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Abstract: This is the first in a series of papers we wilbpsh in 2017 that demonstrate
factor tilts generally deliver far less alpha weliportfolios than they do on paper, or put
another way, investment managers generally faibfiure the returns that would be
expected based on their factor tilts. We breakresearch into four parts. In this paper
we show that the factor returns realized by funcvagars differ starkly from the
theoretical factor returns constructed from long¥spaper portfolios. Notably, the
market, value, and momentum factors are far leganging in live fund management
than their theoretical long—short paper portfoéturns.

In the second paper of the series, we challengeldzethat factor tilts—portfolios
combining several theoretical factor portfolios—#re same as smart beta strategies. We
show, using Fundamental Index™, equal-weight, amdJolatility strategies as

illustrative examples, that factor tilts cannotsessfully replicate smart beta strategies.
Although the factor tilts of these strategies agyeo replicate, the resulting portfolios
look very different from the originals, with theptecation portfolios having far higher
turnover, lower performance, and smaller capacity.

In a third paper of the series, we show that thegivee valuations of factor loadings can
give us the courage to buy mutual funds when fadterare at their cheapest, hence, the
most out of favor. Along with fees, turnover, araspperformance—where low fees, low
turnover, and low (yes, low!) past performancegeglictive of better future returns—
factor loadings can help us improve our forecastaral returns. We find the best
predictor is prior three-year performance, but wité wrong sign: buying the losers is
the winningest strategy.

Finally, a fourth paper will take a closer looknadmentum, for which we find the
realized alpha in live portfolios is essentiallyzeompared to a theoretical alpha of
around 6% a year. We show why momentum doesn’t wolike portfolios, and also
show how momentum can be saved as a useful solateha.
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In 2016, we published a series of articles thatlehged the “smart beta” revolution by pointing
out performance chasing in factor tilts and in drbata strategies can be as damaging as
performance chasing in other realms of asset mamagéRelative valuations are negatively
correlated with subsequent returns in factors amarsbeta strategies in exactly the same way
we observe a value effect in stock selection arakset allocation.

To many readers, the two most surprising revelatiorour 2016 series were 1) that many
factors owe much, or all, of their historical retuo revaluation alpha, meaning that if the
strategy has become far more expensive than ipasg its historical efficacy is exaggerated and
its future efficacy may evaporate entirely; andhgit many popular factor tilts and smart beta
strategies were expensive relative to their hisgdmorms’ We found that the value and small-
cap strategies were trading cheap relative to fyisémd that the momentum, gross profitability
(quality), and low beta strategies were tradingegigive relative to history, implying that the
past returns for the former factors were underdtétee efficacy was greater than it seemed)
and for the latter were overstated (less powehahtthey seemed).

Consequently, our findings implied that future ratufor the value and small-cap factors were
likely to be strong, and those for momentum, qualnd low beta were likely to be weak. This
finding of weak expected performance played olitvim performance far faster and far more
powerfully than we could have anticipate@ihe spread, between the strategies we identified a
cheapest and those we identified as most expensasewell over 1,000 basis points (bps) in the
second half of 2016.

In this article, we attempt to measure the slipdagfeveen the theoretical factor returns, derived
from long—short paper portfolios, and the realitator returns actually captured by mutual fund
managers. We conduct the analysis using both UBydgads and international equity funds.
Our primary focus is on US funds for which we shewtensive robustness tests to quantify the
impact, if any, of changes in estimation methodploginputs on our results. We find that
managers who favor high factor loadings for mallett, value, or momentum generally do not
derive nearly as much incremental return relatvidtv beta, growth, and contrarian funds,
respectively, as the factor return histories wauldgest. In factyell over half of the factor

return for market beta and for value (HML) disapgeas doesssentially all of the momentum
factor return. We also explore the potential readonthese impressive performance shortfalls.

Factor Returns: The Theory

Factors are used to measure manager style, taangga style-based performance from skill-
based performance, and to build and sell quantgativestment strategies. In addition to the
capital asset pricing model, or CAPM, market factioe value, size, and momentum factors are
some of the more popular factors known to acadearidspractitioners since at least the early
1990s. Using the most common theoretical portfdééinitions, these four factors have shown
quite impressive performance: the market, valug,sind momentum factors have delivered
8.2%, 2.6%, 3.6%, and 5.7% return a year, respaygtiover the last 26 years! The low beta
factor (also known as the betting-against-bet&AMB, factor) discovered in the 1970s did not
garner much popularity until recently, when it gleled an eye-catching 26-year return of
10.3%?* Other factors that have become popular over stediecade—profitability, investment,
and illiquidity—also showed fabulous historicaluets of 3.9%, 3.2%, and 2.1% over the past
quarter-century.
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Such formidable numbers might suggest factor difesa ready path to higher returns as well as
suggestingvhich factors are more likely to deliver outperformagoéng forward, and is the
theory widely advanced as fact by a vocal quantmaamity. This theory is also a product of data
mining and selection bias. While theories can laelpance our understanding of a subject, they
are just idealized approximations of the real wdémlilt on a foundation of core—and often
wrong—simplifying assumptions. No theory can fuihpture how the real world works. Worse,
the real world frequently presents us with objexfiacts and outcomes that contradict theoretical
predictions.

Factor Returns: Theory Meets Practice

What if some factor returns earned by fund managexr$ar smaller than the historical
theoretical factor returns imply, resulting in &ure shortfall in investors’ real-world portfolios?
In this case, the outputs of portfolio attributidressed on theoretical portfolios will be
inadequate and often misleading, and the investprecess that takes theoretical factor
performance for granted will favor factor tilts thail to deliver in the real world. Ultimately, ¢h
knowledge that the returns achievable in practifferdstarkly from the theoretical returns
should urge investors to reconsider their factmrcakion choices.

In practice, the long—short portfolios used to ¢ardd factor-return time series are not
investable. The return histories for these papefqms ignore a startling array of costs
associated with real-world implementation: tradbogts, missed trades, illiquid stocks,
commissions, management fees, borrowing costhéoshort portfolio, and the use of stocks
unavailable for shorting. To this list of returrostfall sources, we might add data mining and
survivorship bias. By cherry-picking some factastbries, these factors can rise to the top of the
popularity roster even when selected long after—@whuse of—the large returns they once
earned.

We can measure, albeit with some imprecision, ¢hm slippage or return shortfall. Factor
attribution assumes that the factor return flowaight through to fund returns. Our goal is to
find out, month by month, how much return a fadt@ading delivers to mutual fund results. We
can “reverse engineer” factor returns from mutualdfreturns using a two-stage regression
procedure. The purpose of the first-stage regressito help identify manager factor exposure
(e.g., which fund is value and which fund is growtbnce we have the estimated factor
exposure for all funds, the purpose of the sectagksis to measure the performance difference
between funds that is attributable to their differactor loadings (e.g., between value managers
and growth managers) for each unit of factor expasu

An example will help make our method easier to ustd@d. For simplicity, suppose we have
return data for two mutual funds (Fund A and Funa®er a 12-month period. We first estimate
the value factor loadings for each fund using tlielf2-month sample of return data and
conclude that Fund A is a value fund with a vala&alof 0.6 and Fund B is a growth fund with a
value beta of —0.3. Next, we calculate the montalgtive return of Fund A versus Fund B for
each of the 12 months. Dividing each of the 12 migrelative-return observations by the 0.9
value beta difference between the two funds, werdfan the return earned by each as a
consequence of their different factor loadings.

For any two funds, the performance difference éldue to many contributing factors, not the

least of which is idiosyncratic risk. Consequendlyperformance difference will be a poor
measure of the value factor return. But as thearsa/expands to include hundreds, and then

The Incredible Shrinking Factor Return 3



thousands, of funds, we should be able to infeln witme confidence the monthly returns
attributable to each unit of value factor exposure.

In a perfect world, the monthly factor returns ded from fund factor loadings, or the reverse-
engineered factor returns, should very closely m#te returns from the theoretical long—short
portfolios used to create factors and factor-retume series. In fact, the returns derived from
these two very different factor-return time seriasie based on a long—short paper portfolio, and
the other based on live fund returns—exhibit ex&lynhigh correlation (averaging over 90%).
Month to month they track very closely. The meannes, however, are shockingly different.
Factor returns captured by mutual fund managepeagaly for the factors with the largest
historical long—short returns, tend to be starkhyér than their theoretical paper portfolio
counterparts.

Our Data

Our analysis relies on data from Morningstar Ditdctual Fund Database for the period
January 1990-December 2016. The dataset repotisités monthly total returns for all mutual
funds, including ones that were liquidated or mdrgmsuring our mutual fund dataset is largely
survivorship-bias free. The initial fund samplelutes US open-end long-only active equity
funds with at least two years of return historp&Becember 2016. We then limit the funds in
our sample to A-share, no-load, and institutiomhalrs classe$.

Our final US fund sample consists of 5,323 fundssketure of live funds and funds that no
longer exist todayigure 1 illustrates the evolution of the fund sample oweret Our sample
size, the blue line, begins with 658 funds in 10@@st over 392 unique funds not counting the
different share classes) and gradually increasasptak of 3,800 funds in 2008, before falling to
about 3,000 funds in 2016.

The green line tracks the percentage of funds mejplorted returns, but without reported expense
ratios. Information on fund expense ratios is natilable for many funds, especially in the early
part of the sample. Our main analyses use netqoémese fund returns, which is how
Morningstar Direct reports the data. For the subs&inds for which we do have expense data,
we also conduct a robustness test showing resagiscbon gross-of-expense fund returns.
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Figure 1. US Open-End Long-Only Equity Mutual Fund Sample Characteristics,
Jan 1990-Dec 2016
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Source: Research Affiliates, LLC, using data from Morningstar Direct.

Measuring Theoretical Factor Returns

For our analysis, we choose the four factors magéhly used in manager performance
evaluation: market, size, value, and momentum. ¥¢ad on these factors and ignore a myriad
of the more recent, and sometimes exotic, factotBe “factor zoo2 We limit ourselves to
these four, in part because the Morningstar Mutuald data we use starts in January 1990; if
we were to include factors identified after thetstd our data, we would be dealing with look-
ahead bias.

Because these four factors were well known to itoregrior to 1990 (or shortly thereafter), the
theoretical factor returns, derived from long—shm@per portfolios, and the investor’s realized
factor returns, measured from actual fund perfogeaare both largely out of sample. The low
beta factor was also known by the 1990s, but didgamm notable popularity until quite recently.
Therefore, we exclude it from our main results, éxjtlore it in detail in our robustness analysis
later in the article.

The most common approach used by academics to medastor returns follows the definition
proposed by Fama and French (1993). The performarerethe last quarter-century is
impressive: all factors show positive performahde market factor is the clear champion with
an 8.2% annualized average return, followed by nmaome at 5.7%. Value and size are well
behind with annual returns of 3.6% and 2.6%, retspelg. We report the theoretical factor
performance i able 1. The theoretical factor construction methodolagpriovided

in Appendix A.
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Table 1. Theoretical Factor Performance, United States, Jan 1991—Dec 2016

Factor Theoretical L/S
Factor Returns

Mkt minus Risk-Free Rate (Rfr) 8.2%
Size 2.6%
Value 3.6%
Momentum 5.7%

Source: Research Affiliates, LLC, using data from the website of Kenneth French.

Following the Fama—French methodology, which isrtigst common theoretical factor
definition, the market factor captures the montielyirn difference between the market portfolio
and US Treasury bills; the market portfolio weighllsUS large-cap stocks by market
capitalization'° The size factor captures the monthly return difieesin the long—short portfolio
between small-cap and large-cap stocks, controlbngalue characteristics.

The value and momentum factors capture the perfoemdifference in the respective factors’
long—short portfolios, which are constructed bysehg stocks based on the variable defining
the factor, controlling for each firm’s market datization. Within both large-cap and small-cap
groups (defined by median NYSE break points), westoict the long portfolio from the 30% of
the market with the strongest value bias or monmanand construct the short portfolio from the
30% of the market with the weakest value bias fgfest growth) or momentum. Both the long
and short portfolios are cap-weighted.

In the Fama—French definition, the value and moomarfactors equally blend the long—short
factor portfolio constructed from large-cap compgarand from small-cap companies. The
intention of equally weighting the two portfolicsto control for the size factor while computing
the other factor returns.

These long—short paper portfolios are difficultpdait impossible, to replicate. Any
implementation shortfall between the theoreticalnme of the paper portfolios and the factor
returns realized by fund managers may be attribictesgveral possible sources:

- As already observed, paper portfolios ignore trgdiosts. This assumption is
particularly important for factors with high turney such as the momentum and
low beta factors.

« Paper portfolios typically extract more than hdltlee factor return from trading in
stocks of small-cap companies, for whom tradingscaee likely to be particularly
high.

+ In the real world, trades will be missed.

« Half of the return for most of these factors corftem the short side of the
portfolio; in the real world, shorting may be expie or impossible for some of the
intended short sales.

- Paper portfolios ignore management fees, whiclaalieect and significant drag on
investor performance.
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« Theoretical factor returns assume that the histbpaces for each individual stock,
in each individual month, accurately reflect thegs at which an investor would be
able to transact in the market place. Paper pafafnore stale prices and bid—ask
spreads, which can be large for institutional-sizades.

« Finally, the delisting bias documented by Shumway & arther (1999) can further
overstate performance for some factors. Shumwawéadher show that delisted
stock returns recorded in the regular databasesiact larger than what an investor
would receive when transacting in the over-the-teumarket, where these stocks
are traded after being delisted.

These sources of implementation shortfall are ehfiko affect the long and short portfolios
equally. For instance, many of these sources ofamentation shortfall may exact a greater
penalty on small-cap versus large-cap stocks taer), on value versus growth stocks (value
factor), and on performance chasing versus coatranvesting (momentum factor).

Measuring Realized Fund Returns

We can measure the factor return slippage, alb#itseme imprecision, by comparing the
reverse-engineered factor returns we estimate furtuial fund returns to the conventionally
constructed factor returns. Our reverse-engineqaogedure starts with regressing mutual fund
excess returns (the monthly fund return in excésiseorisk-free rate) against factor returns to
get each fund’awverage factor loadings. For each mutual fund, we usdultesample return data
to estimate the factor loadings and ensure theracgand stability of the estimat&dVe then
cross-sectionally regress fund returns for eachtmohhistory against the funds’ average factor
loadings in order to extract the return that thedfirealized, month by month, for each unit of
factor exposure. We provide in Appendix B a dethdescription of the two-stage regression-
based methodology for the reverse-engineered mafeger premium.

With an example using mutual funds A, B, and Cewplain our regression process. In the first
stage, we regress the full available history, dkerroughly last quarter-century, of monthly
mutual fund returns in excess of the risk-free fateeach of the three funds, separately, against
the market, size, value, and momentum factor returhe result is the respective beta of each of
the factor exposures for each of the three fun@s the periods the funds were live. The fund
factor exposure estimates have look-ahead biagjande time-varying style shifts, as does
historical factor-based return attribution, becawseause fund full-sample returns for the
estimation.

In the second-stage regression, for each montataf @e regress mutual fund returns (net of the
risk-free rate) against the fund factor loadinginested from the first-stage regressiéithe
second-stage regression coefficient for each ofatiers gives us the monthly average return
differences among mutual funds A, B, and C explhimg the differences in the funds’ factor
exposures. The monthly coefficient for each fagtdicates the factor premium earned by the
fund manager in that month, per unit of factor iaggdwhich is the realized factor return we can
compare with the theoretical paper portfolio factgurn.

Our mutual fund return data sample includes a @wt824 months from January 1990 through
December 2016. We conduct the second-stage regmemsalysis for every month, beginning
January 1991 through December 2016. We ignorertel? months of data so our results will
be directly comparable to the robustness testsomduct later in the articié. Therefore, for

each factor, we have 312 monthly observations thesed regression coefficients. Averaging
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these coefficients separately for each factor tivez (i.e., across 312 monthly observations), we
obtain theaverage factor premia captured by the fund managers.

We are following a standard empirical method kn@sra two-pass regression procedure for
estimating factor premia that was introduced by &atacBeth (1973). But instead of using
theoretical portfolios with theoretical returnsestimate the factor premia, we use portfolios
traded in the marketplace that are typical of tivestor experience— we use net-of-expense
mutual fund returns. Comparing the realized faptturns earned by fund managers to the
theoretical factor returns from paper portfoliog, are able to measure the slippage associated
with turning the theoretical factors into investrhproducts accessible to investors.

A few possible criticisms of our approach, whichwish to acknowledge but do not address in
this article, will be potentially addressed in ¢ater research. The first possible criticism is tha

mutual funds may have time-varying factor loadingisereas our method assumes static fund

factor loadings. Also, our method may provide inaate return estimations (that is, the return

captured by mutual fund managers) if managers &etlyiswitch their investing styles.

A related potential issue with our methodologyhiattany factor loading estimates we obtain in
the first stage are inherently noisy. The noisy sneament of loadings implies that the second-
stage manager-captured factor premia estimategoareward biased relative to the “true” factor
premia and may explain a portion of the slippageth& same time, unless we assume that our
factor sensitivities are significantly noisier fwme factors than others, it would not explain why
we observe materially different degrees of slipplagelifferent factord?

Another possible criticism is that if factor retarare driven by factor characteristics (such as
direct observations of price-to-book ratio forual past return for momentum, and market
capitalization for size factors), our factor loagnwhich are derived from regressions, may
poorly capture the funds’ time-varying factor expes® Perhaps, if the data were available, it
would be better to measure the factor tilts digeading the same methods used to construct the
paper factor portfolios. Again, we recognize tlsigivalid concern, which we will address in
later work, observing that the same criticism cceddally apply to factor-based historical return
attribution.

Our Findings

We now discuss our main results. Later in the lartice provide a series of tests to study the
robustness of our findings to model specificatglmre-class inclusion, and regional variations.
How well do our reverse-engineered factors resefthae¢heoretical factor returngrgure

2 displays the monthly returns of the theoreticatfptio plotted against the returns of our
reverse-engineered factors; we also display theelation and the slope coefficient between the
two sets of return series. For all factors thealation is in the range of 0.89 to 0.96 and the
slope is in the range of 0.95 to 1.01. The avecageelation is 0.92 and the average slope is
0.98, suggesting that tmaonthly behavior of the two sets of factor returns closebtch each
other.
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Figure 2. Theoretical Factor Performance vs. Manager Factor Returns,
United States, Jan 1991—Dec 2016
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Source: Research Affiliates, LLC, using data from CRSP/Compustat, Morningstar Direct, and the website of Kenneth French.

Of course, the correlation between the two senndg @escribes the co-movement between the
two. Much more interesting is the average retuentianagers deliver for their exposure to the
factors. InTable 2, for each of the four factors, we compare the ayerreturn captured by the
managers and the average return delivered by duedtical long—short factor portfolios. The
average factor premia captured by the manageigrigisantly lower than that suggested by the
theoretical returns for all factors with the exgeptof the size factor.
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To show the evolution of factor performance—bototietical and that delivered by managers,
and the difference between the two—we produce tvaots for each of the four factors. The first
is a two-line chart in which the dashed line in lilgater shade represents the cumulative returns
for theoretical long—short factor portfolios, ahe tsolid line in the darker shade represents the
cumulative returns of the factors realized by mutwad managers; this chart provides a vivid
demonstration of the fit of our reverse-enginedaatior returns. The second is a one-line chart
that plots the cumulative difference between the factor returns—theoretical and realized by
mutual fund managers.

Table 2. Theoretical vs. Manager Factor Returns, United States, Jan 1991—Dec 2016

Return Captured Theoretical L/S 15
Factor Returns by Manager Factor Returns Sl s ) Correlation
(a—b)
©) (b)
Mkt (Mkt—Rfr) 4.1% 8.2% -4.2% 0.93
Size 3.3% 2.6% 0.7% 0.96
Value 2.2% 3.6% -1.4% 0.89
Momentum 0.4% 5.7% -5.2% 091

Source: Research Affiliates, LLC, using data from CRSP, Compustat, Morningstar Direct, and data provided on the website of Kenneth French.

Market Factor. Over the last 26 years, the factor return (netarfdaction costs and other fees)
earned by mutual fund managers by loading on méwdtet has fallen short of the observed
equity market premium by 4.2 percentage pointsaa,\&s shown ifigure 3. The shortfall has
at-statistic of —3.54. In the first decade of our géarperiod, the reverse-engineered returns
match the theoretical equity premium reasonably, el the gap widens in the aftermath of the
dot-com bubble, shrinking in the months beforeglodal financial crisis, and widening again
quite substantially in more recent years. For tlaeket factor we have a reasonable explanation
for the gap; for other factors the shortfall isderto justify.

The market factor we use in our analysis refldotsreturn difference between stocks and cash.
Over long periods of time, high beta stocks haventshown to underperform low beta stocks
per unit of beta. Therefore, the gap we obserweis surprise and is nothing more than the
well-documented flat (or inverted in some studs=jurity market liné/ where differences in
stock return performance are not explained by tiannan market beta. Arguably, it might be
considered surprising that the relationship istpasat all. One possible explanation for a
positive realized market premium is the cash hgltlbd managers (and also, potentially, their
use of leverage and derivatives), which introdubesconventional market-minus-cash beta
sensitivity.

The Incredible Shrinking Factor Return 10



Figure 3. Theoretical vs. Manager Market Factor Returns and Shortfall (Annualized),
United States, Jan 1991—Dec 2016

$400 $200
Shortfall = -4.2%
i $314 = t-stat = -3.54
° o)
S g
o $205 o
S $200 S $100
o o
= 2
i -
kS kS
£ £
S 3
& $100 5 $50
$50 $25
% Y N N
@‘@ A @‘3% 1001 Apgb ﬂp" ¥ P PP ,L@l ,LQQ@ 1@9 XN

Return Captured by Manager

Theoretical L/S Factor Return

Source: Research Affiliates, LLC, using data from CRSP/Compustat, Morningstar Direct, and the website of Kenneth French.

Size Factor. The theoretical and manager returns for the siz@falemonstrate a near-perfect

fit, with a correlation of 0.96, over our study jpet. The good fit is not a surprise. The turnover
of the size factor (i.e., stocks migrating betwdenlarge-cap and small-cap categories) is one of
the lowest among all conventional factors, makhmgfunds’ replication of the factor quite easy.
Theextent of the good fit, however—that the size factor i in mutual funds is stronger than
the theoretical long—short size factor return—wasg af a surprise.

Our findings, illustrated ifrigur e 4, suggest the cumulative return derived from mutusadl
performance exceeds the theoretical long—shortfazer returns by a small and not statistically
significant margin (with &statistic of 1.13) of 0.7 percentage point a y&ae surplus return
may come from the ability to control transactiostsdbecause turnover is low in small-cap
portfolios. Further, we cannot rule out that soroiva small-cap managers may have better
stock selection skills than their large-cap brathre
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Figure 4. Theoretical vs. Manager Size Factor Returns and Excess (Annualized),
United States, Jan 1991—Dec 2016
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Source: Research Affiliates, LLC, using data from CRSP/Compustat, Morningstar Direct, and the website of Kenneth French.

Value Factor. The value factor premium is perhaps the most widelgied factor across world
markets because value strategies are among thenitety embraced investment solutions in
finance!® Our research indicates, however, that most vdhagegjies, when executed in the real
world, leave much of the value effect on the tablas gap between theoretical and realized
returns is rather persistent over our study penoth the exception of the first year. Over the
last quarter-century, value managers capturedaibyt 60% of the value premium indicated by
the long—short value factdfigure 5 shows that whereas a theoretical paper portf@iecated

an annualized return of 3.6%, mutual fund managere able to capture only 2.2% a year, an
annualized slippage of 1.4 percentage points, afithtatistic of —1.38.

Momentum Factor. The average annual return of the momentum faetsed on long—short
paper portfolios is 5.7% compared to the annualfaetbr return captured by momentum
investors, which is close to zero, at 0.4% a yeamunit of momentum loading. This shortfall,
plotted inFigure 6, translates into an annualized slippage of 5.2gr@age points over the last
quarter-century? with at-statistic of —3.43! Most of the shortfall betwetie actual returns
earned by fund managers and the theoretical paptolo happens by 2003, while essentially
all of the alpha generated by the paper portfaticuos prior to 2002.
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Figure 5. Theoretical vs. Manager Value Factor Returns and Shortfall (Annualized),
United States, Jan 1991—Dec 2016
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Figure 6. Theoretical vs. Manager Momentum Factor Returns and Shortfall
(Annualized), United States, Jan 1991—Dec 2016
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Robustness Checks

We conduct several robustness checks to see results are unique to our initial project

design. First, we remove look-ahead bias by recating manager factor loadings to reflect

fund returns preceding the month for which we aeasuring realized factor returns. Second, we
create an alternative long—short construction efrtfarket factor return, comparing a low beta
portfolio with a high beta portfolio. Third, we cgider an array of newly popular factors
including gross profitability (a popular quality amure), illiquidity, investment, and BAB.

Fourth, recognizing that the performance slippagg be attributable to expense differences
between momentum and anti-momentum funds, or betwigg beta and low beta funds, we test
our results on the subset of funds for which grafsexpense returns are available. Fifth, we test
our results on an alternative fund sample wher&eep only the oldest share class for funds that
have more than one share class. Finally, we testesults on international funds against
internationally based factor returns. All robussieBecks produce results that support our core
findings.

Factor sensitivity with no look-ahead calibration. The first step in our reverse-engineered
factor return estimation is to measure the factmsgivity of the funds. We use our full sample
of fund return data to estimate the funds’ sensjtivo each of the four factors: market, size,
value, and momentum. The factor loading estimatshbtain following this procedure are very
accurate, but the procedure introduces look-ah&es] Wwhich implies future knowledge of fund
and factor performance.

Our first robustness check is to remove this lob&eaal bias. Instead of using full-sample fund
return data to estimate the factor loadings, weomdg historical data. For the month whose
factor return we are estimating, we use only thta gaor to that month. For example, we use
data from 1990 to 1999 to estimate the fund factadings, then regress January 2000 fund
returns against the factor loadings to derive datized factor returns for January 2000.

We report our results ihable 3, Panel A. The biggest difference is for the size factoe th
excess of 0.7 percentage point we observe usinggalit@ation with full-sample data turns into a
shortfall of —0.3 percentage point when we elimgnabk-ahead factor sensitivity measurement.
Importantly, when we eliminate look-ahead fund dacensitivities, the manager-realized
shortfall/excess is largely the same; manageitscafture close to the full size premium, about
half the market and value premiums, and almost btige momentum premium.
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Table 3. Robustness of Manager-Realized Shortfall, United States, Jan 1991—Dec 2016

Return Captured by Theoretical L/S Manager Realized
Factors Manager Factor Returns Shortfall (-)/Excess (+) Correlation

(©) () (a-b)

Panel A. Robustness to factor sensitivity with no look-ahead factor measurement

Mkt (Mkt — Rfr) 4.0% 8.2% —4.3% 0.82
Size 2.2% 2.6% ~0.3% 0.94
Value 2.2% 3.6% —1.4% 0.86
Momentum 0.5% 5.7% —5.0% 0.79
Panel B. Robustness to alternative market factor definition

Mkt Beta (High Beta — Low Beta) 2.8% 1.2% 1.6% 0.88
Size 2.1% 2.6% ~0.5% 0.92
Value 2.1% 3.6% ~1.5% 0.80
Momentum -0.2% 5.7% —-5.9% 0.74
Panel C. Robustness to expenses and “newly” discovered factors

Mkt (Mkt — Rfr) 3.2% 8.2% -5.0% 0.84
Size 2.5% 2.6% 0.0% 0.94
Value 1.9% 3.6% ~1.7% 0.86
Momentum 0.3% 5.7% _5.4% 0.83
Profitability 0.2% 3.9% —3.6% 0.85
Illiquidity 1.5% 2.1% ~0.6% 0.78
Investment 0.5% 3.2% -2.7% 0.76
BAB (Low Beta — High Beta) 0.0% 10.3% ~10.3% 0.69
Source: Research Affiliates, LLC, using data from CRSP, Compustat, Morningstar Direct, and data provided on the websites of Kenneth French

The Incredible Shrinking Factor Return 15



Alternative definition of market portfolio. In our earlier discussion about the potential
explanation for the shortfall in the realized mareetor return, we acknowledged the well-
documented finding in the literature that high b&ttacks do not outperform low beta stocks
proportional to beta loading; a relationship engailly represented by a flat or inverted security
market line. This potentially makes the marketdaetstock return minus cash return—a poor
benchmark for what we should expect as the retiffereinces of funds with different market
beta sensitivities.

To make a more apples-to-apples comparison, wecdgghe market factor in a fashion very
much like the approach taken in constructing tieotactors, by constructing a long—short
portfolio. We call this variant of the market factbe high-beta versus low-beta market factor.
The long portfolio includes the 30% of the markétvihe lowest measured historical beta on a
cap-weighted basis, and the short portfolio congsribe 30% of the market with the highest
measured beta, cap-weight@8d’he leverage of the long—short portfolio is adpdsio keep the
market beta of the portfolio equal to 1.0 in thik $ample. Otherwise, we follow the no-look-
ahead procedure for fund factor exposures descnbedr first robustness check. The results are
displayed inT able 3, Panel B.

Using the alternative factor definition, the remigaptured by managers through market
exposure are reduced to 2.8% (a 1.2 percentage4edinction compared to Panel A). The
theoretical return for the market factor declinggigicantly more, from 8.2% in Panel A to
1.2% in Panel B. Because we do not change the tabtar definitions, the theoretical factor
returns for the other factors remain unchanged.shoetfall/excess of the factors is largely
unchanged for size, value, and momentum. The difife in realized and theoretical returns
changes significantly, however, for the marketdacthe shortfall of —4.3 percentage points
reported in Panel A is now an excess of 1.6 peacgnpoints.

The change is driven mostly by the significant ohecbf 7.0 percentage points in the theoretical
factor return, which drops from 8.2% to 1.2%. Thieeo driver, which has a significantly smaller
impact, is the decline of 1.2 percentage pointsnfs.0% to 2.8%, in the return captured by the
managers. These results are consistent with oliereemnjecture that the explanation for the
deviation in the market factor return captured dnydf managers compared to the theoretical
factor return is driven by two forces: 1) a flatioverted security market line, and 2) differences
in the cash holdings between different manageid patentially to a smaller degree by the use
of leverage and derivatives. A high beta achiewetldding high beta stocks performs far worse
than the market-minus-cash difference would pre@iat a low beta achieved by holding cash
performs far worse than the high-minus-low-betadiawould predict. So, these results are
unsurprising.

Including other factors. Until now, we have limited our analysis to the fonost popular

factors in the early 1990s. Considering today’shigher number of factors—316+ factors as of
year-end 2012 (Harvey et al., 2012)—that have Bigiemtified” by research published in top
academic journals, unpublished manuscripts, setiendcademic journals, and practitioner
journals, we ask if our results are robust to thetker factors. But testing robustness to the
inclusion of hundreds of factors is not practitastead, we choose to add to our analysis four
additional factors that are very popular todayfipability, investment, illiquidity, and low beta,
or BAB. We use the no-look-ahead calibration, whitdkes the Panel A results an appropriate
comparison for the broader analysis. The resutpeesented iffable 3, Panel C.
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For the four original factors in our analysis, walfthat the manager-captured premia, and
consequently the shortfalls, are largely unchangexzlbiggest changes are the market factor
premium, which declines by 0.8 percentage pointhfth0% to 3.2%, and the size factor
premium for which the excess of 0.7 percentagetpegnobserved earlier (Table 2) now
disappears. The manager-captured factor premihédiour new factors we analyze are quite
consistently close to zero, with the only excepti@mg the illiquidity factor with a premium of
1.5%.

In the broader set of eight factors, over the 2&syears we find managers deliver a premium
above 1% a year for only four: market, size, vahrg] illiquidity. All four of these factors are
inherently uncomfortable to hold. Market risk ig thiggest risk for most investors and is often
correlated with the investor’s personal income heegob losses and bear markets generally go
hand in hand. The size factor may require invedtoi®ld stocks they do not understand well
and which have protracted periods of underperfon@aihe value factor is inherently
uncomfortable to hold because value stocks ardlysieap for good reason, and a value
strategy requires investors to sell recent winaasbuy recent losers. The illiquidity factor’s
level of discomfort for investors rests in not lgeable to sell investments without incurring
large costs, typically at times when liquidity i®sh needed:

Not all factors chase what is recently profitabiel avhat is comfortable. Not all factors require
frequent turnover to implement. Only those facteith low turnover, and which are
uncomfortable to own, appear to be able to genaratturn that can be captured by mutual fund
managers.

Grossreturns, before thetotal-expenseratio. All of our results presented thus far are based on
net-of-expense returns. We now ask to what extenshortfall in manager-realized factor
returns can be attributed to the differences ireagps (primarily the management fee) between
managers, especially between growth and value neasidgetween high-beta and low-beta
managers, and between momentum and contrarian er@n&ge measure the sensitivity of our
results to fund expenses by conducting two addititests on the sample of funds for which we
have expense information:

First, we analyze the subsample’s returns net péeses to control for

1. the uneven distribution of expense information dhertime sample, and
2. the potential for under-reporting due to self-repay by fund managers, some of
whom may choose not to report because of poor pedice.

Second, we repeat the same exercise on a grosgeifige basis.

These test results are reported able 4. We do not have perfect coverage for the fund es@e
ratio, so we are only able to carry out our robessntests on two different dimensions. The
difference between column (a) and column (b) inl@dhindicates the impact of the smaller
sample size. The difference between column (b)cahann (c) represents the impact due to
expenses using the reduced sample of funds. IreT&blof Appendix C we show additional
tests for a more complete set of factors that apilar today; once again, controlling for
expenses does not alter the results.
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In a nutshell, the factor return shortfalls realizyy fund managers are not driven by differences
in expenses.

Table 4. Robustness of Manager-Realized Shortfall to Expense Inclusion, United States,
Jan 1991—Dec 2016

Return Captured by Return Captured by Return Captured by

VETELL LU ETECE Theoretical L/S Factor
Factors Net of Expenses, Net of Expenses, Gross of Expenses, Returns
Full Sample Reduced Sample Reduced Sample
C) (b) ©

Mkt (Mkt — Rfr) 4.0% 4.3% 44% 8.2%

Size 2.2% 2.3% 2.3% 2.6%

Value 2.2% 2.3% 2.1% 3.6%
Momentum 0.5% -0.2% -0.9% 5.7%

Source: Research Affiliates, LLC, using data from CRSP, Compustat, Morningstar Direct, and data provided on the website of Kenneth French.

Alternative fund sample, keeping only the oldest share classfor each fund. Some funds in

our select mutual fund universe offer more than sitege class; these classes have different
shareholder rights and obligations, such as feetstres and load charges. All of our tests to this
point include all three share classes (A-shardpad; and institutional) if a fund in our sample
offers all three. We treat each class as a seplarade Mutual fund studies more commonly

either consolidate multiple share classes by takimgighted average based on total net assets or
keep only the oldest share class of the fund. Wetest the sensitivity of our results to our fund
inclusion method by keeping only the oldest sh#asscfor those funds that offer more than one
share class.

These results are reportedliable 5. The manager-realized factor shortfall/excesangdly
unchanged. We conclude that our fund inclusion oettoes not bias our results.

Table 5. Robustness of Manager-Realized Shortfall to Fund Share-Class Inclusion, United States,
Jan 1991—Dec 2016

Return Captured by

Manager, Theoretical L/S Manager Realized
Factors Net of Expenses, Factor Returns Shortfall (-)/Excess (+) Correlation
Full Sample (b) (a—-b)
(a)
Mkt (Mkt — Rfr) 3.9% 8.2% _4.4% 0.83
Size 2.2% 2.6% ~03% 0.94
Value 2.3% 3.6% _13% 0.86
Momentum 0.9% 5.7% _4.8% 0.80

Source: Research Affiliates, LLC, using data from CRSP, Compustat, Morningstar Direct, and data provided on the website of Kenneth French.
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Manager -captur ed factor returnsin international markets. Our findings so far reported are
based on the US mutual fund data sample. Intemmeltiands provide a good proving ground for
an out-of-sample test. To form our internationaliggfund sample we select funds from the
Morningstar Direct open-end long-only internatioeglity universe that have at least two years
of return history as of December 2016. We thentloar fund selection to A-share, no-load, and
institutional share classes, following the samehm@twe use to form our US fund sample. Our
final international equity fund sample consist2#64 funds, a mixture of live funds and funds
that no longer exist today.

We display inTable 6 the international results for the four most poptators??For the US

fund sample, we are able to rely on the factornst@rom the Kenneth French data library. The
international fund sample, however, has some szaivlerging market positions. To ensure
factor portfolio representativeness, we follow sitendard Fama—French methodology in
constructing the international (i.e., All World)g-short factor portfolios. Column (b) in Table
6 shows the historical premia for the factors, \utace largely in line with the theoretical factor
returns in the United States: market and momententhe clear winners, followed by value and
then by size. Returns captured by managers adasidaificantly behind the theoretical returns.
We observe the following:

- The market factor premium captured by managerép li§ significantly smaller
than the theoretical market premium, producingatédl of —4.7 percentage
points. This is quite consistent with earlier engair work that finds a flat or
sometimes inverted security market line, so outifig should not be a surprise.

« The size factor premium captured by managers, 2e3%geds the theoretical factor
premium by 0.7 percentage point. Just like in tigerblrket, the international funds
fully capture the size premium, and even captusigat excess, which may be a
sign of the stock-picking skill of small-cap manegye

- The value factor premium captured by managers, 2id%e second largest after
size, with a shortfall of —2.8 percentage poinimifar to our findings for US funds,
the international funds capture slightly below althe theoretical value premium.

« The momentum factor premium captured by fund marsaige-0.6%, which results
in a shortfall of —=7.2 percentage points relativéhte theoretical premium. Just like
in the US market, the international funds do nqtgee the momentum premium.

Table 6. Robustness of Manager-Realized Shortfall to International Sample, International Equity
Funds, United States, Jan 1991—Dec 2016

Return Captured by Theoretical L/S Manager Realized
Factors Manager Factor Returns Shortfall ()/Excess (+) Correlation
(a) (b) (a—b)
Mkt (Mkt — Rfr) 1.6% 6.3% —4.7% 0.67
Size 2.3% 1.6% 0.7% 0.60
Value 2.1% 4.9% —28% 0.78
Momentum -0.6% 6.6% 0.62

-7.2%

Source: Research Affiliates, LLC, using data from Worldscope, Datastream, and Morningstar Direct.
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We also provide in Table G¥ Appendix C the results for a broader set ofdes;tthose most
popular today, for our international mutual fundngde. Controlling for other factors changes
very little compared to the results for the maiarféactors. International fund managers, on
average, capture a 1.2% a year profitability premitepresenting a 1.6 percentage-point
shortfall, much higher than in the US sample. Adgterent from the US results is that the
illiquidity premium captured by managers is clogseéro, —0.3% a year, in the international
market, whereas it is slightly positive at 1.5%he US market.

The international findings support our US findingsanagers fully capture the size premium,
capture less than half of the value and market pnasy and capture essentially nothing of the
momentum premium, although they do capture theanpsdowns as momentum wins and loses.

The Sour ce of the Slippage

Our results show high slippage for the market fiactbis is no surprise. A flat security market
line is well documented: differences in stock retperformance are not explained by variation
in market beta. Indeed, the only reason we likalysa positive realized factor return for the
market factor is managers’ use of cash and devestwhich have the conventional market-
minus-cash beta sensitivity. For the long—shortiofis; our results show little-to-no slippage for
size, moderate slippage for value, and a very &ligipage for the momentum factor.

Theoretical portfolios ignore the costs to tradamgl shorting and rely heavily on small and
illiquid stocks, which are associated with highests to trade. They ignore management fees
and other costs related to implementation, causisigortfall in the realized factor return versus
the theoretical return.

How big are the transaction costs associated witlamentation of different factors? Several
studies, including Novy-Marx and Velikov (2015) aBdck et al. (2016), show that low-

turnover strategies, such as value and size, sroatl to moderate trading costs. The higher-
turnover strategies, such as momentum (and tocsarlextent low volatility, or BAB), have

trading costs that may be large enough to wipgtmipremium completely if enough money is
following the strategy. This order matches thepsipe we observe in our study and suggests that
transaction costs likely play a major, even dominaoie as the source of slippage between
theoretical and realized factor returns.

Another possible source of slippage could be marsigk in choosing theegativefactor
exposure. For example, if growth fund managers B&namg stock-selection or timing skills, the
difference in performance between value and grondhagers will appear as an erosion in the
realized value premium, when computed using ouhotktversus the theoretical value
premium. We will explore the possible drivers doftta return slippage later in our series of
articles. Meanwhile, caveat emptor!

ArelnvestorsBelieving in Impossible Things?

Factor investing is gaining popularity in the intreent community. To some degree, the
practitioners are catching up with the academieaesh—this is a good thing because investors’
toolkits are being enriched. Yet, we must wondel0i000 quants are all pursuing the same
factor tilts, how likely are they to add value? Tuse of academic tools, without proper
understanding of hidden costs or of the ways tagat implementation shortfall, can lead to
tears. We would argue this is already happening.
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Whereas theoretical factor returns offer a riclayaof tools to use in return attribution and for
portfolio construction, these long—short paperfptids are taking aggressive positions among
small and potentially very illiquid groups of stachkf investors assume that the paper-portfolio
returns from these factors can be earned in tHeva#d, they may be in for a big surprise. The
paper portfolios ignore trading costs and managémfees, and assume that the data at which
prices are recorded in the theoretical return degeb accurately reflect the trading opportunities.
These theoretical factors are selected today Wwelbtessings of hindsight, data mining, and
selection biasOf course their historical results ook brilliant!

We find that fund managers experience significaottalls in their ability to capture factor
returns compared to theoretical paper portfoliogadrticular, the shortfall is quite strong for the
market and value factors, where the return deltvéoehe end-investor is halved or worse. For
the momentum factor the end-investor seems to éayyed no benefit whatsoever from fund
momentum loadings nor any penalty for funds thaehen anti-momentum bias. We suspect the
lion’s share of the shortfall is due to tradingtsps topic we may explore in a future article.
Factor returns are inherently uncertain, whereasesdrivers of slippage, such as costs or
returns, which are not captured by the short sideeopaper portfolio are a lot more predictable.
If these predictable factors are responsible ferdlippage, we are likely to see a similar
magnitude of slippage in the future.
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Appendix A. Theoretical Factor Construction Methodologies

For US factor portfolios, we use the publisheddaceturns available through the Kenneth
French Data Library for the following factors: matksize, value, momentum, profitability, and
investment. For the US low beta factor, we useptitdished returns from the AQR website.

For international factor portfolios, we use thewamse of stocks from the
Worldscope/Datastream database. We define thenattenal large-cap equity universe as stocks
with market capitalization in the top 90% by cuntivi@ market-cap within their region, where
regions are defined as Japan, United Kingdom, amdde ex UK. The small-cap universe is
defined as the bottom 10% by cumulative market-cap.

We divide each universe by the various factor dggt@mconstruct desired-characteristic (the long
side) and undesired-characteristic (the short iddjolios. We follow Fama and French (1993,
2012, 2015) in constructing value, size, profitdjilinvestment, and momentum factor
portfolios in both large- and small-cap univerdes. example, to simulate the large-cap value
factor in the United States, we construct the valorfolio from large-cap stocks above the 70th
NYSE percentile by book-to-market ratio (desiredreateristic), and we construct the growth
portfolio from large-cap stocks below the 30th NY&Ecentile (undesired characteristic). To
simulate the small-value factor in the internatianarkets, we construct the value portfolio from
small-cap stocks above the 70th percentile in tfesipective region (Japan, United Kingdom,
and Europe ex UK) by book-to-market ratio, andghmvth portfolio from small-cap stocks
below the 30th percentile in their respective ragio

Each long-side or short-side portfolio is definedfze equal-weighted average of large- and
small-cap portfolios. These portfolios are weighbgdnarket capitalization and rebalanced
annually each July, with the exception of momentwmich is rebalanced monthly. The long-
and short-side portfolios are then used to foriong+short factor portfolio without leverage. For
example, the value factor is the average retursnoall-value and large-value portfolios minus
the average return on small-growth and large-grqetitfolios:

(Small Value + Large Value) (Small Growth + Large Growth)
2 2

Value Factor =
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We follow Frazzini and Pedersen (2014) in consingcthe low beta factor. We use the median
value as the breakpoint instead of the 70th ankl Bétcentiles. The high-beta and low-beta
portfolios are weighted by the difference betweetalvanks and average rank, and rebalanced
monthly. The long—short portfolio is a self-finangizero-beta portfolio with leverage:

Low Beta Factor

1
" Beta of Low Beta Portfolio

(Low Beta — Risk Free)

1
" Beta of High Beta Portfolio

(High Beta — Risk Free)

The signals used to sort the various factor poas$cére:

Value Book-to-Price Ratio Book Value/Market Cap

Low Beta Market Beta Frazzini and Pederson (2014) definition in which
correlation is estimated with five years of daily
returns and volatility with one year of daily returns

Profitability Operating Profitability Annual revenues minus cost of goods sold, interest
expense, and selling, general, and administrative
expenses divided by book equity for the last fiscal

year
Investment Change in Assets Year-over-year percentage change in total assets
Momentum -12 to -2 Month Return Prior 12-month returns, skipping most recent month
Size Market Cap Market Cap

Illiquidity Price Impact of Order Flow One-year average of | daily return |/volume USD

Source: Research Affiliates, LLC.
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Appendix B. Two-Stage Regression-Based M ethodology for Rever se-Engineered
Manager Factor Premium

Forn fund returns andh factors, the first stage obtains the factor exposi by
calculatingn regressions on each wiffactors, as follows:

Riy=ay+Prp X Fip+Prp X Fop+ o+ Brp, XFp + 61

Roe =ap + Bop X Fip+ Bop, X For + -4 Bop, X Fnyp + €2y

Rn,t =ay + ﬁn,Fl X Fl,t + Bn,Fz X FZ,t + ot lgn,Fm X Fm,t + En,t (]-)

WhereR;tis the return of fund (n total) at timet; F;; is the factoj (mtotal) at timet; Birm are
the factor exposures that describe how returngxgresed to the factors; ahdoes from 1
throughT. Note that each regression uses the same faEtdvecause the purpose is to
determine the exposures of each fund’s returngioen set of factors.

The second stage is to compiiteross-sectional regressions of the returns omtastimates of

theps (we can call therB) calculated in the first stage. Each regressi@s tise samps from
the same step:

Rix =y10 +y11 X éi,Fl + V1,2 X BAi,FZ + ot Yim X Ei,Fm + 01

Riz = Va0 + V21 X Biry + Y22 X By + -+ Yom X Bir, + 642

Rir =¥ro+v¥n1 X BE,FI +Vn2 X Bi,Fz tot Yum X Bi,Fm +0;r 2)

wherey are regression coefficients that are later usedlimulate the risk premium for each
factor. In each regressioingoes from 1 through (n funds).

These two steps are followed tnyseries ofy coefficients, one for every factor, each having
lengthT. The risk premiunym for factorFn is the simple average ¢f over time.
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Appendix C. Additional Robustness Checks

Table C1. Additional Robustness Checks to Control for Expenses, United States, Jan 1991—Dec 2016

Return Captured by Return Captured by  Return Captured by
Manager, Manager, Manager, Theoretical L/S

Tl Net of Expenses, Net of Expenses, Gross of Expenses, Factor Returns

Full Sample Reduced Sample Reduced Sample

Panel A. Robustness to expense inclusion with alternative market factor definition

Mkt Beta (High Beta — Low Beta) 2.8% 2.8% 3.3% 1.2%
Size 2.1% 2.2% 2.2% 2.6%
Value 2.1% 21% 2.0% 3.6%
Momentum -0.2% -0.6% -1.4% 5.7%

Panel B. Robustness to expense inclusion with alternative market factor definition and “newly” discovered factors
(excluding the BAB factor)

Mkt Beta (High Beta — Low Beta) 2.4% 2.4% 2.7% 1.2%
Size 2.7% 2.6% 2.6% 2.6%
Value 2.0% 2.0% 1.8% 3.6%
Momentum 0.3% -0.1% -1.0% 5.7%
Profitability 0.7% 0.6% 0.2% 3.9%
liquidity 14% 1.4% 1.6% 2.1%
Investment 0.5% 0.2% 0.5% 3.2%

Panel C. Robustness to expense inclusion with alternative market factor definition and “newly” discovered factors
(including the BAB factor)

Mkt Beta (High Beta — Low Beta) 2.5% 1.8% 2.1% 1.2%
Size 2.7% 2.6% 2.8% 2.6%
Value 1.6% 1.5% 1.8% 3.6%
Momentum -0.2% -0.1% -0.9% 5.7%
Profitability 0.2% 0.1% -0.4% 3.9%
liquidity 1.3% 1.2% 1.6% 2.1%
Investment 0.3% 0.4% 0.7% 3.2%
BAB (Low Beta — High Beta) 0.0% 0.8% 1.2% 10.3%
Source: Research Affiliates, LLC, using data from CRSP, Compustat, Morningstar Direct, and data provided on the websites of Kenneth French

and AQR.
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Table C2. Additional Robustness Check to Expense Inclusion for a More Complete Set of Factors,
United States, Jan 1991—Dec 2016

Return Captured by Return Captured by  Return Captured by

Factors Manager, Manager, Manager, Theoretical L/S

Net of Expenses, Net of Expenses, Gross of Expenses, Factor Returns
Full Sample Reduced Sample Reduced Sample

Mkt (Mkt — Rfr) 3.2% 3.0% 3.2% 8.2%

Size 2.5% 2.6% 2.7% 2.6%

Value 1.9% 1.9% 1.8% 3.6%

Momentum 0.3% 0.0% -0.5% 5.7%

Profitability 0.2% 0.2% 0.2% 3.9%

Illiquidity 1.5% 1.4% 1.5% 2.1%

Investment 0.5% 0.4% 0.5% 3.2%

BAB (Low Beta — High Beta) 0.0% 0.8% 0.5% 10.3%

Source: Research Affiliates, LLC, using data from CRSP, Compustat, Morningstar Direct, and data provided on the websites of Kenneth French

and AQR.

Table C3. Additional Robustness Check of Manager-Realized Shortfall to International Sample for a
More Complete Set of Factors, International Equity Funds, Jan 1991—Dec 2016

Return Captured by Theoretical L/S Manager Realized
Factors Manager Factor Returns Shortfall (-)/Excess (+) Correlation
(a) (b) (a=b)
Mkt (Mkt — Rfr) 1.5% 6.3% -4.8% 0.68
Size 2.1% 1.6% 0.4% 0.68
Value 1.7% 4.9% -3.1% 0.82
Momentum -1.5% 6.6% -8.0% 0.68
Profitability 1.2% 2.8% -1.6% 0.71
liquidity -0.3% 0.5% -0.8% 0.67
Investment -0.1% 2.8% -2.9% 0.69
BAB (Low Beta — High Beta) -0.7% 6.4% -7.0% 0.61

Source: Research Affiliates, LLC, using data from Worldscope, Datastream, and Morningstar Direct.
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Endnotes

1.

9.

In 2016 we published three articles on the timéati@mn of factor and smart beta strategy
returns: “How Can ‘Smart Beta’ Go Horribly Wrong?T,o Win with ‘Smart Beta’ Ask

If the Price Is Right,” and “Timing ‘Smart Beta'rategies? Of Course! Buy Low, Sell
High!”

The fact that factor tilts and smart beta strategre expensive has two uncomfortable
implications. First, the past success—often onlgiamilated past performance—is partly
a consequence of revaluation alpha from theseegiest enjoying a tailwind as they
became more expensive. As investors, we extrapthlatgart of the historical alpha at
our peril. Second, any mean reversion toward hesbnorms for relative valuation

could turn positive historical alpha into negatiuture alpha.

We were excoriated by some critics for suggestiag some so-called smart beta
strategies could “go horribly wrong” and for sugges the risk of a “smart beta crash” in
some strategies, analogous to the quant crash@ia2007. In the second half of 2016,
after we published “To Win with ‘Smart Beta’ Askthe Price Is Right,” low vol lost
money in a bull market. At this writing, in the Bignonths since June 2016, low-
volatility strategies have lagged value strategiesver 1,000 basis points in the US,
international, and emerging markets. Quality andniatum strategies were hit about
half as hard relative to value. The two smart B&atategies we identified as cheap (value
and size) have fared well, and the three we idedtis rich (profitability, momentum,
and low vol) all fared poorly. Did some smart bgti@tegies “go horribly wrong™?
Absolutely.

The low beta effect was documented by academiaeirl®70s, however, the BAB factor
research was only published in 2014 and becamelgnopurecent years.

This method introduced by Fama and MacBeth (199 8kguently used in academic
publications.

The Morningstar Direct Mutual Fund Database inctuliiguidated or merged funds. We
focus on institutional, no-load, and A-share cladsecause they are the most relevant to
retail and institutional investors. These thressits differ in fee structures and represent
investment returns to different types of investtmslusion of all three share classes
enriches the sample. Also, the inclusion of mudtighare classes should not bias the
slope of the second-stage regression coefficigiésniethodology is described in

the Appendix) nor therefore our conclusions baseduw findings.

Before 1990, given the small number of unique fuds test estimating the multifactor
premia may run into identification problems.

John Cochrane coined this marvelous expressiorveyat al. (2015) show that over 316
factors were “discovered” and published in the acaid research by year-end 2012, with
over 90% of that research published since 2006ohversations with Cam Harvey, he
suggested that all 316 exhibited positive alphapal all showed statistical significance
net of the size and value factors, and none ofé¢kearchers—zero—had tested whether
their strategy had enjoyed a tailwind of risingatede valuations, which may have driven
part or all of the factor’s historical efficacy.

Of course, if they did not have positive performarbey would not have become
popular!

10.The US large-cap equity universe consists of stadksse market capitalizations are

greater than the median market capitalization erNMSE.
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11.The outcome, however, may be quite different fromihtent. For many factors, the
returns within the universe of large and small ksoare materially different. Typically,
the factors constructed within the universe of $istalcks exhibit significantly higher
risk and frequently higher premia than the redoitshe large-stock universe. Measured
by market capitalization, the small-cap universky o@presents about 10-20% of the
entire equity market. Equally weighting the larggg@nd small-cap portfolios essentially
increases the impact of the small-cap market segtoéi9%, which increases
performance of the theoretical portfolio and patdht overstates the achievable factor
premia. Nevertheless, because the goal of thidert to compare the theoretical versus
the realized factor premia, we follow the most camniy accepted definitions of the
factor portfolios.

12.In a later section of the article where we testrtimistness of our results, we use an
alternative ex ante estimation with largely uncheghgonclusions. Although the original
Fama—Macbeth (1993) methodology uses only ex atteid measuring portfolio factor
loadings, Fama and French (1992) tested and coexthidit using full-sample data for
factor loading estimation does not lead to mateliiférences in factor premia
estimation.

13.Each fund’s factor loadings used in the secondestdghe regression are identical
throughout all months because the loadings areileadd using the fund’s full-sample
returns.

14.1n our robustness tests, because we use only exrdatmation in our factor beta
estimations in the first-stage regression, andtas the first set of factor beta
estimations only after having at least 12 monthetfrn data, January 1991 is the first
month (using all available data up to Decemberl®90) for which we have the first set
of factor beta estimations. Therefore our ex agsgé riesults start from January 1991.

15. Differences in ex post correlations of implied mgerapremia and paper factor portfolio
premia do not reveal much about the slippage celahip.

16. A long-lasting debate in the academic literaturel®ther risk exposures or stock
characteristics is the better driver of expecteédrns. Fama and French (1993) argue that
returns are driven by risk exposures, while Lakiooks Shleifer, and Vishny (1994)
argue that mispricing and stock characteristics beathe stronger driver. Daniel and
Titman (1997) conduct a test comparing the two kiypges and conclude that stock
characteristics may be a better driver. Evidencbaih sides of the debate comes from
Berk (2000) and Davis, Fama, and French (2000), avbae that risk exposures are more
important, and Daniel, Titman, and Wei (2001) aré¢es et al. (2013), who argue stock
characteristics are more important.

17.1n the early 1970s, researchers such as HaugeHeaind (1975) and Black, Jensen, and
Scholes (1972) found empirical evidence that vimmain market beta risk is not matched
with compensation for risk; this is known as a iasometimes inverted security market
line.

18.The value effect was first documented by Basu ()9F7e two most accepted
explanations for the value effect are risk basegyraposed by Fama and French (1992),
and behavioral, as proposed by Lakonishok, Shlefed Vishny (1994).

19.The apparent 0.1 percentage-point difference isalueunding.

20.We follow Frazzini and Pederson (2014) to calcusitek market beta, in which
correlation is estimated with five years of daigyurns, and volatility with one year of
daily returns.
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21.We have often said that finance theory got offf@wrong track well over a half-century
ago with the notion of a risk premium. Had it bealied a “fear premium” most of the
anomalies of modern finance would have been fulyeeted and the merging of
behavioral and neoclassical finance would have ladait accompli many years ago.

22.0ur results for factor sensitivity of the fundsneasured with no look-ahead bias.
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