.03% -3.32% -3.73% -2.20% 5.78% 3.60% 0.86%  -8.12% -3.33%
Median 0.18% -0.58% -0.26% -0.44% -0.68% -0.11% 0.17% -0.30% 0.06% -1.97% -0.61%
Maximum 18.88% 42.62% 17.51% 20.97% 18.00% 11.10% 25.85% 29.52% 18.84% 20.22%  16.61%
Minimum -14.31% -32.63% -20.75% -17.79% -18.96% -16.22% -18.70% -15.55% -12.65% -20.05% -17.15%
Std. Dev. 5.91% 9.61% 7.30% 7.46% 8.78% 5.58% 7.62% 6.53% 5.66% 8.12% 6.50%
Volatility 20.47% 33.29%  25.28%  25.85% 30.43% 19.33% 26.39% 22.62% 19.62% 28.12%  22.52%
Skewness 0.09 0.60 -0.04 0.03 0.16 -0.26 0.19 0.85 0.21 0.14 0.05
Kurtosis 3.59 7.31 3.04 2.87 2.48 3.06 3.45 6.51 3.91 2.83 2.74
Sharpe Ratio 0.21 -0.14 -0.25 -0.14 -0.14 -0.13 0.20 0.14 0.02 -0.30 -0.17
Jarque-Bera 1.44 75.02 0.03 0.08 1.40 1.00 1.28 57.07 3.74 0.42 0.30
Probability 0.49 0.00 0.99 0.96 0.50 0.61 0.53 0.00 0.15 0.81 0.86
Observations 90 90 90 90 90 90 90 90 90 90 90
Panel B: Descriprive Statistics Factors
Robust ~ Weak Conserv Aggres High Low

Small Big Value  Growth Profit Profit Invest Invest Mom Mom
Mean -0.11% -0.21% 0.16% -0.39% -0.07% -0.40% 0.17% -0.58% 0.01% -0.44%
Ann. Mean -1.32%  -2.49% 197%  -4.64% -0.81% -4.78% 2.04%  -6.96% 0.16%  -5.31%
Median -0.52%  -0.59% 0.03%  -0.92% -0.47% -0.34% 0.17%  -0.98% 0.27%  -2.30%
Maximum 27.12%  16.66%  25.83% 17.79%  20.26% 21.21% 20.21% 21.09% 14.90% 40.27%
Minimum -20.58% -17.50% -21.44% -18.44% -17.55% -21.71% -18.30% -20.18% -18.86% -24.78%
Std. Dev. 8.40% 6.39% 7.47% 7.83% 7.33% 7.75% 7.03% 8.36% 6.80%  10.65%
Volatility 29.11% 22.12%  25.88% 27.13% 25.39% 26.86% 24.34% 28.97% 23.54%  36.89%
Skewness 0.04 0.08 -0.05 0.00 -0.04 -0.05 -0.05 0.05 -0.35 0.70
Kurtosis 3.33 2.90 4.19 2.54 2.81 2.89 3.16 2.50 3.02 4.49
Sharpe Ratio -0.06 -0.13 0.06 -0.19 -0.05 -0.19 0.07 -0.25 -0.01 -0.15
Jarque-Bera 0.45 0.12 5.34 0.81 0.16 0.09 0.13 0.95 1.81 15.62
Probability 0.80 0.94 0.07 0.67 0.92 0.96 0.93 0.62 0.40 0.00
Observations 90 90 90 90 90 90 90 90 90 90

Panel C: Correlations Sectors
Non Dur Durable Manuf  Energy Tech  Telecom Shops Health  Utilities Other  Market

Non Dur 0.72 0.88 0.56 0.77 0.70 0.90 0.80 0.73 0.88 0.91
Durable 0.87 0.42 0.79 0.73 0.83 0.53 0.55 0.83 0.84
Manuf 0.66 0.89 0.76 0.88 0.76 0.71 0.92 0.97
Energy 0.52 0.51 0.44 0.48 0.70 0.59 0.71
Tech 0.67 0.83 0.72 0.58 0.82 0.90
Telecom 0.72 0.59 0.70 0.77 0.80
Shops 0.70 0.64 0.88 0.90
Health 0.51 0.73 0.79
Utilities 0.69 0.76
Other 0.95
Panel D: Correlations Factors
Robust ~ Weak Conserv Aggres High Low
Small Big Value  Growth Profit Profit Invest Invest Mom Mom Market

Small 0.91 0.96 0.96 0.97 0.97 0.97 0.97 0.93 0.92 0.92
Big 0.92 0.95 0.96 0.96 0.96 0.96 0.94 0.89 1.00
Value 0.89 0.93 0.95 0.97 0.92 0.90 0.90 0.92
Growth 0.99 0.96 0.95 0.99 0.94 0.90 0.97
Robust Profit 0.96 0.97 0.99 0.95 0.91 0.97
Weak Profit 0.98 0.97 0.94 0.92 0.96
Conserv Invest 0.96 0.95 0.91 0.96
Aggres Invest 0.94 0.93 0.97
High Mom 0.80 0.95
Low Mom 0.89
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Table B4: Descriptive Statistics and Correlations, Sector and Factor Indices,
Expansions, July 1963- Dec 2014

Panel A: Descriprive Statistics Sectors
Non Dur Durable Manuf Energy Tech Telecom Shops Health Utilities Other Market

Mean 1.21% 1.08% 1.24% 1.28% 1.22% 1.06% 1.14% 1.24% 0.99% 1.22% 1.12%
Ann. Mean 14.53% 13.01% 14.87% 15.31% 14.60% 12.77% 13.72% 14.88% 11.88% 14.67% 13.41%
Median 1.22%  0.95% 1.40% 1.12% 1.28% 1.16% 1.18% 1.31% 1.04% 1.55% 1.39%
Maximum 14.63% 23.21% 16.80% 24.56% 20.75% 21.34% 13.32% 16.47% 11.72% 14.11% 12.89%
Minimum -21.03% -26.93% -27.33% -18.33% -26.01% -15.58% -28.25% -20.46% -12.30% -23.60% -22.64%
Std. Dev. 3.94% 554% 436%  4.93% 6.00% 4.43% 4.66%  4.51% 3.67%  4.61%  3.96%
Volatility 13.64% 19.18% 15.11% 17.06% 20.78% 15.34% 16.16% 15.62% 12.73% 15.97% 13.72%
Skewness -0.36 -0.08 -0.49 0.20 -0.29 -0.13 -0.45 -0.26 -0.13 -0.61 -0.63
Kurtosis 5.34 4.74 6.55 4.75 5.09 4.58 5.82 4.19 3.34 5.38 5.79
Sharpe Ratio 1.03 0.66 0.96 0.87 0.68 0.81 0.82 0.93 0.90 0.89 0.95
Jarque-Bera 13143  67.06 297.69  70.49 103.31  56.39 192,97  37.17 4.02 156.45  206.96
Probability 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.13 0.00 0.00
Observations 528 528 528 528 528 528 528 528 528 528 528

Panel B: Descriprive Statistics Factors

Robust  Weak Conserv Aggres High Low

Small Big Value Growth Profit Profit Invest  Invest Mom Mom
Mean 1.44%  1.14%  1.45% 1.12% 1.37% 1.14%  1.40%  1.15% 1.63%  0.90%
Ann. Mean 17.26% 13.63% 17.45% 13.48% 16.45% 13.64% 16.85% 13.84% 19.50% 10.76%
Median 1.75%  1.36%  1.84%  126%  1.63%  1.40% 1.58%  136% 194%  0.72%
Maximum 19.36% 13.01% 21.49% 14.70% 15.07% 18.66% 17.49% 15.12% 17.49% 24.41%
Minimum -29.51% -21.41% -23.56% -27.76% -25.81% -27.48% -25.46% -27.80% -27.88% -20.01%
Std. Dev. 5.25%  3.86% 4.32% 4.95% 4.36% 5.06% 4.48%  5.00% 5.02% 5.13%
Volatility 18.17% 13.36% 14.95% 17.14% 15.11% 17.54% 15.50% 17.34% 17.39% 17.76%
Skewness -0.57 -0.51 -0.53 -0.53 -0.67 -0.55 -0.63 -0.62 -0.63 0.15
Kurtosis 6.05 5.48 6.32 5.50 6.36 5.58 5.85 5.65 6.03 5.29
Sharpe Ratio 0.93 0.99 1.14 0.76 1.06 0.75 1.06 0.77 1.10 0.58
Jarque-Bera 232,95 15894 268.06 162.85 287.98 173.54 213.37 188.32 237.16 117.58
Probability 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Observations 528 528 528 528 528 528 528 528 528 528

Panel C: Correlations Sectors
Non Dur Durable Manuf Energy Tech Telecom Shops Health Utilities Other Market

Non Dur 0.63 0.79 0.46 0.51 0.58 0.80 0.75 0.57 0.80 0.80
Durable 0.82 0.49 0.62 0.54 0.72 0.51 0.37 0.77 0.79
Manuf 0.60 0.72 0.59 0.81 0.68 0.44 0.88 0.92
Energy 0.41 0.38 0.42 0.40 0.51 0.57 0.63
Tech 0.59 0.66 0.57 0.19 0.67 0.84
Telecom 0.60 0.51 0.44 0.63 0.73
Shops 0.66 0.38 0.81 0.85
Health 0.46 0.70 0.75
Utilities 0.53 0.51
Other 0.92

Panel D: Correlations Factors

Robust Weak Conserv Aggres High Low

Small Big Value Growth  Profit Profit Invest  Invest Mom Mom  Market
Small 0.83 0.91 0.94 0.93 0.96 0.96 0.95 0.93 0.86 0.87
Big 0.89 0.91 0.94 0.89 0.91 0.91 0.87 0.85 0.99
Value 0.83 0.91 0.89 0.94 0.86 0.86 0.85 0.88
Growth 0.96 0.95 0.93 0.99 0.95 0.86 0.95
Robust Profit 0.91 0.94 0.96 0.94 0.87 0.96
Weak Profit 0.96 0.96 0.92 0.88 0.92
Conserv Invest 0.93 0.92 0.88 0.93
Aggres Invest 0.95 0.87 0.95
High Mom 0.74 0.91
Low Mom 0.86
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