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nvestment practitioners and many aca-
demics are understandably preoccupied
with identifying stock characteristics and
strategies that offer the prospect of high
risk-adjusted returns. Many sensible invest-
ment beliefs, when translated into portfolio
weights, result in historical outperformance
relative to the cap-weighted benchmark.

The naive expectation is that, when we
invert the weighting algorithms of these sen-
sible investment heuristics, effectively turning
them upside down, these inverted strategies
should underperform by roughly as much as
the original algorithm outperformed. Instead,
we find that these upside-down strategies also
beat the cap-weighted benchmark, often by
more than the upright originals. Indeed, even
a portfolio generated by Malkiel’s blindfolded
monkey' throwing darts outperforms the
market.’

How can it be that a monkey—who
may have great skill with darts, but presum-
ably has no skill in evaluating investments—
adds value? Our findings suggest that the
investment beliefs upon which many invest-
ment strategies are ostensibly based play little
or no role in their outperformance.’

This does not mean that these strategies’
outperformance is suspect. Rather, as it turns
out, these investment beliefs work because
they introduce, often unintentionally, value
and small cap tilts into the portfolio. Counter-

intuitively, when we invert these strategies, the
resulting portfolios continue to display value
and small cap bias. We demonstrate this para-
doxical effect mathematically in Appendix A.

The results we present are puzzling
until one grasps the derivations in the litera-
ture, starting with Berk [1997]. Berk [1997]
and Arnott et al. [2011] argue that low prices
create size and value effects. Berk ascribes this
to hidden risk factors; Arnott et al. [2011]
ascribe this to mean-reverting errors in price.
Either way, falling prices lead to low book-
to-market ratios and low market capitaliza-
tion; whenever prices mean-revert, value
and small stocks outperform. Hsu [2006]
and Arnott and Hsu [2008] offer a concep-
tual framework where non-price-weighted
portfolios, which contra-trade against price
changes at each rebalancing, necessarily result
in value and size tilts, regardless of the weighting
method chosen.

In summary, value and small-cap
exposures are naturally occurring portfolio
characteristics, unless an investor constructs
a portfolio to have a positive relationship
between price and portfolio weights. In this
article, we illustrate these theoretical results
with simple, easily replicable portfolio back-
tests. We do not attempt to comment on the
interesting debate regarding the nature of value
and small-cap premiums.
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RESEARCH DESIGN

This research is motivated by the proliferation of
quasi-passive equity index strategies and their note-
worthy long-term outperformance against traditional
cap-weighted benchmarks in back-tests, despite some-
times diametrically opposed investment beliefs. This
leads to a natural skepticism. It’s hard to believe that they
could all work, in light of the longstanding literature on
the mean-variance efficiency of the cap-weighed bench-
mark and the underperformance of active management.
However, the empirical evidence from domestic and
global market data, which extend back as far as data are
available, suggests a robust outperformance.*

Our examination of this puzzle starts with portfo-
lios formulated from an array of arguably sensible invest-
ment beliefs. We then invert these beliefs to create less
intuitive strategies. In inverting the strategies, we tacitly
examine whether these strategies outperform because
they are predicated on meaningful investment theses and
deep insights on capital markets, or for reasons unrelated
to the investment theses. If the investment beliefs are
the source of outperformance, then contradicting those
beliefs should lead to underperformance.

For each of the investment beliefs, we create long-
only equity portfolios using simple weighting heuristics.
We then turn them upside down. For each quasi-index
strategy, we form two inverse portfolios: 1) an inverse
ratio portfolio, formed by normalizing the inverse
weight 1/w and 2) an inverse complement portfolio,
formed by normalizing the original portfolio’s comple-
mentary weight (max(w)-w).” Except for some special
situations, the two inverse portfolios generally have
comparable characteristics. We also compute portfolios
based on Malkiel’s blindfolded dart-throwing monkey.°

To ensure that we invest in sufficiently liquid stocks,
we restrict our universe to the largest 1,000 U.S. stocks by
market capitalization.” We extend the analysis to global
markets at both an individual country level and a global
portfolio level. For the global country portfolios, we use
the largest stocks by market capitalization, matching the
number of stocks to the most popular local cap-weighted
benchmark indices.® The global country results are gen-
erally qualitatively similar to the U.S. results, but often
with a considerably larger magnitude of CAPM and
Fama—French Four Factor model (FF4) alpha.’

2 THE SURPRISING ALPHA FROM MALKIEL'S MONKEY AND UPSIDE-DOWN STRATEGIES

We rebalance all portfolios annually, on the last
trading day of the year. We back-test the portfolio
schemes using as much historical data as are available in
the CRSP/CompuStat merged database for the United
States, and the Worldscope and Datastream databases for
other developed countries. When necessary for portfolio
construction, we estimate the risk parameters, such as
variances and covariances, using the previous five years
of monthly data. For example, for a covariance-based
strategy portfolio for 2003, we will use the sample cova-
riance matrix from 1998 to 2002." Appendix B contains
a strategy summary.

We break our analysis into five categories.

Reference Portfolios

We establish two reference portfolios. Our first
reference portfolio is the cap-weighted portfolio, which
most people consider a reasonable representation of the
market. Exhibit 1 summarizes key attributes of the U.S.
cap-weighted portfolio, using data from 1964 to 2012.

The second line of Exhibit 1 displays the equal-
weighted (EW) portfolio, which represents perhaps
the strongest level of investor naiveté, tacitly believing
that all stocks have identical expected returns and risk
attributes. This makes EW an interesting and sensible
secondary reference portfolio. One might also interpret
EW as an effective approach for capturing stock-price
mean reversion where, at each rebalancing, the portfolio
mechanically buys stocks that have fallen in price relative
to others—unless they’ve fallen so far that they no longer
make the size cut for the country—and sells stocks that
have risen in price relative to others.

The EW portfolio produces 180 basis points
(bps) per year of incremental performance over the
cap-weighted reference benchmark. This incremental
performance is almost entirely due to substantial size
and value factor loading; EW delivers a 0.15 percent
annualized FF4 alpha, with no statistical or economic
significance. Throughout this article, it will become
increasingly clear why the EW portfolio is a sensible
reference benchmark for other non-price-weighted
strategy indices.

Favoring High-Risk Stocks in our Portfolios

SumMMER 2013

It is illegal to make unauthorized copies of this article, forward to an unauthorized user, or to post electronically without Publisher permission.



DIvp 1Isnduio) /JSYD 1o pasvq Saypniff} yoavasay :22nos

$0°0- 62°0 8€°0 €0°1 9II'L %09°0 0€'€ SO'1 %16'T 0S°0 %08'S  %I16'T €70 %b0°L1 %LS'TI sa13a)e.§ Juaud[duo)-ds19Au] [V 10§ 95eI0AY
S0°0— €€°0 o €01 88°0 %090 80°¢ SO'1 %ETE 9%°0 %169  %ITE L4 4] %SY'LT %88°T1 SAIFI)RL)S 0NEY—ISIIAU] [[V 10§ IFLIIAY
€0°0— wo 8T°0 00°1 960 %LY'0 €97 01 %ETT SE0 %ST9  %60°T 00 %0991 %SLTI SISIAU] '[OXD ‘SABANENS IS -de)-uoy 10y 33eoay
00— €10 LEO SOl 1€0-  %6T0— w1 60°1 %EY'l 120 Y9L'L %09°1 £€°0 %t 81 %9T' 11 SOT[OJHOJ AUOA S,[M[BIAL 00T JO 9FLIAY
00— €10 LEO $0°1 0T0 %800 yI'e 60°1 %8Sl SE0 %06t %0L'1 9¢'0 %NLTLI %LETL PaYSIoA YIMOID) sTulLIey JO JuaLU[dwo)-0819AU]
00— 010 wo LO'T LT'T—  %S60- €0 €'l %9T°0 0r’o %t9°S %65°0 8T0 %S0°81 %9T01 POIYSION Yimo1D) STUIUIEY JO ONEY-ISIOAU]
11o— (1140} 170 SOl e %611 Ly'€ 90T %¢€9°¢ €50 %689 %L9'¢ 90 %09°L1 %Pe el PAIYSIOAN [BIUSWEPUN,] JO JUSWID[AWO)-OSIOAU]  my
10— 8 0] 09°0 SOl 90T %071 we or'l %ITY 150 %¢€9'8 %6¢ Y L¥'0 %LL'81 %9071 PAIYSION [BIUSWEPUN,] JO OLEY-ISIPAU] m.
60°0— 8€°0 LEO €0'1 00C %Cl'L w9¢ Y0'1 %95°¢ ¥$°0 Y%tt'9 %08°¢ L¥'0 %80°L1 %91°¢1 pawySiop sSuttey SAe 1£G J0 Juaud[dw0)-0sI9AU] m
60°0— 170 LS0 €0°1 61'C %891 9¢°¢ 90T %99t [S90] %8S'8 %ILY 00 %PE 81 %8E 1 PAWBIOA SBUTIEY SAR IS JO ONEY-0SIOAU] &
10— LEO 6€°0 SOl S0 %60'1 se'e 90°1 %Ee'E 0 %SS9 %8¢'¢ 4 %6Y'L1 %r0°El PaNYSIopM dn[eA Y00g JO Juowd[dW0)-osIAU]  §
10— 6£°0 950 SOl Y1 %6€°T Yoe 60°1 %¢€0'Y 15°0 %CT'8 %61t L¥'0 %CS 81 %98°¢1 PAIYSION ON[EA OOF JO ONEY-OSIOAU] aﬂ
13
00°0 ¥0°0 LY'0 60T PET %96°0 61'C o't %6T'C 8€0 %9T'L %9L'T 8¢€°0 %¢€0°61 %Cr'Tl PAWSIoM (im0l sBuruier W
60°0— LE0 SO0 10°1 €8°1 %¥9°0 9T’¢ 96°0 %0€'C wo %¥9y %¢6'1 [§40] %SYSI %0911 PAIYSIOA [eIuSWEpUN,|
80°0— 1€0 000 001 w6l %¥9°0 e S6'0 %S6°1 9¢°0 %91y %CS'1 0¥'0 %80°S1 %81°11 paySrop sSuturer SAe I4G
01'0- €0 £0°0 €0'1 9¢'1 %¥S0 LT 860 %L8'1 ce0 %ISY %LS'T 8€0 %99°S1 %ET 11 PaSIop onfeA Yoog
€0°0— 920 [0 40] $0'1 S8°0 %I1¥°0 SI'e 90°1 %IL'T 6¥'0 %89°S Y9L'CT wo %ITLI %tr'Cl MADY JO Juawd]dwo)-0s19AU]
00— 170 w90 90T 61'0—  %91°0- 8T or't %LEE 0r'0 %86'8 %LS'€ wo %9681 %ETEl MEDY JO ONEY—IsIdAU]
€0°0— 920 wo SOl 170 %I1T0 S8'T 80°1 %SST S0l %96'S %L9'T 0] %ES LI %PeTI (=) yedLH-STY JO Judwodwo)-asIoAU]
€00~ LT0 [§40] $0'1 150 %ST0 L6'C LO'T %19°C 90 %I18°S %89°C 170 %CELL %SETI (2=) LIS JO ONEY-ISIAU] xm
€0°0— 970 [0l 40] SOl 9L0 %9¢°0 90°¢ LO'T %¢€9'C 8¥°0 %0L'S %IL'T 170 %0€°L1 %LETT  UOHEDIJISIOAI(] WNWIXEIA] JO Judwd[dwo)-os10Au] g
S0°0— 8T°0 8€0 LO'T ¥6°0 %CS0 L6'T 80°1 %89°C LY0 %109 %¢8'C §40] %8SLI %8YCl UONEOYISIOAL(] WNWIXBA JO ONEy-0sidAu]  §
$0°0— 920 40 SOl 860 %LY'0 €re 801 %bL'T 6¥'0 %¢ER'S %S8'C wo %lt'Ll %I1S°TI 90UBLIEA WwnWIUI JO Judwaldwo)-as1oau] S
$0°0— ST0 S ] 80'1 LO'T %¥S0 £€6'C (48! %0L'T 8¥°0 %679 %66'T 170 %¥ 181 %99°C1 QOUBLIEA WNUWIUIIA JO OIBY-ISIOAUL M
13
€00 170 €00 ¥6°0 6v°0 %I1€0 S6'C 160 %E1T 1€°0 %C6Y %IST 170 %1971 %8111 WB1oM [enby Laisni) sy W
€0°0— 920 9€0 €01 4! %€9°0 w$e ¥0°1 %L8'C £5°0 %S¢'S %¢E8'C a4} %1891 %08°CI (z=\) weyg-ysry
$0°0 920 970 €80 ¥$°0 %0¥°0 LS'E 80 %8T'¢ Se0 %859 %CET 8¥°0 %96°¢1 %66'11 UONEOYISIAAL(J WINUIIXEJA
00°0 €0 €10 0L’0 6¢'1 %S0T 90y S9°0 %LL'E 970 %¥0'8 %60'C 9¢0 %6911 %SLTT QOUBLIBA WNUIUIA
00— 1€0 1€°0 66°0 Y01 %150 S8'¢ 66°0 %60°¢ ¥$°0 %ST'S %b8'C S 40} %091 %I1STI  PANBIOA UORIAD(-IWUAS SPISUAMO(] JO JUAWDIAWO)-OSIOAU] e
00— €60 8T0 L6°0 S6°0 %8¥°0 16'¢ 96°0 %91°¢ €50 %0€°S %8L'T 90 %C9°S1 %Sy Tl PAYBIA UOHBIAS(-ILLIDS PISUMO(] JO ONEY-OSIOAU] em.
10°0— 1€0 $€0 66°0 10°1 %8%°0 68°¢ 00°1 %0T'¢ SS0 %S¢'S %L6'C 90 %9191 %E9°CI PaIySIoA Elog JONIEIA JO Juawd]dwo)-0sI9AU] =
€00 €0 sTo 160 LO'T %98°0 0c'y L8°0 %8St €50 %CTL %I18°¢ SS0 %C0°ST Y081 €1 PAWSION EIOE IR JO ONEY-0SIOAU] &
€0°0— 620 [SA1] 10°T LET %¥9°0 6L'¢ (40N %80°¢ [S0] %0€°S %T6'T S ] %0%°91 %6SC1 PaSIop ANE[OA JO JudWR[dW0)-0sI0AU] %
€0°0— €€0 8T0 L60 [l %850 L6'E 96°0 %rT'e £5°0 %9¢°S %98°C L¥'0 %9°S1 %¢ES'CI PaIYSIoA ANJUEJOA JO ONEY-0SIdAU] ew
$0°0— L1°0 w0 or't 0 %9T°0 0T 91’1 %661 9€°0 %069 %LY'C LEO %C6'81 %E1'Cl PAYSIoN UONBIAS-TWDG dpisumo &
60°0— €10 ¥$°0 (30! 10T %950 LY'1 171 %SS'1 670 %09'L %ETT ¥€0 %9L°61 %6811 PAIYBIoM EI1og JNIEN m
$0°0— 91°0 [S9(0] o1t 90 %¢ET0 16'1 L1'1 %861 ¥€0 %¥TL %6Y'T 9€0 %El61 %S1Cl pawSiom Anejop &
00— 1o 8€0 SOl 8€0 %S1°0 17T 601 %¢€9'1 9€0 %00°S %08'1 9€0 %LE LT %9111 1S1oM [enby
000 00°0 000 00T 000 %00°0 00°0 00T %000 000 %000 %000 670 %6TS1 %99'6 pawdom de) "N
aansodxy  aansodxyg oansodxyy oansodxy jeys7  eydiy pAq €IS vlog eydpy oney J0a1y POPPV  Opey  UONRIAY(Q WM A3aeng
WNUIWOy  dnjep EA el eydly  [enuuy eydiy JWAVD JAdVD uopewuiojuy Suppes], anep  adieys paepuels

(ZL0T-196T) SIIeIS PajIu() :SOI[0J}I0J WOPURY PUE ‘SIIFa)er)S ISIdAU] “sa159)en)§ ‘ATewuwing 3dUeUIofId J
T LIAdIHXYH

‘uoissiwiad Jaysiignd Inoyym Ajjeajuoliosls 1sod 0y Jo ‘4asn paziioyjneun ue 0} plemlio} ‘ajoIle siy) Jo saidod pazioyineun ayew o} [ebaj)

3

THE JOURNAL OF PORTFOLIO MANAGEMENT

SuMMER 2013



Given the theoretical and empirical links between
risk and return, one might expect a link between higher
returns and higher-risk stocks. A naive way to act on this
belief, for investors willing to accept higher risk in the
quest for higher returns, would be to build a portfolio
that tilts toward more volatile stocks, or higher-beta
stocks, or stocks with higher downside semi-deviation.
We might expect these strategies to earn higher portfolio
returns, rewarding us for our willingness to bear one of
these types of incremental risk. This investment belief
anchors our second set of strategies: weighting a port-
folio proportional to conventional risk measures, such
as market beta, volatility, or downside semi-variance of
the constituent stocks. The second block of Exhibit 1—
labeled “High Risk = High Reward”—explores these
three strategies and their inverted forms. These strategies
all work splendidly, beating the reference cap-weighted
benchmark by between 2.23 percent and 2.49 percent
per year.

When we flip the algorithm to favor companies
with low volatility, low beta, or low downside semi-
deviation, we get the expected drop in risk, relative
to the risk-seeking strategies. Nonetheless, for all three
risk-seeking strategies, our returns are even higher when
we flip them and shun risk. The inverted portfolios add
between 2.78 percent and 3.81 percent per year. These
low-risk portfolios, as a result, have higher Sharpe ratios
and higher CAPM alphas.

How can overweighting high-risk stocks and over-
weighting low risk stocks both lead to higher returns
versus the cap-weighted benchmark? An examination
of the FF4 factor decomposition in Table 1 reveals the
key differences between the risk-seeking and risk-averse
strategies: the latter have roughly two to three times as
large a loading on the value factor and lower loading
on the market factor. Net of the value effect and other
factor tilts, we are left with annualized FF4 alphas that
are statistically similar to zero.

Popular Covariance-Based Strategy Indices
versus their Inverted Counterparts

The recent surge in interest in non-price-weighted
market indices is a noteworthy development in the evo-
lution of the indexing business. The revival of minimum
variance, with roots dating back to the late 1960s, is the
first among many."" The CAPM Capital Market Line is

4 THE SURPRISING ALPHA FROM MALKIEL'S MONKEY AND UPSIDE-DOWN STRATEGIES

empirically flatter than theory would predict. Indeed,
empirically, it often is downward sloping: in many mar-
kets, we find that low-volatility stocks produce higher
returns than do high-volatility stocks. The minimum-
variance (MinVar) portfolio represents a simple strategy
for capturing this anomaly.

Well-respected quantitative index providers
have introduced two other new strategies, which lean
heavily on the Markowitz mean-variance optimization
framework. The risk-efficient index assumes, among
other things, that stock returns are related to downside
semi-variances. The maximum-diversification index
portfolio, on the other hand, assumes a linear relation-
ship between stock returns and volatility. These differ
from our earlier exploration of weighting in propor-
tion to volatility or downside semi-variance in using
an explicit mean-variance optimizer in portfolio con-
struction. Another covariance-based index strategy is the
“risk-cluster equal weight” portfolio, also known as the
diversification-based index. The RCEW approach uses
equally weighted industry-country clusters, selected on
the basis of covariance, to form a portfolio that is less
concentrated in individual countries and sectors, relative
to cap-weighting."

Empirically, they all work. In the United States,
MinVar outperforms the cap-weighted market by 209
bps annually. Because of its very low beta and low vola-
tility, the Sharpe ratio is the highest of any strategies that
we tested, with the highest statistical significance on the
CAPM alpha. However, the excess return is almost fully
explained by exposure to FF4 factors, leaving no statisti-
cally meaningful FF4 alpha. The other covariance-based
strategy indices also offer historical returns that out-
perform the cap-weighted market benchmark. As with
MinVar, their CAPM alphas are economically large and
statistically significant. As with MinVar, the FF4 four-
factor model largely explains the excess returns.

In this section, when we invert the strategies, we
focus on companies with high rather than low cova-
riance. Again, our inverse strategies deliver outper-
formance over the cap-weighted benchmark, and we
observe meaningfully positive CAPM alphas. And
again, positive exposure to value and size explain most
of the excess returns, leaving insignificant FF4 alphas.

Favoring Stocks with Large Fundamental
Scale or Earnings Growth

SumMMER 2013
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Traditional analysts believe that fundamentals
matter for stock price valuation: low prices relative to
fundamentals suggest undervaluation and better subse-
quent returns. This fundamental approach anchors the
value investing style popularized by Ben Graham in the
1930s and 1940s, which remains influential today. In
this section, we test three portfolios weighted by the
following fundamental measures: 1) book value, which
tacitly creates a higher book-to-price ratio relative to
the cap-weighted benchmark, 2) five-year average of
reported earnings, leading to a higher earnings-to-price
ratio than the cap-weighted benchmark, and 3) the four-
metric composite method described by Arnott et al.
[2005]. All three methods weight stocks drawn from
a universe of the 1,000 largest companies in propor-
tion to their financial fundamentals, using the method
described in Arnott et al. [2005]."> These portfolios are
expected to have a value tilt, relative to the cap-weighted
market, as the weighting metrics are value oriented.

The fourth portfolio in this category is explicitly
constructed with a growth emphasis: it weights stocks
proportional to their recent earnings growth, a strategy
that emphasizes companies with the strongest recent
earnings growth."” The Gordon Growth Model sug-
gests that earnings growth drives stock returns. This
has motivated the belief that fast-growing companies
deliver high returns.

Consistent with the previous sections, Exhibit 1
shows that all of these strategies produce economically
meaningful excess returns with no statistically significant
FF4 alpha. The first three fundamental-weighted portfo-
lios earn their excess returns from a value tilt, while the
earnings growth-weighted strategy outperforms because
of its small-cap tilt. We have constructed a growth-
oriented portfolio that outperforms the cap-weighted
benchmark, unlike most growth strategies, albeit without
using cap weights to allocate to growth stocks. Note that,
using FF4 metrics, our growth portfolio actually has a
value tilt, not a growth tilt, in the U.S. data.

The inverse portfolios should intuitively result
in the opposite characteristics and symmetrical results.
They do not. Similar to what we previously observed,
the upside-down strategies all win, often by substantial
margins, because of positive exposures to value and small
cap. We do observe that a few of these inverted strategies
also deliver statistically significant alpha, net of the FF4
factor attributes. The positive FF4 alpha is somewhat
surprising, because these strategies are mechanistic, with

SuMMER 2013

no special insights into the subtleties that drive the mar-
kets, and thus do not have skill.

Accordingly, we see two possible interpretations of
these significant FF4 alphas. First, they could simply be
statistical outliers. After all, 1 in 20 completely random
time series will appear to have statistical significance at
the five-percent level. Alternatively, the outliers could
reflect a significant risk factor that is missing from the
FF4 model. We leave the exploration of these observa-
tions for the future, and welcome others’ investigations
into this interesting topic.

Malkiel’s Blindfolded Monkey

In the last section of Exhibit 1, we examine the
performance of random portfolios. For those doubting
the benefits of active management, the go-to portfolio
strategy has been cap-weighted indexing, ever since
the dawn of the capital asset pricing model (CAPM).
The conventional wisdom generally assumes that the
cap-weighted portfolio is the mean-variance efficient,
neutral portfolio for investors without stock-picking
skills. We challenge this premise by simulating random
portfolios managed by Malkiel’s dart-throwing monkey
for comparison against the cap-weighted benchmark.

It would be time-consuming and costly to arrange
for a monkey to throw darts at the Wall Street Journal’s
stock pages, not to mention tracking down 50 years of
their archived stock lists. We simulate a dart-throwing
monkey by annually picking a random 30-stock port-
folio from the top 1,000 largest stocks, by market capi-
talization. We then equally weight the random stock
selections to form the portfolio. We repeat the exercise
100 times and examine both the individual year trials
and the trials’ average.

Malkiel surmised that his monkey would perform
as well as the market; he was too modest. Our simulated
monkey appears to be proficient in security selection,
adding an average of 160 bps per year. True, the risk
(volatility and beta) and tracking error are large, but
we still have a respectable Sharpe ratio and an informa-
tion ratio that looks like skill. Exhibit 2, panel A shows
that the dartboard portfolio matches or beats the cap-
weighted portfolio in 96 of the 100 trials. Better still,
our monkey has an average CAPM alpha that is eco-
nomically large and verges on statistical significance."

Once again, the FF4 model explains essentially all
the CAPM alpha. As in the other strategy indices we

THE JOURNAL OF PORTFOLIO MANAGEMENT 5



EXHIBIT 2

Random Strategies: 100 Simulations, United States
(1964-2012)

Panel A: Histogram of Outperformance Frequencies

U.S. Random 30 Value Added

Frequency

FF4 factor loadings identical to the equal-weight
portfolio; this is, of course, a trivial convergence
result associated with the law of large numbers.

WHY DO THESE STRATEGIES
ALL WORK?

The well-reasoned and carefully crafted
strategies tested in this article, which have
spawned countless journal articles and white
papers, all appear to work remarkably well, as
shown in the summary statistics at the bottom
of Exhibit 1. They only difter by their exposures
to market, value, and size, which contributes to
their differences in risk and return over time.

When we turn these strategies upside-
down, inverting the resulting portfolio weights,
we again find a near-perfect pattern of outper-

Panel B: Histogram of Value Loading—100 Simulations U.S. (1964-2012)

U.S. Random 30 Value Exposure

Frequency

Source: Research Affiliates, based on CRSP/Compustat data.

| formance. Paradoxically, these upside-down
strategies generally performed better than the
right-side-up strategies that inspired them,
with higher returns, Sharpe ratios, information
ratios, and CAPM alphas. This clearly implies
that the thesis for these alternative non-cap-
weight index strategies is not the reason for their
outperformance.

The graphs in Exhibit 3 provide us with
a visual description of the excess-return driver.
Panel A shows the conventional link between
volatility and average returns. Because portfolio
volatility is largely determined by its market
beta, panel A would seem to suggest a classic
CAPM relationship between beta and return.
However, market beta is clearly not the only
return driver, given the empirical evidence on
value, size, and the low-volatility effect. Panel
B shows the link between tracking error and
value added, while panel C shows a similar link
between CAPM residual risk and CAPM alpha,
which is conventionally attributed to skill, ifit’s
statistically significant. These two graphs suggest

have examined so far, the monkey is introducing a size
and value tilt. In Exhibit 2, panel B we can see that the
monkey has a value tilt, on average over the 49 years, in
99 of the 100 trials. The astute observer will note that
the average of our 100 monkey-managed portfolios has

6 THE SURPRISING ALPHA FROM MALKIEL'S MONKEY AND UPSIDE-DOWN STRATEGIES

that the entirety of the value-added return shown
in panel A is driven by non-market exposure(s).

Panel D shows that, adjusting for the FF4
factor loadings, we are left with a small, unexplained
alpha and a weak relationship between FF4 factor model
residual and returns. This demonstrates that the FF4
factors are the key drivers of returns. The small, unex-
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EXHIBIT 3

Performance Characteristics of Market Cap, 13 Strategy Indexes, and 22 Inverses of Same (1964-2012)

Panel A: Annualized Return vs. Standard
Deviation of Returns

Risk and Reward for Cap Weight,
13 Alternatives and 22 Inverted Indexes, U.S., 1964-2012

Correlation = 0.32 o
t-statistic = 1.95 |

o 0 4

8 &0 a|p0-
g

13%

12%

11%

Annualized Return, 1964-2012

10%

9%

11% 12% 13% 14% 15% 16% 17% 18% 19% 20%

Annualized Standard Deviation of Returns

@ Market Index ~ ®Fundamental = Volatility Seeking & Optimized

+ Random o Fund. Inverted o Vol Seek Inverted 4 Optimized Inverted

Panel C: CAPM Alpha vs. Residual Risk

CAPM Alpha versus Residual Risk for Cap Weight,
13 Alternatives and 22 Inverted Indexes, U.S., 1964-2012

5%

Correlation = 0.63
t-statistic = 4.68 |

3%

2%

1%

o

Annualized CAPM Risk-Adjusted Alpha, 1964-2012

0% 1% 2% 3% 4% 5% 6% 7% 8% 9%
Annualized CAPM Residual Risk, net of Beta

@ Market Index ~ ®Fundamental ~ ® Volatility Seeking & Optimized
+ Random o Fund. Inverted O Vol Seek Inverted 4 Optimized Inverted

Source: Research Affiliates, based on CRSP/Compustat data.

Panel B: Value Added vs. Tracking Error

Value Added and Tracking Error for Cap Weight,

0 13 Alternatives and 22 Inverted Indexes, U.S., 1964-2012
5%

Correlation = 0.69
t-statistic = 5.56

3%

2%

Annualized Value Added over
Cap Weight, 1964-2012

1%

0%

0% 1% 2% 3% 4% 5% 6% 7% 8% 9% 10%

Annualized Tracking Error versus Cap Weight

@ Market Index ~ ®Fundamental = Volatility Seeking & Optimized

+ Random o Fund. Inverted o Vol Seek Inverted & Optimized Inverted

Panel D: FF4 Alpha vs. Residual Risk

FFC Alpha versus Residual Risk for Cap Weight,
13 Alternatives and 22 Inverted Indexes, U.S. 1964-2012

Correlation = 0.15
r-statistic = 0.87 | oo

1.0%

0.5%

0.0%

—0.5%

Alpha, Net of FFC Factors, 1964-2012

-1.0%

o]
0% 1% 2% 3% 4% 5% 6% 7% 8% 9% 10%
Average Residual Risk, Net of FFC Factors

& Market Index ~ ®Fundamental ~ m Volatility Seeking & Optimized
+ Random o Fund. Inverted 0 Vol Seek Inverted 4 Optimized Inverted

plained alpha and the weakly positive slope point to a
path for future research, which is outside the scope of
this article. There appear to be other priced risk fac-
tors (if it’s not skill it presumably must be a risk factor),
capable of producing economically meaningful and sta-
tistically significant sources of equity returns, which the
FF4 factor model does not fully capture.

Although many of these strategies’ performance—
and their FF4 style attributes—seem markedly similar,

SuMMER 2013

especially in their divergence from the less-profitable
cap-weighted strategies, their differences are note-
worthy. This is best observed in Exhibit 4, which shows
the top 10 holdings of a selected roster of these strate-
gies. A casual examination of this table reveals the main
problem for the inverse strategies: the top-10 roster is
often populated by an array of relatively obscure com-
panies, generally more thinly traded and less liquid than
the cap-weight market leaders. The exceptions are self-
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evident, and appear only in the original strategies, never
their inverse variants.

We draw two important lessons from this research.
First, the investment thesis behind each of these strat-
egies—no matter how thoughtful, intuitive, or com-
pelling—is not the source of the incremental return,
alpha, or information ratio. The thesis matters little; the
resulting value and size tilts are the dominant reason
behind these strategies’ success.

Second, a size bias and, more significantly, a value
bias exist in almost all of these strategy indices, whether
we engineer for it or not. By comparison, a growth bias
seems nearly impossible to find. That’s a good thing,
given the historical evidence of growth-biased portfolios’
weak performance. Indeed, even a portfolio weighted
toward stocks with strong historical fundamental growth
in earnings exhibits a modest value tilt, instead of a
growth tilt.

In Appendix A, we provide the theoretical expla-
nation for these perplexing empirical observations. Intu-
itively, any strategy that implicitly weights by a valuation
metric that is not price-based would tend to have a lower
price-to-value ratio, relative to the cap-weighted index.
We shouldn’t attribute much, if any, of a strategy’s suc-
cess to the investment thesis that was the basis of its
development.

Further, the inverse portfolios demonstrate that
cap weighting appears to be surprisingly easy to beat, at
least historically. Random portfolios selected by dart-
throwing monkeys, and other inane or bizarre portfo-
lios, would evidently do the job.

INTERNATIONAL EVIDENCE

We extend our analysis to global markets and find
that the U.S. results are by no means an aberration.
Exhibit 5 shows the results for the Global Developed
World Markets (using the current MSCI definition for
our country roster), from 1991 to 2012." With only one
exception, all these global strategies historically added
value. And, with only one exception, the inverted strate-
gies also add value. The CAPM alphas for the strategies
are almost all positive, many showing statistical signifi-
cance. For 18 of the 22 inverted strategies, results are
better than the underlying strategy. The FF4 alphas in
the global arena are generally stronger, both in economic
terms and in statistical significance, than for the United

8 THE SURPRISING ALPHA FROM MALKIEL'S MONKEY AND UPSIDE-DOWN STRATEGIES

States, despite a shorter history. Let the quest for the
missing risk factor(s) begin!

SUMMARY

Many sensible investment beliefs, when translated
into portfolio-weighting strategies, result in outper-
formance against the cap-weighted benchmark index.
But so do the arguably nonsensical inverses of those
weighting strategies. This paradoxical empirical result,
which is observed in a large array of long-only strate-
gies globally, is a consequence of the fact that seemingly
unrelated strategies that are not based on value or small
cap size often have unintended and almost unavoidable
value and small-cap tilts, as do their inverse strategies.

The resulting factor tilts are the primary sources of
outperformance, rather than the underlying investment
beliefs. Even Malkiel’s blindfolded monkey throwing
darts at the Wall Street Journal would produce a port-
folio strategy with a value and size bias that would have
outperformed historically. Our empirical results support
an assertion that value and size arise naturally in non-
price-weighted strategies and constitute the main source
of their return advantage.

What are we to make of the result that popular
strategy indexes, when inverted, produce even better
outperformance? It may behoove investors to empha-
size more the FF4 factor-based analysis when analyzing
investment philosophies. When random portfolios and
irrational investment strategies all lead to outperfor-
mance, a simple outperformance measure becomes an
unreliable gauge of skill.

For simplicity’s sake, we omit the discussion of
transaction costs and investment capacity. At the same
time, costs and capacity differences between strategies
can make a significant difference for investors who are
interested in assessing these strategies’ true investment
benefits. Given that both sensible and senseless strategies
outperform for the same reasons (value and small-cap
tilts), potential investors would do well to base much of
their decisions on a comparison of implementation costs
associated with turnover and market-price impact."”

APPENDIX A

The Mathematics Behind Our Consistent
Pattern of FF4 Factor Loadings
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EXHIBIT 7

Global Random Strategies Performance Summary (1991-2012)

Sharpe Value Tracking Information Outperformed

Country Strategy Return Volatility Ratio Added  Error Ratio out of 100
Cap Weighted 12.41%  20.90% 0.44

Australia 100 Portfolio Avg 12.83%  22.62% 0.43 0.42% 7.84% 0.05 68
100 Portfolio Std Dev 1.36% 0.52% 0.06 1.36% 0.48% 0.18
Cap Weighted 10.55%  19.32% 0.38

Canada 100 Portfolio Avg 11.82%  19.05% 0.46 1.27% 7.31% 0.17 88
100 Portfolio Std Dev 1.11% 0.51% 0.06 1.11% 0.47% 0.15
Cap Weighted 8.67% 19.98% 0.28

France 100 Portfolio Avg 10.72%  20.81% 0.37 2.05% 6.00% 0.34 100
100 Portfolio Std Dev 0.85% 0.38% 0.04 0.85% 0.32% 0.14
Cap Weighted 0.29% 20.10%  —0.14

Japan 100 Portfolio Avg 1.71% 20.63%  —0.07 1.43% 7.37% 0.20 88
100 Portfolio Std Dev 1.51% 0.56% 0.07 1.51% 0.49% 0.21
Cap Weighted 7.99% 16.42% 0.30

UK. 100 Portfolio Avg 9.12% 17.66% 0.34 1.12% 5.91% 0.19 92
100 Portfolio Std Dev 0.82% 0.40% 0.05 0.82% 0.36% 0.14
Cap Weighted 7.15% 15.15% 0.27

Global 100 Portfolio Avg 8.12% 16.36% 0.31 0.97% 6.35% 0.16 76
100 Portfolio Std Dev 1.26% 0.62% 0.08 1.26% 0.79% 0.20

Source: Research Affiliates, based on Worldscope/Datastream data.

Let us examine the expected return characteristics of
an arbitrary strategy that invests in n stocks where each stock
has weight w,. The return for this portfolio R can be shown
to be a sum of two components: the average return of all
stocks and the sum of covariance terms between a stock’s
return and its weight.

Rp=E[r] +n-covr, w] (A-1)

Equation (1) can be derived trivially by noting the defi-
nition of covariance: cov [a,b] = E[ab] — E[a]E[b].

R =n-E[rw]=n-E][r]E[w] +n-covr, w]

=E[r] +n-covr, w]

If the strategy weights are unrelated to the future com-
pany returns, then the strategy’s return is equal to the average
stock’s return. For example, an equally weighted index or a
randomly weighted portfolio will, on average, have returns
equal to the average return of all stocks.

The returns of the various non-price-weighted invest-
ment strategies are similar in magnitude to those of the
random portfolios. This is surprising. It implies that the port-
folio weights associated with the various investment beliefs
are only very weakly related to future returns, if at all. This,
however, perfectly explains why the inverse portfolios gener-
ally outperform by a comparable level. If the original weights

12 TuE SURPRISING ALPHA FROM MALKIEL'S MONKEY AND UPSIDE-DOWN STRATEGIES

are nearly uncorrelated with future returns, then the inverse
of these weights would generally also be uncorrelated.

The remaining puzzle is why cap weighting stands out
as the unique portfolio strategy that underperforms every-
thing else. That is, why is the covariance term, n - cov [r, w],
negative for cap weighting? The answer is now obvious. By
design, a cap-weighted portfolio has larger allocations to the
higher-price stocks, which have lower returns. A negative
correlation between price (and therefore stock weights) and
subsequent returns would explain the unique underperfor-
mance of a market-cap portfolio compared to almost any
other strategy where little or no correlation exists.

‘Why then does a fundamentally weighted portfolio,
which also assigns large weights to large stocks, not suffer
from the same effect? The answer is quite simple: price. Most
practitioners agree that prices at times can include errors,
although the extent of the error is not visible. Berk [1997] sup-
ports this empirical observation, arguing that there is no ex
ante relationship between a company’s accounting size and its
expected return. Because valuation ratios, expressed by capi-
talization divided by an accounting fundamental (e.g., price to
book), predict returns, then it must be that price (capitaliza-
tion) predicts returns. That is, because book does not predict
returns, but low price-to-book predicts high returns, then
low price (capitalization) must predict high returns.” From
this perspective it becomes clear why cap weighting appears
sub-optimal and suffers a return deficit against all other non-
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price-weighted strategies in our examination. This is exactly
consistent with Hsu’s [2006] prediction.

How do we explain the ubiquitous value and small-
cap effect measured for all of the strategies, whether sensible,
random, wacky, or upside-down, examined in this article?
Again, this is no puzzle. Arnott and Hsu [2008] predict that
any non-price-weighted portfolio will naturally register a
value and small-cap bias without explicitly screening for valu-

ation ratio or capitalization. We must work very hard to build
a growth-tilted portfolio, in an FF4 context, without delib-
erately focusing on high-price or high-multiple companies.

ENDNOTES

The authors would like to acknowledge help, com-
ments, and suggestions from Noah Beck, Joel Chernoff,

APPENDIX B

DESCRIPTION OF STRATEGY DEFINITIONS

The number of stocks by country: Australia—200; Canada—100; France—=80; Japan—400; United Kingdom—100; United States—1,000;

Global—1,000.

Strategy name

Portfolio Construction Method

Cap Weighted
Volatility weighted

Market-Beta Weighted

Downside Semi-Deviation Weighted
Minimum Variance

Book Weighted

Five-Year Average Earnings Weighted

EPS Growth

RCEW

Fundamental Weighted

Risk-Efficient (0=2)

Maximum Diversification

Weighted based on market capitalization. We compute market capitalization using
the December close of the year prior to index construction.

Weighted based on the standard deviation of monthly returns over the five-year
window prior to index construction.

Weighted based on CAPM betas using market factor kindly provided by Kenneth
French on his website. We estimate market-beta loading using monthly returns data
over a five-year window prior to index construction.

Weighted based on downside semi-deviation of the monthly returns over a five-year
period prior to index construction.

We use Clarke et al. method [2006] to construct the minimum
variance strategy.

Weighted based on equity book value. We use the book value from the fiscal year
ending two years prior to index construction. We introduce delay to avoid forward-
looking bias.

Weighted based on the five-year earnings average. The averaging period covers the
five fiscal years ending with the fiscal year two years prior to index construction.
We introduce delay to avoid forward-looking bias.

Weighted based on the five-year average dollar change in earnings, divided by the
average absolute dollar value of earnings over the five-year period. The last fiscal
years of the measuring window is taken two years prior to index construction.

We introduce delay to avoid forward-looking bias.

We apply statistical methods to identify major market-risk factors, assumed to be
driven by industries and geographies, and then equally weight these uncorrelated
risk clusters.

Weighted based on the five-year averages of cash flows, dividends, sales, and the
most recent equity book value. We introduce a two-year delay to avoid forward-
looking bias. Following the original method, we select top stocks with the largest
fundamental weight. For details see Arnott et al. [2005].

Mean-variance optimized portfolio assumes that expected excess returns are
proportional to the stocks’ downside semi-deviation, and with stringent constraint to
limit portfolio concentration. For details see Amenc et al. [2010].

Portfolio optimized to maximize expected diversification ratio, defined as the ratio

of weighted average risk to the expected portfolio risk. For details see Choueifaty
and Coignard [2008].

Source: Research Affiliates.
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Jaynee Dudley, Shingo Goto, Philip Lawton, Katy Sherrerd,
Lillian Wu, and Shelley Xie. James Mackintosh wrote about
an early draft of this paper in his article, “It’s Easy to Only
Just Beat a Poor Index,” which appeared in the Financial Times,
July 15, 2012.

'In his bestselling book A Random Walk Down Wall
Street, Burton Malkiel claimed that “a blindfolded monkey
throwing darts at a newspaper’s financial pages could select a
portfolio that would do just as well as one carefully selected by
experts.” The experts, he believed, would on average produce
results that were no better than the cap-weighted benchmark.
The implicit assumption is that both monkeys and equity
portfolio managers have no skills when prices are random
walks and therefore would perform no better than the cap-
weighted benchmark. As it turns out, Malkiel’s assessment of
his monkey was too modest; in empirical testing, the monkey
reliably outperforms, at least before transaction costs.

*This result is unsurprising. A sufficiently large random
portfolio converges on equal weight, which has well docu-
mented, well-understood value added over corresponding cap
weighting of the same names.

*The aim of this article is neither to recommend for
or against any particular strategy index. Essentially all of the
strategies examined in this article, and their inverses, have
provided highly profitable factor tilts; some of them also
have attractively low turnover, vast capacity, and appealing
core-like portfolio composition, making them interesting
investment options. There is value in strategies that give well-
constructed access to value and small-cap exposure.

*Qur research draws on the work of Chow et al. [2011],
who find that popular alternative equity indexing strategies
outperform, due largely to their value and size exposures.

’In the inverse ratio strategies, for stocks with a weight
of 0 in the original portfolio, the inverted 1/w weight is
set to the inverse of the lowest non-zero weight, to avoid
singularity. Note that when a strategy sets most of the 1,000
stocks to zero weight, the inverse portfolio becomes similar
to equal weighting.

*We do not invert these portfolios because the inverse
of a monkey-managed portfolio is the equally weighted port-
tolio of 970 stocks, which is virtually indistinguishable from
the equal weighted portfolio that is also present in our study.

"For the accounting of fundamentally weighted portfo-
lios, we instead follow the original universe selection criteria
(select the top 1,000 largest stocks by accounting fundamen-
tals) proposed by Arnott et al. [2005], which are also designed
to ensure liquidity. Using the largest 1,000 stocks by market
cap has similar but less dramatic results.

8The number of stocks by country: Australia—200;
Canada—100; France—80; Germany—=60; Japan—400;
United Kingdom—100; United States—1,000; Global—1,000.
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’The Fama—French four-factor model is an extension
of the original Fama—French model, which attributes return
to market beta, size (SMB, or small minus big), value (HML,
or high minus low), and momentum (UMD, or up minus
down). This last component was added based on the work of
Asness [1994] and Carhart [1997].

"Similar to Chow et al. [2011], we find that varying
the methods and data frequency for the risk estimates has no
meaningful impact on the results.

"Bob Haugen championed minimum variance in the
1980s, during his tenure at UC Irvine. In the late 1960s to
early 1970s, Haugen and his co-authors empirically docu-
mented that portfolios with low-volatility stocks outper-
form the cap-weighted market (see, for example, Haugen
and Heins [1975]).

?The details of maximum-diversification and
risk-efficient index strategies can be found in articles by
Choueifaty and Coignard [2008] and Amenc et al. [2010],
respectively. RCEW is based on QS Investors’ Diversity-
Based Index methodology. See Chow et al. [2011] for a review
of the portfolio construction strategies associated with the
three quantitative strategy indices described in this section.

PFollowing Arnott et al. [2005], the strategies weighted
by book, five-year average earnings, or composite four met-
rics select top 1,000 stocks using fundamental measures to
capture the fundamental economic footprint of the compa-
nies’ businesses, rather than selecting the top 1,000 based on
market capitalization.

“To measure the earnings growth, we use five-year
average dollar change in reported earnings, divided by the
average absolute dollar value of earnings over the five-year
period. The last fiscal year of the measuring window is two
years prior to index construction.

BSurprisingly, Graham [2012] found no alpha for his
random portfolio. In fact, he found that a randomly generated
EW portfolio asymptotically converged on the cap-weighted
portfolio in simulation. After reviewing his work, we have
concluded that it is a mistake. A more comprehensive study
by Clare et al. [2013] of the Cass School of Business, City
University London, found alpha for the random portfolio,
which is consistent with our result for random portfolios.

In Exhibits 6 and 7, we show selected results for a
few individual developed countries. The individual countries
demonstrate the same general pattern we observe in the U.S.
or global developed markets.

"R eaders can find a detailed comparison of implemen-
tation costs and investability of the popular alternative beta
strategies in the article by Chow et al. [2011].

8See Arnott et al. [2011] for an explicit derivation of
the value and size effect using the noise-in-price framework.
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