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Conditional Risk and Performance Evaluation: Volatility Timing,

Overconditioning, and New Estimates of Momentum Alphas

Abstract

Unconditional alpha estimates are biased when conditional beta covaries with the market risk
premium (“market-timing”) or volatility (“volatility-timing”). Whereas prior literature focuses on
market-timing, we demonstrate that volatility-timing has a plausible impact 2 to 10 times larger.
Moreover, we identify a novel and potentially substantial bias (“overconditioning”) that can oc-
cur any time an empiricist estimates conditional risk using information unavailable to investors
— for example proxying with contemporaneous realized beta when asset returns are nonlinear.
To correct market- and volatility-timing biases without overconditioning, we show that incorpo-
rating realized betas into instrumental variables estimators is effective. Empirically, instrumenta-
tion reduces momentum alphas by 20-40% relative to unconditional, while overconditioned alphas
are up to 2.5 times larger. Volatility-timing inflates unconditional momentum performance be-
cause the formation-period market return (i) positively predicts holding-period beta (Grundy and
Martin, 2001) and (ii) negatively predicts holding-period market volatility (French, Schwert, and
Stambaugh, 1987), inducing negative covariation between conditional momentum beta and market

volatility.



1. Introduction

Under the conditional CAPM, risk equals the conditional exposure to market returns given the in-
formation available to investors. As is well known, time-variation in risk can impact unconditional
estimates of investment strategy performance (Jensen, 1968; Dybvig and Ross, 1985) and asset
pricing tests (Jagannathan and Wang, 1996). We call the conditioning problems studied in prior
literature underconditioning because — with the notable exception of Jagannathan and Korajczyk
(1986) discussed below — the empiricist is assumed to work with a subset of investor information,
as in the canonical study of Hansen and Richard (1987). To empirically address undercondition-
ing, Shanken (1990) and others allow estimated loadings to depend on lagged data observable to
investors, such as the dividend yield.!

Empiricists are not restricted, however, to using lagged data known to be in the investor in-
formation set. For example, an alternative approach directly estimates conditional factor loadings
using “realized betas” estimated from short-window regressions simultaneous with or subsequent
to the returns to be risk-adjusted (e.g., Chan, 1988; Grundy and Martin, 2001, “GM”; Lewellen
and Nagel, 2006, “LN”). Using a realized beta to risk-adjust has a natural appeal, and may appear
to be fully justified by the theoretical linear relationship between conditional risk and expected
return.? With daily and higher-frequency data increasingly available, we anticipate growing use of
realized betas for performance measurement and asset pricing tests.

In this paper, we identify a novel source of alpha bias that may occur any time an empiricist uses
a conditional risk proxy not entirely contained in the investor information set. This potential em-
pirical problem is the complement of underconditioning, and we call it overconditioning. While the
concept is general and we discuss other examples, we focus on the overconditioning bias generated
by using contemporaneous realized beta as a proxy for conditional beta. Note that any empirical
realized beta estimate cannot be fully anticipated by investors.®> The estimation error, or “noise”,

can be substantial in short windows and can impact alpha even under the optimistic assumption

!Other studies using lagged instruments for alpha estimation include Avramov and Chordia (2006), Bollerslev,
Engle, and Wooldridge (1988), Campbell (1987), Cochrane (1996), Duffee (2005), Ferson and Harvey (1991, 1993,
1999), Ferson, Kandel, and Stambaugh (1987), Ferson and Schadt (1996), Harvey (1989), Lettau and Ludvigson
(2001b), Petkova and Zhang (2005), Santos and Veronesi (2006), Wang (2003), and the textbook of Cochrane (2001).

2GM proxy for month 7 momentum betas using loadings estimated in the holding period 7 to 7 + 5, and explain
“the relevant risk to an investor... is the strategy’s factor exposure during the investment window.” (p. 43) LN state,
“Our methodology... does not require any conditioning information. As long as betas are relatively stable within a
month or quarter, simple CAPM regressions estimated over a short window — using no conditioning variables — provide
direct estimates of assets’ conditional alphas.” (p. 291) Ang, Chen, and Xing (2006) similarly explain, “The CAPM
predicts an increasing relationship between realized average returns and realized factor loadings... More generally,
a multifactor model implies that we should observe patterns between average returns and sensitivities to different
sources of risk over the same time period used to compute the average returns and the factor sensitivities.” (p. 1201)

3In ideal settings more restrictive than needed for a conditional CAPM, local quadratic variations and covariations
are observable (e.g., Foster and Nelson, 1996), but microstructure effects remain important empirically.



that it has mean zero. We show that the overconditioning bias generated when using a realized beta
is tied to nonlinearity in the relation between asset and factor returns.* Intuitively, if an asset payoff
is concave (convex) in market returns, the noise in realized beta negatively (positively) correlates
with market return surprises, biasing alpha.

Theoretically, payoff nonlinearities can and should occur for many reasons. In managed portfo-
lios, financial option holdings induce convex or concave payoffs. More pertinent to our study, stock
returns can be decomposed into real and financial options (Brennan and Schwartz, 1985; McDonald
and Siegel, 1985, 1986; Black and Scholes, 1973), which produce nonlinearities. Behavioral biases
might also create nonlinearities, for example if past returns or other characteristics cause a stock
to respond differently to positive versus negative systematic news, due to a disposition effect or
biased self-attribution (Grinblatt and Han, 2005; Daniel, Hirshleifer, and Subrahmanyam, 1998).
In our paper, it is immaterial why nonlinearities occur, but any reasonable theoretical prior should
strongly favor the existence of nonlinearities in many stock returns and style portfolios.’

Empirically, abundant evidence of nonlinearities is provided by Ang and Chen (2002), Ang,
Chen, and Xing (2006, “ACX”), Hong, Tu, and Zhou (2007), and other authors. These studies
show that many individual stocks and style portfolios covary differently with negative and positive
market surprises.> For example, ACX sort days within a year according to whether the market
return is below or above the average, and calculate down- and up-betas for each group. For the
highest quintile of stocks, this beta asymmetry is larger than one. The point of our paper is not
to explain these asymmetries, or, following ACX, to determine whether large down betas lead to
higher returns. Instead, we seek to understand the implications of nonlinearities for performance
measurement under the conditional CAPM, where there is no risk premium for beta asymmetry,
yet nonlinearity determines the alpha bias from overconditioning with realized beta.

To be clear, many pricing models imply a linear correspondence between expected asset and
factor returns, but the realized return relation may generally be nonlinear. For example, under
quadratic preferences the CAPM holds for arbitrary return specifications. Similarly, while early
APT formulations assume a strict factor structure, extensions are compatible with nonlinearities

for an arbitrary number of assets provided these average out in random large portfolios.” Payoff

YA payoff nonlinearity occurs when, conditional on the contemporaneous factor return, the relation between the
expected return on an asset and the realized factor return is nonlinear. In a single-factor setting if one projects an
asset return onto the factor and the residuals are correlated with any function of the factor, then payoffs are nonlinear.

’In randomly formed portfolios the convexities in some stocks will tend to cancel the concavities in others with
increasing aggregation. Nonlinearities may remain strong however in any portfolio formed on firm characteristics
related to real or financial options or behaviorally motivated nonlinearities. Jagannathan and Korajczyk (1986)
discuss theoretical causes of nonlinearities in stock returns, emphasizing operating and financial leverage.

6 A closely related measure of nonlinearity is coskewness — the covariation of a return with the squared market
innovation. Harvey and Siddique (2000) and others provide empirical evidence of nonlinearity from this perspective.

"See, e.g., Chamberlain and Rothschild (1983) generalizing Ross (1976), and Grinblatt and Titman (1985).



nonlinearities should therefore not be ruled out when calculating alpha for general factor models.

If contemporaneous realized betas produce biased alphas due to overconditioning, then how
should an empiricist measure conditional risk? One possibility is to use a lagged beta estimate,
a common approach following Fama and MacBeth (1973). Previous authors point out a problem,
however, with using lagged beta directly. For example, Chan (1988) shows that the market betas
of winners decline on average from the formation to the holding period, while loser betas increase,
which he explains through leverage changes. Similarly, GM observe predictable changes in the size
loadings of winners and losers during and after formation. Using a historical beta as a risk proxy
clearly biases alpha if the holding-period beta differs predictably under investor information.

We propose a simple solution to this problem, which to our knowledge has not been previously
suggested or applied in performance evaluation, by using lagged loadings as instruments rather
than direct proxies for the conditional loading. The instrumental variables (IV) approach allows
combination of beta estimates from multiple prior windows — which may be useful if stocks have
short- and long-run components in risk (e.g., Ghysels, Santa Clara, and Valkanov, 2005) — with
traditional instruments such as the dividend yield, and other risk predictors such as the formation-
period return. The IV method solves the problems noted by Chan (1988) and GM because it
adjusts the conditional beta estimate for predictable changes from the formation to the holding
period. The remedy combines the traditional method of using lagged instruments (Shanken, 1990)
with the more recent literature emphasizing realized betas (LN), and solves both the problems of
overconditioning and of predictable changes in beta from formation to holding periods.

We use this IV approach and related methods to demonstrate a substantial overconditioning
problem in momentum portfolios, consistent with prior evidence of dramatic nonlinearities in port-
folios sorted on past returns (De Bondt and Thaler, 1987; Chan, 1988; ACX; Hong, Tu, and Zhou,
2007). We also uncover a significant and previously undocumented wunderconditioning problem in
unconditional estimates of the momentum strategy alpha.

Prior literature (e.g., Jagannathan and Wang, 1996) shows that unconditional alphas are biased
when conditional beta covaries with the market risk premium (“market-timing”) or market volatility
(“volatility-timing” ). Previous studies focus almost exclusively on market-timing to evaluate the
importance of underconditioning. For example, LN bound the market-timing bias in style portfolios
given plausible ranges of variation in beta and the market risk premium. GM give specific evidence
that market-timing is not significant for momentum. We agree with these prior findings.

We show that volatility timing has a plausible impact on alpha 2 to 10 times larger than market
timing, using a model-free analytical approximation and parameter estimates from Brandt and Kang

(2004). The substantial bound on the volatility-timing bias is easily confirmed non-parametrically,



following from the well-known fact that market volatility is highly variable (e.g., Schwert, 1989).
Thus, whereas prior literature focuses on the underconditioning bias caused by market-timing, the
volatility-timing bias is likely to be more important in practice.

A novel and significant empirical finding in our study is that the momentum strategy possesses
remarkably strong volatility-timing, which inflates its unconditional alpha. The cause of volatility-
timing in momentum is simple and robust, deriving from two well-documented and widely-accepted
regularities: i) GM prove theoretically and empirically that the formation period market return sig-
nificantly predicts the holding period momentum beta due to selection — when formation-period
market returns are high, winners tend to have high betas; ii) high formation-period market returns
also predict low holding-period market volatility, a consequence of more general “predictive asym-
metry” in volatility (e.g., French, Schwert, and Stambaugh, 1987; Schwert, 1989; Campbell and
Hentschel, 1992; Glosten, Jagannathan, and Runkle, 1994). Combining these facts, the holding-
period beta and market volatility negatively covary, inflating the unconditional alpha.

We document these effects and their magnitudes. Instrumenting with lagged realized betas
corrects the volatility-timing bias, significantly reducing momentum alphas by 20-40% relative to
unconditional.® By contrast, overconditioned alphas are up to 2.5 times larger, due to nonlinearities.
Thus, both underconditioning and overconditioning lead to incorrect inference about the strategy’s
conditional CAPM alpha. Instrumenting as executed in a variety of ways in our study corrects for
the volatility-timing and nonlinearities inherent in momentum returns.

Some caveats about interpretation of our study are in order. Our purpose is not to defend the
conditional CAPM or argue that correct use of conditioning information should generally improve
its fit. Rather, we seek to generate accurate alpha estimates under the model, which is the canonical
formulation of time-varying risk in finance. We take a major step in disentangling, both theoretically
and empirically, the difference between conditional beta (which may predictably move with the
market risk-premium and volatility) and nonlinearities (e.g., differences in “up-market” and “down-
market” betas where “up” and “down” realizations are unpredictable). Separating conditional beta
from nonlinearity is both important and difficult (Ferson and Schadt, 1996), and our methods
should therefore be of interest to any empiricist using dynamic asset pricing models.

Consistent with LN, our momentum alpha estimates are still significantly positive. We nonethe-
less view the performance reduction, 20 basis points per month relative to unconditional and up to

90 basis points relative to overconditioned, as both statistically and economically meaningful. Ko-

8 Existing theories of rational momentum effects (Berk, Green, and Naik, 1999; Johnson, 2002; Sagi and Seasholes,
2007) are unrelated to market- or volatility-timing. In these theories, risk varies over time for individual stocks, but
on average winners load more heavily on risk than losers, and higher average risk is the source of momentum profits.
Given access to the correct factor in these models, unconditional risk adjustment would explain momentum profits.



rajczyk and Sadka (2004) suggest that high trading costs substantially offset abnormal momentum
profits. Overconditioned alphas of almost 1.5% per month would make such arguments seem much
less relevant, but by substantially reducing alpha, our IV methods enhance the relative importance
of considering trading costs. More broadly, the conditional CAPM alpha has an important inter-
pretation as the average profit of a zero-cost conditionally market-neutral position in a strategy.
Whether a strategy has an alpha of 60 or 80 or 140 basis points per month before costs is meaningful
to an investor making an asset allocation decision. We therefore focus on testing the significance of
the difference in alpha estimates, rather than simply testing whether alpha equals zero.

In Section 2, we distinguish overconditioning from underconditioning in a general theoretical
framework. Overconditioning previously generated controversy regarding long-run reversals (De
Bondt and Thaler, 1987; Chan, 1988), and can play an important role in market-timing (e.g.,
Henriksson and Merton, 1981; Jagannathan and Korajczyk, 1986; Ferson and Schadt, 1996), and
methodologies using kernel estimates of beta (Li and Yang, 2008; Ang and Kristensen, 2009).

Section 3 shows that the plausible magnitudes of the volatility-timing and overconditioning
biases exceed the market-timing bias, which has been the focus of prior literature. We calibrate a
conditional CAPM matching the dynamics of the market premium and volatility, and asset return
nonlinearities, to previous studies. Using simulation, we assess proxy and IV methods of estimating
alpha, including techniques that incorporate contemporaneous, lagged, and filtered betas.

Section 4 contains our empirical analysis of momentum. All IV approaches confirm our primary
result that appropriate conditioning reveals the volatility-timing bias in momentum alphas, whereas
overconditioning with realized beta greatly overstates momentum performance. The IV methods
we use include incorporating lagged betas, filtering, using a two-sided kernel, and using contempo-
raneous realized beta while instead instrumenting for the market risk premium. The IV alphas are
all similar, significantly lower than either the unconditional or overconditioned estimates.

Our empirical analysis focuses on a style portfolio where turnover occurs monthly, formation
rules are mechanistic, and as a consequence daily holdings are known. Additional and thornier
issues may arise in managed portfolios where the unobservability of interim holdings is important
(e.g., Goetzmann, Ingersoll, Spiegel, and Welch, 2007).” Appendix A contains all proofs. Appendix

B contains other details, and shows robustness under extension to conditional 3-factor performance.

9Tn managed portfolios, alpha can be biased when trading occurs at a higher frequency than risk is measured, and
the pricing model holds over the same higher frequency (e.g., Leland, 1999; Goetzmann, Ingersoll, Spiegel, and Welch,
2007). The manipulation of alpha in this manner combines underconditioning (the empiricist lacks information about
risk) with misspecification of the pricing model horizon. We follow the vast majority of the empirical asset pricing
literature by using a monthly horizon for alpha measurement, while acknowledging that the relevant horizon(s) of
marginal investor(s) remains an open question. A monthly measurement interval also matches well with the monthly
turnover in momentum and other style portfolios, an important driver of their beta dynamics.



2. Conditioning Biases in Performance Measurement

For t = 1,2, ..., let conditional expected excess returns on asset ¢ be

E(Ri| Fio1) = ol + BB (R Fi1) (2.1)

where {F;};°, is a filtration, Rps is the excess market return, ozft_ 1'is the conditional intercept,

and ’;;1 = Cov (R, Ryt Fi—1) /Var ( Rype| Fi—1) is the conditional beta. If af;l =0 and F_1
represents investor information, the conditional CAPM is satisfied.

The bias from estimating unconditional alpha when a conditional model holds is well understood.
Let O'%w = Var (Ra), and consider the market model R; = alU ¢+ ﬂij “ R, where aZUC is the
intercept and V¢ = Cov(Ry, Rari)/o3,. Grant (1977) shows by taking expectations of (2.1) that
R, = a; + Cov (ﬁ?t_l,RMt) + B;Rys, where &; = B (aft_l) is the mean conditional alpha, (; =
E ( ft_l) is the mean conditional beta, R; = E (Ry), and Ry = E (Rpz). The bias is thus

af¢ —a; = Cov (ﬁft_l, Rut) — (ﬁZUC —B) Ru, (22)

where the first term captures the direct effect of market timing and the second reflects that the
unconditional beta is generally a biased measure of average risk.
We use the following result, which is known from prior literature (Grant, 1977; Jagannathan

and Wang, 1996; LN), but has not been fully exploited.”

Proposition 1. If the conditional alpha and market premium are uncorrelated, the beta bias is

pYC — 3, = —(Rar/o?%;)Cov (ﬁﬁt_l, Rurt) + Cov (ﬂﬁt_l, R3,,) /o3 The alpha bias can be expressed:
V¢ —a; = (1+ R?W/J?V[) Cov (ﬁﬁt_l, Rurt) — (Rpr/o3)Cov (ﬂﬁt_l, R%V[t) (2.3)
as a sum of market-timing and volatility-timing components.

We calibrate the potential magnitudes of both sources of alpha bias in Section 3 and find that
volatility-timing can plausibly impact alpha by 2 to 10 times as much as market-timing, even

though market-timing has received considerably more attention in the literature. Empirically, we

10 Jagannathan and Wang (1996) show in equation (A12) of their Appendix that covariation between conditional
beta and market-volatility impacts unconditional alpha, but since this channel would create a complication to the
main point of their empirical analysis, they assume it equal to zero in equation (A14). Lewellen and Nagel similarly
recognize volatility-timing in their equation (2), but in the final paragraph of their Section II determine not to evaluate
the importance of this channel in their calibration. Grant (1977) includes volatility-timing in his equation (12.1), but
assumes it away by continuing his analysis with equation (12.2) under the assumption of homoskedasticity.



show in Section 4 that volatility-timing significantly inflates the unconditional momentum alpha,

due to negative covariation between conditional beta and market volatility.

2.1. General Conditioning Information

We generalize the unconditional bias identified by previous authors. Assume an empirical estimate
Bit of the conditional beta ﬁft_ ! where the estimate may or may not belong to investor information
Fi_1. For example, if the empiricist evaluates the data at T" > 0, then Bit must be measurable with
respect to Gr C Fp, but in general Gr ¢ F;_;1. In particular, the realized beta from a window
containing ¢ may be calculated by an empiricist at T" > ¢, but is not available to investors at ¢t — 1.

To capture this idea, decompose the beta estimate and the market return into parts that are

predictable to investors at time ¢ — 1 and residuals:
N At—1 _
Bit = Bt + €t Ryt = Ryt + e, (2.4)

At—1 N _ N
where §;;, = E(0;|Fi—1) and Rar = E(Rane|Fi—1). Note that if 8 is measurable with respect to
the investor information F;_1, then by definition the residual eg; is identically zero.

Denote the conditional and unconditional alpha estimates &;; = Ry — BitRMt and &; = E(éit).

Proposition 2. The bias in &y under investor information is B(cu — aby *|Fi—1) = AUC + AZE,
~t—1
where AUC = ( By > R and AQC = —Cov (epy, eme| Fio1). Taking expectations gives the

bias in mean alpha: &; — a; = AVC + A9C where
p o o !

RS = B! =Bl ) R+ Cov (857 = Bl Rig)) (2.5)

AOC
Aq

—Cov (ept, emt) - (2.6)

We call the first term the underconditioning bias, because the difference ﬁft_ 1 B:t_ ! is predictable
under F;_1. By contrast, the second term reflects overconditioning because it can be nonzero only
when [3;, depends on information not available to investors.

Proposition 2 nests a number of special cases. When Bit is the unconditional beta, then the
overconditioning bias is zero and the underconditioning bias is the formula (2.2) known from prior
literature. More broadly, if Bit is measurable with respect to investor information then the over-
conditioning bias A9 is zero and the underconditioning bias AV generalizes (2.2). Conversely, if
the empirical beta is an unbiased estimate of the true investor beta, i.e., E(Bit|ﬂ_1) = ﬁﬁt_l, the
underconditioning bias AZC is zero but an alpha bias may still be present due to overconditioning.

A simple example illustrates how beta asymmetry and overconditioning interact to produce a



bias. Assume a static CAPM: R; = 3; Ry where 8; = Cov (R;, Ryr) /o2,. Let S € {G,B} be a
variable that is not available to investors at time zero, but is observable ex post. For example,
G might be the event that excess market returns are greater than Rjps, and B its complement.
For s € {G, B}, define the overconditioned betas 3 = Cov (R;, Rp| S = s) /Var (Ruy| S = s), and
denote overconditioned abnormal returns by af = E(R;| S = s) — BiE(Rum|S = s). We show:

Proposition 3. The overconditioned alphas satisfy B (o) = [8; — E (BZS)] Ry —Cov [/6’25, E(Ru|S)].
If S contains information about the market return and ,BiG #+ ﬁZB , the mean overconditioned alpha

18 generally biased.

Figure 1 illustrates this proposition in a four-state setting. The CAPM holds with a slope of
one, shown by the solid line going through the origin. In the example, 3, = E (Bf ) so no beta
bias is present. The conditional regressions correspond to the two dashed lines with slopes ﬁf >

ﬁiG . The concave payoffs imply Cov [ﬁzs JE (R S)] < 0, and following Proposition 3 the mean
B

overconditioned alpha is positive, consistent with the intercepts o ,oziG > 0. Under convex payoffs
ﬁZB < ﬁz»G, the mean overconditioned alpha would be negative. In general, using a beta estimate
conditioned on information not available to investors causes an alpha bias that depends on the

degree of concavity or convexity in payoffs.

2.2. Types of Overconditioning

Aided by the previous example, we discuss methodologies that may produce overconditioning biases:
Contemporaneous realized beta: Suppose an empiricist has a sample of N independent
draws from the Figure 1 example, and calculates a realized beta to use in estimating alpha. For
a sample with a large (small) proportion of G draws, the realized market return will tend to be
high (low) and the realized beta will tend to be low (high) relative to their ex ante expectations,
inducing covariation between the beta error and the unexpected market return as in (2.6).!!

In addition to LN and GM, an earlier example of using contemporaneous realized beta to
measure abnormal returns is Chan (1988), who focuses on long-run reversals. He runs market model
regressions using 36-month windows of monthly returns, and interprets the average intercept as the
average conditional alpha, a procedure identical to LN except that Chan uses longer windows of
monthly rather than daily returns. Chan’s results contradict De Bondt and Thaler (1985) by making
the reversal alpha insignificant. Thus, Chan reduces the alpha of a loser minus winner portfolio by

overconditioning with contemporaneous realized beta — consistent with what we find for momentum

"1n this setting, as N grows the overconditioning bias falls. A large sample can however worsen the undercondi-
tioning problem when beta is time-varying, a tradeoff we quantify in Section 3.



where overconditioning increases alpha. Of course, our paper provides a very different interpretation
of Chan’s result as the consequence of payoff nonlinearities and overconditioning.

Subsequent to our work, Li and Yang (2008) and Ang and Kristensen (2009) extend the LN
approach. Rather than calculating a day t alpha as the intercept from an OLS market-model
regression in a fixed window, Li and Yang allow window size to vary and use weighted least squares
where weights decline with distance from ¢. Ang and Kristensen use a related weighted least squares
approach. The econometric results in Ang and Kristensen assume a strict factor structure, which
eliminates the possibility of payoff nonlinearities and is narrower than required for a conditional
factor model to hold.'?> Empirically, overconditioning remains an important consideration in both
approaches. Following our results, the potential overconditioning bias is larger in small windows,
and expanding the window size increases the relative importance of underconditioning.

Up-market and Down-market Betas: In the setting of Proposition 3, if GG is the event that
the realized market return exceeds its expectation, then 5? and ﬁ? have the interpretation of up-

and down-market betas. As shown in Proposition 3, it would be incorrect to interpret the intercepts
G

a$ or a as CAPM (or conditional CAPM) performance measures.

De Bondt and Thaler (1987, “DT”) intuitively suggest that using up- and down-betas for
performance measurement is a mistake, and draw a link with using contemporaneous realized
betas, in responding to the criticism of Chan (1988). DT run up- and down-beta regressions on
reversal portfolios and find alphas similar to Chan’s estimates. They comment, “Only when the
betas are allowed to vary with the level of the market is the alpha of the arbitrage portfolio no
longer positive... These time-varying ‘split’ betas are questionable measures of risk... It seems odd
to say that a portfolio with a beta of 1.602 in up markets and .591 in down markets is riskier
than one with up and down betas of .854 and 1.439.” The intuition of DT is correct. The realized
betas estimated by Chan and the up- and down-betas that DT estimate are not conditional CAPM
betas, as interpreted by Chan, but rather capture nonlinearities or slopes in different parts of the
return distribution. The portfolio with betas of 1.602 and .591 in the DT study consists of reversal
portfolio losers, whose convex payoffs lead to a downward bias in overconditioned alphas, consistent

with Proposition 3. By contrast, the reversal winners have concave payoffs and overconditioning

inflates their alphas.

12 Ang and Kristensen also develop their theoretical results under the null of a constant market premium, which
reduces the importance of measuring conditional beta correctly since an underconditioning bias is not present. They
note that interacting factors with predictors of risk premia can justify an unconditional model with managed portfolios
as factors, but do not operationalize what managed portfolios should be used. The approach thus relies on having
adequate instruments for risk premia. By contrast, our study focuses on finding good instruments for conditional beta
while remaining agnostic about predictors for the market premium. Our alpha estimates are nonetheless empirically
robust to using contemporaneous realized beta and instead instrumenting for market returns with standard market
premium predictors.



In the momentum setting, Rouwenhorst (1998, p. 278) uses an up- and down-beta regression
and reports that alphas, which he interprets as measures of abnormal performance, increase sub-
stantially, opposite to the effect in reversal strategies. These results are all consistent with the
overconditioning biases we document.

Henriksson-Merton and Treynor-Mazuy Regressions: To decompose managed fund per-
formance into timing ability and selection components, Henriksson and Merton (“HM”, 1981) sug-
gest regressing portfolio returns on the market return and a nonlinear function of the market return,
such as an option payoff. The coefficient on the option payoff is interpreted as timing ability and the
regression intercept identifies selection skill.!3 Jagannathan and Korajczyk (1986) point out that
when payoffs are in fact nonlinear, for example due to option holdings, the HM regressions lead
to incorrect inference about both timing and selection. Specifically if the manager has no timing
or selection advantage and payoffs are convex, HM regressions incorrectly identify positive timing
ability and negative selection. Under concave payoffs one incorrectly infers negative timing and
positive selection. Overconditioning in an HM regression occurs because, as with contemporaneous
realized beta or up- and down-betas, one uses on the right-hand-side a regressor that conditions on
the realized level of market returns.

Ferson and Schadt (1996) address “conditional market-timing”. They allow conditional betas to
vary with instruments, and incorporate a call payoff as in HM, but acknowledge that their alphas
must be cautiously interpreted because of the Jagannathan and Korajczyk critique.

Two-sided Kernel Estimates: A different kind of overconditioning bias may occur when one
uses future realized betas as proxies or instruments for conditional beta. Specifically, in the presence
of real or financial options, contemporaneous market news may be correlated with innovations in
true conditional beta, either through changes in financial leverage or changes in asset risk induced
by option exercise (e.g., Hamada, 1972; Carlson, Fisher, and Giammarino, 2004). The importance
of such channels has not yet been evaluated for performance evaluation methods that use future
realized betas as instruments for conditional beta. We can say, however, that if a difference in
alpha is obtained when using one-sided (backward only) vs. two-sided beta estimates, it will be a
thorny issue to determine whether the apparent change in beta was anticipated by investors at the
beginning of the return-measurement interval, and certainly identifying instruments for the beta
change (e.g., leverage, growth options) would be an important empirical issue.

Fortunately, this type of difference between one-sided and two-sided beta estimates is not present

in our empirical work on momentum. We obtain the same alphas using past or future realized

3See also Treynor and Mazuy (1966), who suggest using a different nonlinear function of market returns — the
squared market — for a similar purpose.
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betas as instruments (we also show robustness to using contemporaneous returns with appropriate
filtering). Robustness to using future betas as instruments confirms that the overconditioning bias
in momentum portfolios derives from payoff nonlinearities related to the unexpected market return,
rather than to permanent changes in beta that might or might not be anticipated by investors.
Solutions: Examination of (2.6) shows that the overconditioning bias can be eliminated by
instrumenting for either i) the contemporaneous realized beta, or ii) the realized market return.
Consistent with prior literature (e.g., Andersen, Bollerslev, Diebold, and Wu, 2006; Ghysels and
Jacquier, 2006), realized beta is highly predictable from prior window beta estimates and other
variables, hence we focus on instrumenting for realized beta. However, our empirical results are
robust to using contemporaneous realized beta and instead instrumenting for market returns with
standard risk premium predictors. These solutions are new to the performance evaluation literature.
Summary: Our theoretical analysis provides a general framework within which to understand
both underconditioning and overconditioning biases. Unconditionally evaluating a conditional pric-
ing model (e.g., Jagannathan and Wang, 1996) is a special case of using too little information,
or underconditioning. By contrast, the problems observed by Jagannathan and Korajczyk (1986)
and De Bondt and Thaler (1987) and the bias caused by using contemporaneous realized beta
that we identify, are all special cases of the general concept of overconditioning. Our framework
distinguishes overconditioning — a new concept — from underconditioning, which is well understood

in the literature but generalized by our analysis.

3. Magnitudes of the Conditioning Biases and Empirical Methods

We analytically calculate model-free bounds on the market- and volatility-timing biases, and use a
straightforward calibration with empirical estimates from prior literature to evaluate the importance
of overconditioning. Using simulation, we assess proxy and IV methods for estimating conditional
alpha and beta.

A back-of-the-envelope calculation shows that volatility-timing can impact alpha much more

than market timing. We rewrite the alpha bias (2.3) as'* oV¢ — a; = a{f + a¥¢, where
aﬁ]f = (1 + Rﬂ/a?w) Cov (ﬂﬁt_l, RMt) — (RM/aﬂ)Cov (ﬁﬁt_l, R%ﬁ) (3.1)
ozgc = —(RM/O'?\/I)COU( ﬁ;l,o?\/lt) . (3.2)

"We use the facts that Cov (ﬁﬁgl,RMt) = Cov (62;1,]?1\/“) and Cov (62;1,]%?\/“2 = Cov (Bzfl,a?\“) +
Cov (ﬂﬁ;l,fﬁ\“). The second equality follows from Cov (ﬂ:;l,R?\/H) =F (( 2;1 - BZ) RMt)l which using the law

of iterated expactations is equal to E ((8%, ' — B;) E (Ras|Fi—1)), simplifying to E (85, ' — B;) (0% + Rare))-
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All covariances related to the market premium are contained in a]\Uf, while the covariance of beta

with market volatility drives aJ°.

LN quantify the potential magnitude of a{. At a monthly horizon, R%,/03, ~ (0.005/0.05)? =
1072, The ratio Rps/0%; ~ 0.005/(0.05%) = 2 and the potential magnitude of the second term of
(3.1) is clearly small relative to the first since Var (R?wt) < Var (RMt).15 A close approximation

of the magnitude of the market-timing bias and an upper bound is thus

!a%c ~ }RMC’OTT (ﬂﬁt_l, Re) std ( ft_l) std (RMt/RM)‘

< RM X 1 X Std( 2{1) std (RMt/RM) = Oz%lfx.

With a standard deviation of conditional beta of 0.5, assuming the standard deviation of Rt is
not larger than Rj; bounds the market-timing bias at half the market risk premium.
We show the volatility-timing bias has a larger potential magnitude. Note that

a5 |RaCorr (85", 3y,) std (81 ") std (034/0%s) | (3.3)

IN

Ry x 1 x std (6’;{1) std (a%/[t/cr?\/j) = o™,

The relative size of the two bounds is

™ std (‘ﬁwt/g?\l)
T (Rme/Rum)

(3.4)

Market volatility is widely known to be highly variable (e.g., Schwert, 1989), so we may intuitively
expect this ratio to be larger than one. Direct evidence of the quantities in (3.4) is available
from Brandt and Kang (2004), who estimate a latent-variable specification of joint variations in
the market risk premium and volatility. Using their results, the numerator is approximately 1.2
with a two standard deviation range of about +0.20, while the denominator is approximately 0.3
with a two standard deviation range of about £0.15. We infer that the plausible magnitude of the
volatility-timing bias is about 2 to 10 times larger than the market-timing bias.

We non-parametrically confirm the magnitude of the numerator of (3.4). The standard deviation
of VIX-squared, since its inception and adjusted to monthly variance, is approximately 0.00337,
roughly equal to the mean of (monthly adjusted) VIX-squared over the same period, and about
1.5 times the variance of the CRSP value-weighted index from 1925-present. Whereas the upper

bound for the market-timing bias suggested by LN was based on very aggressive assumptions about

5The squared conditional market returns is of the order .000025, and the range of plausible values is narrow relative
to the range of the conditional market return since |Rar¢| < 1.
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variability of the market premium, an estimate of 1 < std (U%m / U?M) < 1.5 is entirely reasonable
for bounding volatility-timing. Thus, if we are to find evidence of an underconditioning bias in any
asset return, it will more likely be due to volatility timing than market timing. Following (3.3), the
impact of volatility timing on alpha can reach 0.5 to 0.75 times the market risk premium, which is

certainly enough to be meaningful to investors.

3.1. A Model of Market-timing, Volatility-timing, and Nonlinearities

We provide a simple model of underconditioning and overconditioning biases using a realistic cal-
ibration of market returns from prior literature, and evaluate different empirical methods of esti-
mating alpha. The key components of such a model are the dynamics of the market risk premium
and volatility, and the specification of beta dynamics and nonlinearities in individual asset returns.

Following Brandt and Kang (2004), we choose the conditional mean and variance of the market
return to be a bivariate lognormal process.'® This ensures a positive market premium consistent
with theoretical priors, as in Bekaert and Harvey (1995) and De Santis and Gerard (1997), and also
captures the approximate lognormality of volatility documented by Andersen, Bollerslev, Diebold,
and Ebens (2001). These choices have many precedents in prior literature.!”

Let t =0,1,..,T, index days, and let 7(¢) map days to “months”. Market returns follow Ry =
Ryt + e, where €4 is normally distributed with mean zero and variance a%m. We assume that

the conditional mean and variance are determined by state variables observable to investors at the

end of the prior month. That is,

Ryy = B (Rl Fie1) = Rurexp A Xr(y—1 — Ais/2] (3.5)
o = Var (RuFeo1) = 03, exp [AoYry-1 — A2/2] (3.6)

where 3, is the average conditional variance and the state variables follow AR(1) processes:

XT = SDEXT*I + U$€$T7 Y’r = prY'rfl + O-yqu—, (37)

where —1 < ¢, ¢, < 1, the innovations €, and €y, are standard normals with correlation p,, and

Many specifications of market return dynamics are available in the literature. For example, the market risk
premium can be modeled as a linear, Markov-switching, or log-linear process, and similar choices can be made for
market volatility. In prior versions we have used both linear and Markov-switching specifications for the market
premium and obtained results similar to those reported here. Following Proposition 1, the market- and volatility-
timing biases depend on the variability of the market risk premium and volatility, not on a particular choice of
functional form.

"Latent time-variation in the conditional mean is modelled by Lamoureux and Zhou (1996) and others. Stochastic
volatility in market returns is estimated by numerous authors (e.g., Wiggins, 1987; Jacquier, Polson, and Rossi, 1994;
Kim, Shephard, and Chib, 1998).
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1 1/2 . .. .
) / ) / ensure unit unconditional variance.

the normalizations o, = (1 — 2 ? and oy = (1 — cpz
The stock return R;; satisfies Ry = B (Ry|Fi_1) = aﬁ; 1—1—52{ ' Rase, where ai; ! is the conditional

intercept and the conditional beta may vary with either of the state variables:
ﬁ;l =Cov (Rdt7RMt’ft—1) /O'?\Jt = B + beT(t)fl + byYT(t)fl‘ (3.8)
Note that ﬁﬁ; 1'is known to investors at the end of the month prior to .

3.1.1. Underconditioning Biases

We decompose the alpha bias caused by unconditional evaluation:

Proposition 4. Under the dynamics (3.5)-(3.8) and the conditional CAPM (a7 = 0), the un-

conditional alpha satisfies aV¢ = Q%C;lirect + aggdmg, where the direct market-timing alpha is

all\]/[(,/;lirect = Cov (52{1, RMt) = ARy (by + byCov (X,Y)),

and the loading-mismeasurement alpha is oz%gdmg = —Ry (ﬁUC — B) Ezpressions for the uncon-

ditional beta bias and Cov (X,Y) are given in the Appendix.
To better understand these biases, we compare with an almost equivalent decomposition:

, where

Proposition 5. The unconditional alpha bias can be decomposed aVC = al]{f + agc

k _ _ k
A = <1 _ UTu> Cou ( ﬁ;l,RMt) = A\ Ry <1 - JT“> (by +b,Cov (X,Y)), (3.9)
M M

V¢ = — (Rar/o3y) Cov(Bly o) = —AeRar (531/0%s) (by + b:Cov (X,Y)),  (3.10)

are respectively the total market-timing and volatility-timing biases and k,, is given in the Appendix.

The total market-timing alpha oz][\]/jc is proportional to the direct market-timing alpha aﬂ%ir cct>

with their difference due to the impact of market timing on the beta bias. The ratio of total to
direct market-timing alphas is a%[c / a]%jdir et = 1 when alpha is measured at a monthly frequency.'®
Thus, if the loading-measurement alpha has any practical consequence, it must be due to volatility
timing as captured by aU¢. The tight link between loading mismeasurement and volatility timing
is explained in more detail in Appendix B. Because the total and direct market-timing alphas are

empirically very close, we do not distinguish between the two in subsequent discussion.

18 This follows from the calculation of° /a?{fdimct =1—k,/o3;. Under a reasonable calibration, discussed below,
the ratio k, /03, = R3;(2e" —1)/a% ~ .006% (2¢%%° — 1) /.0025 ~ .02 .
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From Proposition 5 and consistent with the previous model-free calibration, the market-timing
alpha is proportional to the standard deviation Aj; of the log market risk premium, and the
volatility-timing alpha is proportional to the standard deviation A, of log variance. A compari-
son of the magnitudes of these effects is therefore straightforward, as shown in Table 1 where we
assume Cov (X,Y) = 0 for simplicity.

The market-timing bias in Panel A satisfies a?f ~ ArRarb.. We consider values of Ay ranging
from 0.10 to 0.50. At the upper end Aj; = 0.50, which is slightly more than two standard deviations
above the point estimate in Brandt and Kang (2004), the 95% confidence interval for the market
risk premium goes from 3% to 20% annually.!® The results are consistent with Table 1 in LN,
showing that for reasonable magnitudes of variation in the market risk premium and beta, the
underconditioning bias is moderate, at the upper end about 0.2% per month.?°

Panel B shows the volatility-timing bias. We can calibrate the magnitude of A, in several ways.
Using the estimates provided in Brandt and Kang gives an estimate of A, of about 1.2. (See footnote
19). This implies that the 95% confidence interval for volatility differs by a factor of approximately
10 from its upper to lower ends, consistent with observed values of the VIX, which has ranged from
a maximum of 90 to a minimum of 10 over the five year period ending December 31, 2008.2" Panel
B considers values of A\, from 0.8 to 1.6 to reflect a range of more or less conservative possibilities.
The magnitudes of the volatility-timing alphas in Panel B are considerably larger than the market-
timing alphas in Panel A. For example, when A\, = 1.2 and b, = 0.6, the volatility-timing alpha of
0.46% per month is more than twice as large as any of the plausible calibrations in Panel A.

Table 1 therefore confirms our model-free calibration, and verifies an important new result.
While prior authors have been aware of the theoretical possibility that a volatility-timing bias can
arise from failing to account for conditional beta dynamics, no previous study has emphasized the
quantitative significance of this channel.??

One can obviously combine the biases in Panels A and B. For any individual investment strategy,
these effects may reenforce or counteract one another depending on the signs of b, and b, and

covariance in the state-variable innovations. The cumulative effects of market- and volatility-timing

19The model we use in calibration is a special case of the model estimated in Brandt and Kang, Table 3, Model A.
From their estimates, the point estimate of the variability of the market risk premium is about Ay &~ 0.3, with a two
standard deviation range of about 40.15. Similarly, A\, &~ 1.2 with a two standard deviation range of about 40.20.

20For example, when Ay = 0.5 and b, = 0.6, implying a 95% confidence interval for beta from —0.2 to 2.2, the
estimated underconditioning bias is 0.19% per month.

2I'The upper end of the 95% confidence interval for conditional volatility is given by &as exp [1.96)\0/2 — )\3,/4} ~
2.26 ) and the lower end is & exp [71.96/\5/2 — A?,/él] ~ 0.225 .

22Previous research has shown the importance of volatility-timing in other contexts. For example, Fleming, Kirby,
and Ostdiek (2001, 2003) demonstrate significant value to volatility-timing in a portfolio choice context, and Busse
(1999) shows that mutual fund managers engage in volatility timing. Carlson, Fisher, and Giammarino (2009) show
that corporate seasoned equity offerings time low points of firm and market volatility.
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can clearly be empirically meaningful.

3.1.2. Overconditioning Bias

To complete our specification of the returns R;; we permit nonlinearity:
Ry = o7t + 85 Rapy — Agonn {leare] — B (leare)) } + €at, (3.11)

where g4 ~ N (0, U%t) is independent of other variables and the parameter Ag has critical impor-
tance. When Ag = 0, returns are linear. If Ag > 0 the return is concave in the market return
and if Ag < 0 the relationship is convex, permitting a wide range of nonlinearities. Denote the
down-market beta 3;, = Cov (Rit,RMt| Ry < RMt) /Var (RMt| Ry < RMt) = ﬁﬁt_l + Ag and

the analogous up-market beta ﬁ;r = ft_ 1 Ag. We show:

Proposition 6. The return on asset i satisfies

R az + By Ryt + €it if Rare < Rt
it — _ )
aj; + B R + €t if Rare > R

where a; = ozﬁt_l + Ag [ 2/mo N — RMt} and a; = aﬁt_l + A |:\/2/7T0'Mt —i—RMt}.

Thus, if an empiricist uses the up- and down- betas to risk adjust, the conditional intercept differs
from the investor alpha aﬁ; 1 The overconditioned intercepts a;, and a;g are proportional to beta
asymmetry, determined by the parameter Ag.

Similar biases occur if one overconditions by using contemporaneous realized beta. To see this,
we calibrate the model. We normalize 3 = 1, assume Ry = 0.0003 (about 7.5% annually), 5 =
0.01 per day (about 16% per year), and o;; = oz (implying total volatility of 23% annually). This
idiosyncratic volatility is small for an individual stock, but represents well the volatility of many
portfolios. We consider a range of beta asymmetries Ag € {0,0.2,0.5,1.0,—0.2} consistent with the
empirical results of ACX.?3 For long-short portfolios beta asymmetries may plausibly be larger.

For each model specification, we simulate 10 months of n = 21 daily returns and calculate
unconditional alphas and betas from both monthly and daily returns. Following LN, we partition
the data into windows of N months (nN days), for N = 1,3,6. In each window, indexed by

0, we run a market model regression R;; = a9 + ﬂi(’ép Rare + €4, where the estimated loading

23 ACX sort days within a year by whether the excess market return is below or above its within-year average,
and run market model regressions on the subsets of “down” and “up” days. They sort companies by the difference
between the down and up betas and find considerable dispersion. For the highest quintile, this beta asymmetry is
almost one, roughly consistent with the specification Ag = £0.5.
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ﬁ%P is the contemporaneous realized beta. We estimate alpha using the buy-and-hold abnormal
return within the window, rescaled to monthly units: aZ%P = (Rig — ﬁioep RMg) /N.2* We first set
Av = Ao = by = by = 0. Returns are then iid, and the unconditional CAPM holds, which allows
us to isolate overconditioning.

For different values of Ag, Table 2 shows the unconditional (UC) alphas, and the contempora-
neously risk-adjusted alphas a%P . When Ag = 0.5, the overconditioned alpha is biased by 0.42 for
monthly windows, 0.13 for quarterly windows, and 0.07 for semiannual windows, where we hence-
forth report all alphas in percent per month. Overconditioning thus has a large impact in small
windows, and as IV grows the conditional regressions converge to the unconditional case. Consis-
tent with Proposition 4, the magnitude of the overconditioning bias when using contemporaneous

realized beta risk-adjustment is linear in the beta asymmetry Ag.

3.1.3. The Overconditioning vs. Underconditioning Tradeoff

In the presence of both nonlinearities and time-variation in conditional beta, overconditioning and
underconditioning can simultaneously be important. Using contemporaneous beta, as window size
N increases the underconditioning problem (diluting information about conditional beta) becomes
more important relative to overconditioning (measurement error due to nonlinearities). Alterna-
tively, if state variables are persistent, using a lagged beta eliminates the possibility of overcondi-
tioning while capturing most of the useful information about conditional beta. We define alphas
from lagged portfolio betas by oz{jgp = % [Rig — ﬁfgp RM(;], where Z%P = ﬁgep_ 1

Table 3 shows alphas from unconditional (UC), contemporaneous portfolio (CP), and lagged
portfolio (LP) risk-adjustment. All specifications set ¢, = v, = 0.9, Ay = 0.3, \ps = 1.2, equal
to their approximate point estimates from Brandt and Kang (2004) and other literature.?® The
specifications thus capture realistic variability of the conditional mean and volatility of the market
and persistence of the state variables. Across specifications, we vary b, by, and Af, since assets
generally differ in market-timing, volatility-timing, and payoff nonlinearities.

Cases 1-3 consider respectively an asset with only nonlinearities but no conditional beta dynam-

LN instead multiply ase by the number of days in the month n and call this the conditional alpha. To distinguish
the two approaches, we call angP a “buy-and-hold” alpha, and na;g a “rescaled daily” alpha. Longstaff (1989) shows
that when the CAPM holds for a given observation interval, it need not be satisfied at other horizons. In our model, the
CAPM holds exactly at a daily frequency, but we find no practical distinction between buy-and-hold or rescaled daily
results in the context of the model, and hence report only one set of results. In empirical data where microstructure
effects are important, the distinction can be significant as we later discuss.

25 For all specifications considered in Brandt and Kang (2004), the persistence parameters for both the conditional
mean and the conditional volatility are estimated to be within one standard deviation of 0.9, measured at a monthly
frequency. Substantial related literature establishes that market returns are predictable primarily at low frequencies
(e.g., Lettau and Ludvigson, 2001a; Cochrane, 2001), and that monthly stock market volatility is highly persistent
(e.g., Schwert, 1989).
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ics (AB = 0.5, by = by = 0), only market-timing (b, = 0.5, A8 = b, = 0), and only volatility-timing
(by = 0.5,A3 = b, = 0). The results show that using lagged realized beta to risk adjust offers a
useful compromise. The CP approach does well when there are no nonlinearities (cases 2 and 3),
but suffers badly when nonlinearities are present. The UC alpha is unbiased when there are no
conditional beta dynamics even in the presence of nonlinearities (case 1). The LP alpha does well
in all three cases, eliminating the possibility of overconditioning, while also capturing most of the
useful information about contemporaneous realized beta because the state variables are persistent.

Specifications 5-7 show the bias in each method when there is time-variation in conditional beta
as well as payoff nonlinearities. The results confirm that both unconditional and overconditioned
alphas can have substantial biases for the same asset, the UC due to underconditioning and the CP
due to overconditioning. The lagged portfolio alpha robustly has low alphas in all cases, because
it eliminates the possibility of overconditioning while capturing most of the useful information
about conditional beta. In the final two specifications (8-9) we consider the possibility that the
state variables X and Y are positively or negatively correlated. The correlation of the market risk
premium and volatility can either enhance or diminish the underconditioning bias, depending on

whether the signs of b, and b, are the same or opposite.

3.2. Instrumental Variables and Filtering

Using lagged beta as a risk proxy has the disadvantage that risk may predictably change between
the prior and contemporaneous window, as noted by Chan (1988) and GM. To correct this problem,

following Shanken (1990) and others, we specify the conditional return regression:
/
Rir = a1+ ; [ 1 Z, ] Ryr + eir, (3.12)

where 3; is a 1 x (k + 1) parameter vector, Z,_; is a 1 X k instruments vector, 7 indexes months,

IV1 i5 the alpha.?® We denote the conditional beta estimate plVi=5.11 Z._1 |- Common

and «
instruments Z,_; are risk premium predictors such as the dividend yield (DY), term spread (TS), T-
bill rate (TB), and default spread (DS). Since we have shown that volatility-timing has a potentially
larger impact than market-timing for performance measurement, instruments are also needed for
joint movements in conditional beta and market volatility. We recommend in particular that lagged

betas should be useful instruments in performance analysis.

Instrumenting with lagged betas in (3.12) differs importantly from proxying as in the last section.

*0The specification is identical to equation (4) in Ferson and Schadt (1996). Shanken permits the intercept to also
be linear in the instruments, and notes that the coeflicients are zero under the null. Ferson and Harvey (1999) use
the coefficient restrictions in a time-varying intercept specification to reject the conditional Fama-French model.
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Proxying is equivalent to setting Z,_; = 8T, with 8; = [ 0 1 ]. By contrast, instrumenting allows
conditional beta to be a linear combination of beta estimates, possibly from multiple prior windows,
as well as other potential predictors in Z,_1. Proxying suffers when beta changes predictably, as
noted by Chan (1988) and GM, whereas the IV method corrects this problem.

We also use a closely related two-step IV method, restricting (3.12).27 Consider the first-stage
predictive regression 357 = v,0+7v1 Z._, +€ir, as in Ghysels and Jacquier (2006). The second-stage

return regression specifies conditional beta to be linear in the fitted first-stage CP beta:
~CP
Rir = ol + (610 + 6uBir ) Basr + i, (3.13)

where the conditional beta estimate is 51V2? = ¢, + ¢i1§gp. If the fitted CP beta is an unbiased
predictor of conditional beta then ¢;5 + ¢;; = 1, and if it is efficient then additionally ¢,, = 0.
Estimating ¢,; and ¢;; is sensible when CP beta and conditional beta are correlated, but rescaling
or translating offer potential for improvement. One important reason why rescaling can help is
that the realized beta estimated from daily data tends to underestimate the appropriate loading
at longer horizons such as one month (e.g., Dimson, 1979). Mitigating the microstructure bias in
high-frequency realized betas is thus an additional benefit of using an IV approach.?®

We assess the IV alphas and two filtering approaches, using as instruments betas lagged one,

pLPL BLPL BLPL) and betas calculated from larger three- and six-month

two, and three months (
windows (ﬁfp 3 pr 6). For comparison, we also use the contemporaneous beta ﬁfp . To provide
benchmarks, the Appendix applies the extended Kalman filter to obtain optimally filtered beta
estimates, as well as an approximate linear filter. From the exact filter, denote ﬂf_l the predicted
beta using information up to the end of month 7 — 1, and ﬂﬂf the estimate at the end of month
7. Similarly, ﬁfﬁ_l and ﬁfﬁ denote betas from the linear filter. We use a model specification that
includes market- and volatility-timing and nonlinearities (b, = b, = AS = 0.5), simulate data, and
regress the known conditional beta on different instrument sets in order to assess accuracy from a

beta estimation perspective. We then carry out the one-step and two-step IV procedures for each

instrument set, including the filtered betas, to evaluate effectiveness in measuring alpha.

2TWhereas IV1 allows conditional beta to be any linear function of the instruments, IV2 requires the instruments
to first be projected on the CP beta. As a consequence, under the null that the IV2 model is correct, the one-step
coefficients are the product of the IV2 first stage parameters and the second stage coeflicient.

?8In a model where there are no microstructure effects, enforcing restrictions on ¢,, and ¢, in the second stage

regression may be beneficial. The first-stage regression provides an unbiased forecast @C_rp of the daily realized beta,
guaranteeing that the loading-mismeasurement bias is minimized. The second-stage regression introduces the pos-
sibility that average estimated beta can differ from the true conditional beta, and hence trades off the benefit of
accounting for potential impacts of microstructure biases against the cost of any loading bias caused by volatility
timing. We leave a quantitative investigation of the practical magnitude of this tradeoff for future research.
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Table 4 gives results. In all cases, the IV1 and IV2 alphas are indistinguishable so we report only
one set of IV alphas. With no instruments (regression 1), we reproduce the unconditional alpha
bias from Table 3. In (2), the CP beta is a noisy but unbiased estimator of the true conditional
beta (weights on the constant and ﬁf P are 0.122 and 0.878 respectively), and produces a high R?
of 0.878. Nonetheless, the alpha bias of 0.359 is substantial due to overconditioning. By contrast,
the one month lagged beta is noisier (3), with a lower weight in the conditional beta regression
(0.789) and a lower R? (0.710), but a substantially smaller conditional alpha (0.138).

Regressions (4-9) show that by using various combinations of lagged betas from different window
sizes, one can marginally increase the overall R? of the conditional beta regression, and produce
an alpha of 0.128.29 All of the filtered beta estimates (regressions 10-13) are unbiased and efficient
(coefficients in the beta regression of approximately 0 and 1). The linear filter with information up
to 7 — 1 produces almost the same R? and alpha estimate as the regressions that use combinations
of lagged betas, which is expected since the predictions of the linear filter are primarily driven by
lagged realized betas. The 7 — 1 predictions of the exact filter give additional small improvements
in R? and alpha. Incorporating information through the end of 7 into the exact filter gives the best
R? as it should, and an alpha very close to zero. We note that without direct access to the state
variables used by investors, even exact filtering does not produce an R? of 1 or an alpha of 0 —
there is no universal solution to the Hansen and Richard critique, even with exact filtering.

Linear filtering with information including 7 increases the beta regression R? almost to the
level of exact filtering, but achieves a similar alpha estimate to using lagged data only. This occurs
because the linear filter is approximate, and while it increases useful information its filtering of the
overconditioning problem is not complete, and a tradeoff between overconditioning and undercon-
ditioning remains.?’ In empirical settings, the exact structure of the underlying data-generating
process is not known with certainty, making exact filtering considerably more complex. The re-
sults discussed in this subsection show, however, that the less model-specific linear filtering or
IV procedures can substantially improve alpha estimates by capturing useful information without

introducing a large overconditioning bias, providing an effective and practical empirical approach.

4. The Conditional Performance of Momentum Strategies

We introduce the momentum data including returns and betas, and then discuss some simple

methodological adaptations that allow us to move from the single-asset simulation environment

29For additional discussion of prediction using regressors derived from different window sizes, see, e.g., Ghysels,
Santa-Clara, and Valkanov (2005), and in the specific context of betas Ghysels and Jacquier (2006).

30Tn untabulated results, we verify that depending on parameters, incorporating contemporaneous information into
the linear filter can either slightly improve or slightly worsen alpha estimates relative to using only lagged information.
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of Section 3 to the empirical analysis of high-turnover momentum portfolios. We then present
the empirical results, including conditional performance measures and decompositions of the alpha
differences into market-timing, volatility-timing, and overconditioning components. We focus in the
main text on conditional CAPM performance, and show in Appendix B that the methods are easily
extended to conditional 3-factor model performance, giving robust results.

We consider three momentum strategies (Jegadeesh and Titman, 1993), denoted 6-d-h, with
common 6 month formation periods over which stocks are sorted into winners and losers. We
assume d months delay between the end of the formation period and the initial investment, after
which stocks are held without rebalancing for A months. Details are given in Appendix B. The
specific portfolios are 6-0-6, 6-1-1, and 6-1-6, which aids comparison with LN (6-0-6) and GM (6-1-
1). We calculate the returns for winners (W) and losers (L) from January 1930 to December 2005,
and their difference (WL). Our results are robust to variations of the portfolio rules.?!

Table 5 reports mean returns and betas. Panel A shows means in excess of the T-bill rate for
each portfolio at horizons of one day and one, three, and six months.?> The excess winner minus
loser returns are large and positive across strategies and horizons. For example, the 6-0-6 average
profit is 1.30 — 0.76 = 0.54 percent at the one month horizon with similar rescaled quarterly
and semi-annual averages. The 6-1-1 and 6-1-6 profits are respectively smaller and larger. The
unconditional betas in Panel B are loadings from standard market model regressions using daily
and monthly returns. We also report Dimson (1979) “sum” betas from daily data using the lag
structure suggested by LN,33 which helps to mitigate the effects of asynchronous trading. Dimson
adjustment has a stronger impact on losers than winners, consistent with the lower liquidity of
losers. The unconditional winner minus loser loadings are then negative for both daily and monthly
horizons. The average contemporaneous portfolio (CP) betas reported in Panel B are calculated
by forming non-overlapping windows of N € {1, 3,6} months. Within each window we estimate a
Dimson regression from daily momentum returns, and the contemporaneous beta is the sum beta.
The winner minus loser portfolio has a lower average CP than UC beta, consistent with a UC
loading bias generated by negative volatility-timing.

Panel C shows correlations between the formation-period market return and holding-period be-

31We confirm robustness to (i) including only NYSE and AMEX stocks, (ii) imposing a minimum price screen of
$1, (iii) restricting the sample period to January 1964-December 2005, and (iv) combinations of the above.

32The daily mean is multiplied by the average number of trading days in one month. The approximate number of
days in a month is 24.5 for months prior to 1952, and 21 thereafter, due to the end of Saturday trading. The overall
average is approximately 22 days in a month. For a horizon of N months, we scale each mean return by 1/N.

#¥We run the regression Ry = a; + B;gRum,e + By Rae—1 + Bis Zi:z Rut—k/3 + €ir,where R; and Rar: are
respectively excess returns on portfolio ¢ and the value-weighted CRSP index. The Dimson “sum” beta is 8,54 08;1+08;2-
Our results are robust to using (i) no Dimson leads or lags, (ii) one lead of market returns in addition to lags, and
(iii) alternatively using the Fowler and Rorke (1983) adjustment for asynchronous trading.
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tas, market returns, and squared market returns. RU6 is the prior 6 month market return, which
relates to the formation period market returns. Consistent with GM, RUG6 strongly predicts winner
and loser betas with positive and negative signs respectively. RU6 also negatively predicts future
squared market returns, confirming a well-known regularity (e.g., French, Schwert, and Stambaugh,
1987). Combining these two phenomena generates negative covariation between holding-period mo-
mentum betas and market volatility. Following (3.2), such volatility-timing in momentum should
cause an upward bias in the unconditional momentum alpha. Our conditional performance evalua-
tion methods allow us to quantify the magnitude of this effect.

Panel D of Table 5 shows asymmetric betas. For the winner minus loser portfolios, the down-
market betas are uniformly larger than the up-market betas, consistent with De Bondt and Thaler
(1987) and Hong, Tu, and Zhou (2007). Following Section 3, such beta asymmetries will lead to

substantial biases in alphas calculated from uninstrumented contemporaneous realized betas.

4.1. Empirical Implementation: Portfolios vs. Individual Stocks

To apply our empirical methods to high-turnover momentum portfolios, we adapt the procedures
discussed previously. We distinguish between two types of empirical beta estimates for portfolios,
the lagged portfolio (LP) and lagged component (LC) betas. The lagged portfolio beta is defined as
in Section 3, treating the portfolio as a single asset by calculating the beta of the portfolio returns

CP

fTP = Biy—1- The LP beta does not account for changing portfolio weights,

in a prior window: (;
and if the portfolio beta changes due to changing composition (i.e., turnover of high vs. low beta
stocks), the LP beta will not accurately reflect portfolio risk in the holding period.

Our lagged component betas, by contrast, are calculated as portfolio-weighted averages of beta
estimates from the individual stocks that will be in the portfolio in the next period. The LC beta
thus uses an important piece of investor information — the portfolio weights of individual stocks at
the beginning of the investment period. To summarize the LC procedure, at the end of calendar
month 7— 1 we estimate betas of the individual stocks (components) that will belong to a portfolio
in holding month 7, and sum over all components the product of (1) the estimated component beta
and (2) the beginning of month 7 component portfolio weight. Obviously, many different ways of
estimating component betas are possible, for example by using different window sizes or daily vs.
monthly data. Once LC betas are calculated, a single estimate may proxy for conditional beta,
or alternatively one or more betas can be used as instruments in the IV approach, with weights
optimally allocated to the instruments most informative about portfolio risk in the holding period.

In this study, we define ﬂiLTCG and ﬂiLTC% as the LC betas where component betas are calculated

respectively from (i) six months of daily returns with loadings estimated as Dimson sum betas using
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the LN lag structure; and (ii) thirty-six month windows of monthly returns. We have calculated
betas many different ways and found no meaningful difference in alphas or R? when using any
more than two LC betas calculated from different window sizes. We also consider as instruments
standard predictors of the market premium: dividend yield (DY), term spread (TS), one-month
T-bill rate (TB), and default spread (DS).>* Finally, we include as potential instruments 6- and
36-month prior window market returns (RU6 and RU36), motivated by the observation in Table 5
that prior window market runup predicts both future beta and market volatility, consistent with
prior literature (e.g., GM; French, Schwert, and Stambaugh, 1987).

Implementing filtering as in Section 3 must also account for the high turnover of momentum
portfolios. It is beyond the scope of the present study to empirically implement exact nonlinear
filtering for momentum.?®> We do however adapt an approximate linear filter, which has the potential
to capture useful information in the contemporaneous realized beta that is not included in lagged
instruments, while filtering out the part of contemporaneous beta that is correlated with the surprise
in contemporaneous market returns. Following our Monte Carlo study, the simple-to-implement
lagged beta, IV, and linear filtering methods should correct underconditioning biases related to

market- or volatility-timing, while avoiding the overconditioning bias.

4.2. New Estimates of Momentum Alphas

We calculate momentum alphas from 1) proxy methods, using contemporaneous and lagged betas;
2) IV methods, using lagged betas and other instruments; 3) methods that incorporate contempora-
neous and future information while instrumenting, including using contemporaneous realized beta
while instead instrumenting for the market return, a two-sided kernel, and filtering. All methods
that use instrumentation consistently reduce momentum alphas by 20-40% relative to uncondi-

tional, while overconditioned alphas are up to 2.5 times larger.

4.2.1. Proxy Methods

Table 6 shows CAPM alphas using empirical proxies for conditional beta. Column (i) reports

unconditional alphas. Consistent with the negative market exposure of the winner minus loser

3 Dividend yield is computed following Fama and French (1988). Term spread is from Robert Shiller’s web-
site http://www.econ.yale.edu/ shiller/data.htm, measured at the end of the previous year. Default spread
is the difference between BAA and AAA corporate bond yields, obtained from the Federal Reserve,
http://research.stlouisfed.org/fred2. T-bill is the 30-day yield from CRSP.

35Quch an endeavor would require assumptions about the nonlinear data generating process for each individual
stock entering and leaving the momentum portfolios, and would be much more computationally intensive than the
single asset simulation study in Section 3. Moreover, a fully structural approach would require a complete specification
of not only conditional beta dynamics for each stock, but also the dynamics of beta asymmetries.
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portfolios, UC alphas increase relative to raw profits. At a one month horizon, the 6-0-6 strategy
has an alpha of 0.57 for winners, —0.24 for losers, and a momentum alpha of 0.81.
Columns (ii) and (iii) use contemporaneous realized betas as proxies for conditional beta. In

CP,RD __ RD
i - RiT -

column (ii), alphas are calculated from rescaled daily average returns: i.e., a,;

ﬂf P Rﬁe, where RﬁD and R]\Rﬁ are respectively the average daily return in window 7 of asset

i and the market. The alphas in column (iii) use buy-and-hold returns over the same interval:
oCPBH

i = Ry — ﬁf P Ryr-. We view the RD alphas as unreliable because daily return averages
can be highly impacted by microstructure effects, and in particular average daily returns of illiquid
portfolios such as the loser side of the momentum strategy are biased downwards.?® For example,
the raw returns of the momentum strategy reported in Table 5 are substantially larger for daily
returns than any other horizon. Rescaled daily-return alphas are the focus of recent studies using
realized betas (e.g., LN; Li and Yang, 2008; Ang and Kristensen, 2009), and we report this measures
simply for comparison purposes. The one-month horizon buy-and-hold alphas are easy to compare
with the one-month unconditional alpha because both performance measures use identical returns
R;-, and differ only by their risk measures. For these reasons, we henceforth focus our discussion
on the buy-and-hold alphas.

For the one-month horizon N = 1, the buy-and-hold CP alpha is substantially larger than
unconditional (1.09 vs. 0.81 for 6-0-6). By contrast, the lagged portfolio alpha in column (v) is
substantially smaller (0.47). If one believes that the state variables driving joint movements in
conditional beta and market returns are persistent, this dramatic difference between CP and LP
alphas suggests an overconditioning problem. At three- and six-month horizons, the difference
between using a contemporaneous and lagged beta becomes gradually smaller. With N = 3 the
contemporaneous portfolio alpha is 0.86 for winners minus losers while the lagged portfolio alpha
is 0.50. For N = 6 the contemporaneous and lagged portfolio alphas are almost identical (0.61
vs. 0.58) and are both smaller than unconditional (0.81). These results can be explained by the
tradeoffs between overconditioning and underconditioning (Sections 2 and 3) and the large beta
asymmetry of momentum portfolios (Table 5). As window size increases (N = 1,3,6), the impact
of overconditioning becomes smaller and the contemporaneous portfolio alphas fall dramatically
(1.09, 0.86, 0.61). By contrast, larger windows worsen the underconditioning problem by blending
months with different portfolio holdings and risk, and lagged portfolio alphas rise moderately with

30In an earlier working paper (Boguth, Carlson, Fisher, and Simutin, 2007), we showed theoretically the impact
of return autocorrelation on the ratio of rescaled-daily to buy-and-hold returns. RD returns are biased downward
(upward) relative to BH returns when autocorrelations are positive (negative). Due to space constraints and to
maintain focus, we have removed more detailed discussion of the RD bias from this paper and plan to treat this issue
separately.
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N (0.47, 0.50, 0.58). The pattern of these results is similar across all three momentum strategies,
and consistent with the Monte Carlo experiment in Section 3.

Average lagged component (LC) alphas are reported in columns (vi) and (vii). For all strategies,
the LC winner minus loser alphas are close to the one-month LP alphas. From Panel B, the 6-0-6
LC36 winner beta is smaller than the loser beta (1.30 vs. 1.37), which almost entirely explains the
larger winner minus loser alpha for LC36 relative to LC6 (0.49 vs. 0.43). To mitigate concerns about
microstructure biases impacting high-frequency betas, to make use of multiple beta estimates and
other predictors, and to eliminate the possibility of predictable changes in risk from prior windows

to the holding period, we next use lagged betas as instruments within the IV framework.

4.2.2. IV Alphas

Table 7 presents our IV risk-adjustment results for the 6-0-6 strategy. We fully report both stages
of the two-step procedure (beta and return regressions), as well as the alpha and R? from the
one-step method. In all cases, the IV1 and IV2 alphas are very close, and our discussion focuses on
the two-step results. With no instruments (specification 1), the return-regression intercepts are the
unconditional alphas previously reported in Table 6, and the net momentum alpha is 0.81.

In (2), the standard instruments help somewhat to predict beta (R? = 2.85 and 9.73 percent
for winners and losers). The first-stage fitted beta is significant in the second-stage and efficiently
predicts conditional beta for winners (¢;q, ¢;; = —0.12,1.20), while showing downward bias for
losers since the sum of the two second-stage coefficients significantly exceeds one (¢;9 + ¢;; =
0.51 4+ 0.79 > 1). For winners and losers, the second-stage R? increases by approximately two
percentage points relative to (1), and the alphas attenuate towards zero. Net alpha decreases from
0.81 unconditionally to 0.70 conditionally.

Our paper emphasizes that lagged-component betas are useful instruments for performance
evaluation.?” Relative to the standard instruments, the isolated LC6 and LC36 betas (3 and 4)
substantially improve the first- and second-stage R?. For either instrument, the winner and loser
alphas move toward zero and the net alpha falls to 0.65 and 0.64 respectively. Combining LC6 and
LC36 (5), both are significant with LC6 more heavily weighted by about 2:1, and net alpha drops
to 0.62. Adding the market runups RU6 and RU36 with the LC betas in (6) has a small impact
on R? and slightly reduces the net alpha to 0.59. In untabulated results, the runups alone predict

beta and reduce alpha, but their effect after controlling for LC betas is marginal. Combining all

37 Ghysels and Jacquier (2006) regress contemporaneous realized betas on lagged portfolio betas and other predictor
variables, similar to our first stage beta regression. They do not consider lagged component betas, which may be
justifiable given their focus on forecasting relatively low-turnover industry portfolio betas. Because of the emphasis
of their paper, they also do not consider the second-stage performance regression.
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instruments (7), the lagged component betas are stable and significant, the runups are driven out,
and among the standard instruments only dividend yield for winners and T-bill rate for losers
remain significant. Relative to (1), the momentum alpha falls by approximately 30% to 0.59.

We abbreviate the IV analysis for 6-1-1 and 6-1-6 strategies in Table 8. The results are qualita-
tively similar to those reported for 6-0-6, and the net alpha reductions from conditioning information
are approximately 20% for 6-1-6 (0.93 vs. 1.14) and 40% for 6-1-1 (0.36 vs. 0.57).

To test the statistical significance of the alpha reductions from conditioning, we use the GMM
procedure in Appendix B, which accounts for measurement error in the betas used as instruments.
For each return regression in Tables 8 and 9, an asterisk beside the winner minus loser alpha denotes
rejection of the null hypothesis that afV > oVC at the 5% level. With the standard instruments
alone, the decrease in alpha is significant only for 6-1-1. In all specifications with at least one lagged-
component beta as an instrument, the conditional alpha is significantly lower than the unconditional
alpha for all strategies.

In untabulated results we added additional lagged betas to the regressions in Tables 7 and 8. For
example, the LP6 beta, calculated from six months of daily lagged-portfolio returns, is significant
independently, but is driven out when combined with LC6. In general, LC betas dominate LP
betas, and the alphas reported in Tables 7 and 8 with LC6 and LC36 betas are robust to adding
component or portfolio betas measured over other horizons.

The results of this section show that overconditioned alphas using uninstrumented CP betas are
much larger than unconditional. By contrast, the IV procedure, which eliminates overconditioning
while capturing predictable variation in conditional beta, decreases alpha by a statistically and

economically significant 20-40% relative to unconditional.

4.3. Do Current or Future Returns Have Additional Information About Beta?

The IV alphas calculated so far use information known to be in the investor’s information set, such
as lagged betas and other instruments, to estimate conditional beta. One might wonder whether
one can incorporate information from current or future returns into beta estimates and still get
reliable alphas. We use three such methods: 1) using contemporaneous realized beta while instead
instrumenting for market returns with predictors of the risk premium, 2) incorporating future real-
ized betas into the IV alpha estimates; and 3) using linear filtering to extract additional information
from contemporaneous returns while eliminating variations related to the market return innova-
tion. We briefly discuss the methodological issues related to each approach and show that all three

methods produce additional small declines in estimated momentum alphas.
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4.3.1. Using Contemporaneous Beta and Instrumenting for Market Returns

As shown in Section 2, when one calculates alpha using contemporaneous realized beta as a proxy
for conditional beta, i.e., a;r = Rir — ﬁgp Rps-, an overconditioning bias occurs when payoffs are
nonlinear because measurement error in ﬁgp covaries with the unexpected market return. We have
thus far focused on solving this problem by using instruments for conditional beta that are known
to investors ex ante, which eliminates any overconditioning bias.

If one wants to use the contemporaneous realized beta, an alternative that also removes the
overconditioning bias is to instead instrument for the realized market return with predictors of
the risk premium. That is, instrumenting for either the realized beta ﬁ?f or R eliminates

overconditioning. We correspondingly calculate the market-instrumented (MI) conditional alpha as
MI

ot = Rir — ﬁgp R Mo, Where RMT is the fitted value from a first-stage regression of market returns
on instruments. In implementation, we use the full instrument set from Tables 7 and 8.

To place the MI alpha estimate in a broad context, Table 10 reports it alongside momentum
performance estimates calculated previously in the paper. The key finding is that using contempo-
raneous realized beta and instead instrumenting for the market return gives almost the same alpha
as instrumenting for conditional beta. In either case, instrumenting reduces the alpha by 20-40%
below unconditional, and is much lower than the overconditioned alphas that instrument for neither

market returns nor conditional beta.

4.3.2. Instrumenting with Future Realized Betas

To better understand the source of overconditioning in momentum portfolios, we consider using
future realized betas as instruments for conditional beta. To do this, we define forward component
(FC) betas analogously to lagged component betas. For each stock (component) i that will be in
the portfolio in period 7, we estimate the component beta in a window starting immediately after
the return interval 7. The FC beta is then the sum over i of the product of (i) the portfolio weight
of stock i at the beginning of 7, and (ii) the component beta in the forward window.

We consider using as “instruments” in the standard IV regression (3.12) a combination of LC,
CP, and FC betas, i.e., BiT =wio+y wilﬁﬁcu—wicﬁg]ﬂ—zf wifﬁiFTCf. Such an approach resembles
the procedures of Li and Yang (2008) and Ang and Kristensen (2009) because when multiple betas
are used the aggregate weights on returns may vary non-parametrically, and we expect returns
closer to the date 7 to receive heavier aggregate weights.

In this framework, two different types of overconditioning biases can occur, consistent with

the discussion in Section 2. Using our previous notation, denote for m € {LC,CP, F'C} the resid-
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uals of the empirical beta estimates after projecting onto investor information, ie., ej = o —
E (87| F-_1). Obviously, LC betas cannot produce an overconditioning bias since they are in the in-
vestor information set and their projection residuals are zero: 559 = 0, implying C’ov(aﬁf semr) = 0.
However, neither CP nor FC betas are measurable under investor information, and either of their
residuals sgf or 557_0 could covary with the market return surprise. We previously focused on the
overconditioning bias from using a CP beta and showed that when the asset ¢ return is nonlinear in
the realized market return, which may occur under general factor models and is empirically likely
for many assets, then C’ov(egf ,enmr) 7 0 and the CP alpha is biased.

A different type of overconditioning bias can occur when using an FC beta. The identify-
ing condition required for an FC beta to be a valid instrument, giving an unbiased alpha is
C’ov(sgf ,enmr) = 0. However, many models of asset price dynamics imply that the unexpected
market return drives movements in future conditional beta, implying Cov(sgf yemr) 7 0. For ex-
ample, if the asset ¢ is more levered than the market, then a surprise positive (negative) market
return decreases (increases) conditional beta, implying Cov(fngC ,emr) < 0 (Hamada, 1972). Sim-
ilarly, if firm ¢ possesses a growth option, then locally C’ov(sgf yenmr) < 0 (Carlson, Fisher, and
Giammarino, 2004), and for a contraction option C’ov(egg yenmr) > 0.

This discussion raises a challenging question for any study using a two-sided estimate of beta,
even if only FC and not CP betas are included. Specifically, if an alpha estimate using FC betas
differs significantly from an alpha using only lagged information, then how should this be inter-
preted? One possibility is that the FC beta contains information about a change in conditional
beta not known in advance to investors and correlated with the market innovation €3, in which
case the one-sided kernel beta estimate is more appropriate. The other possibility is that the beta
change was known in advance to investors, but the empiricist lacks sufficient instruments to cap-
ture it. Ang and Kristensen (2009) assume this problem away by specifying innovations in beta
to be uncorrelated with market return surprises. To empirically address the issue is more difficult,
requiring either identification of lagged instruments that predict the beta change, or else a struc-
tural approach where one can make inferences about predictability of beta changes, market return
state variables, and any variables that drive payoff nonlinearities. The latter approach is beyond
the frontier of current research due to our limited understanding of the joint dynamics of payoff
nonlinearities with market returns and conditional betas, but can be investigated in future work.

Fortunately, this issue is not a problem in our empirical results. We calculate alphas using both
LC and FC betas as instruments and report the results in Table 10, finding very little difference
with IV alphas that use only LC betas as instruments. This result has an important implication:

The overconditioning bias in momentum is due to a true nonlinearity, where the measurement error
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in contemporaneous realized beta covaries with the surprise in market returns (Cov (ng semr) £ 0).
In order to believe that the uninstrumented CP alpha is correct, one would have to believe that
the IV alphas using only lagged information are incorrect, and also that the IV alphas using
both LLC and FC betas are incorrect. We find such a scenario highly unlikely, and see no possible
theoretical explanation for such a pattern.®® By contrast, simple contemporaneous nonlinearities
in momentum returns (De Bondt and Thaler, 1987; Hong, Tu, and Zhou, 2007), the predictability
of momentum beta with formation-period market returns (GM), and the inverse predictability of
market volatility with formation-period market returns (e.g., French, Schwert, and Stambaugh,
1987), combine to explain all of the momentum alphas we have calculated. In a world where all
of these well-documented regularities are important, appropriate instrumentation gives the most

accurate estimate of conditional performance.

4.3.3. Filtering

We can also extract marginal information about conditional beta ﬂﬁt_ ! from the contemporaneous
realized beta ﬁgp , while removing variation linearly related to the surprise in market returns. To
do so, we regress the forward-component beta ﬁfic on the standard IV beta that uses only lagged
information, the contemporaneous realized beta, and the unexpected market return as inferred from

a predictive regression of market returns on instruments:
FC __ 1A% CcP
ir =Y t+ r}/lﬁiT + 7261’7’ + v3€mr + Uir-

The fitted value Bf;c includes, in addition to the lagged information ﬂZITV , any useful information
from ﬁgp while linearly removing measurement error in ﬁgp that covaries with the market surprise
emr- The fitted value Bfic is a valid instrument (i.e., will not produce an overconditioning bias) in
the standard IV regression (3.12) under the identifying assumption C’ov(sgf ,emr) = 0, which is
consistent with the empirical results in the last section. Details of the linear filtering procedure, a
thorough explanation of the identification requirements, and complete empirical results including
an additional test of the identifying assumption are given in Appendix B.

Table 10 includes the final alpha estimates for the filtering procedure (FI) for all strategies.

A strong message emerges. The filtering results are again very close to all other methods that

38 This belief would imply that, prior to date 7, investors have information unavailable to the empiricist that predicts
movements in conditional beta and expected market returns i) in opposite directions at the beginning of window 7,
and ii) that these movements will predictably reverse at the end of window 7. For example, investors would sometimes
have to know that the market return would be unusually high over the next month while the conditional momentum
beta is lower than forecast from a predictive regression, and that these patterns will predictably reverse at the end
of the month. A much simpler and more plausible explanation for our empirical findings is that measurement error
in realized beta is correlated with the unexpected market return due to payoff nonlinearities.
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instrument for either the realized beta or the realized market return. The instrumented conditional
alphas are consistently 20-40% below the unconditional alpha, and in many cases less than half the

level of overconditioned estimates.

4.4. Decomposing the Alpha Biases

We now decompose the differences between alpha estimates into components due to market-timing,
volatility-timing, and overconditioning. We take as a benchmark the one-stage instrumental vari-

ables alpha a!"" calculated with the full set of instruments in Tables 7 and 8, and consider compar-

isons with: i) the unconditional alpha o¥“, and ii) the uninstrumented estimate a$'”.
We first break o/ — afV into market- and volatility-timing components: a/¢ — afV = o¥¢ +
¢ where a7 and al/C are defined as in (3.1) and (3.2) substituting BL" for conditional beta.

Nearly equivalently, we can separate according to uncentered first (M1) and second (M2) sample

moments of the market: /¢ — alV = al¢| + al%,, where al}¢ = (1+ R3,/0%;) Cov (ﬂw , Rasr)
and ag\% = — (RM / 0%4) Cov (ﬁfTV , R ) as in Proposition 1. The two decompositions are practi-

cally identical,?

and we refer to both as separating into market- and volatility-timing components.

Table 10, Panel A shows the market- and volatility-timing components for each portfolio. Volatil-
ity timing has a larger impact than market timing in all cases. For example, in the 6-0-6 winner
minus loser portfolio volatility-timing contributes 21 basis points per month, relative to a total
alpha difference of 24 basis points per month. In all cases volatility-timing biases upward uncondi-
tional winner alphas and biases downward unconditional loser alphas. In other words, unconditional
momentum alphas are inflated by volatility-timing.

The importance of volatility timing in momentum is consistent with prior evidence that the for-
mation period market return (i) positively (negatively) predicts the winner (loser) holding-period
beta (GM), and (ii) negatively predicts holding-period volatility (e.g., French, Schwert, and Stam-
baugh, 1987). Combining these regularities explains the negative (positive) volatility-timing for
winners (losers) in Panel A, depicted in Figure 2.

We can also decompose the difference between the overconditioned alpha &ZCP , formed from the

contemporaneous realized beta, and the IV conditional alpha, following the logic of Section 2:

aSP—alV = —Cov (5(”” V Ry )— (ﬁff ”’) Ry

= —Cov (ﬁcp v 5MT) Cov (ﬁcp IVR > (ﬁgp IV) Ry, (4.1)

39The two decompostions dlffer only due to the allocation of a term involvmg covariation of beta with R3,, i.e.,
%7 = a¥§, — (RM/UM) Cov( i ,RMT) Empirically, — (RM/U?V[) Cov( iy ,RMT) ~ 0, as discussed in Section 2
and confirmed in Table 10.
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where Ryrr = Er—1Ryr, evir = Rty — Br—1 Rz, and ﬁgp_lv = ﬁgp — ﬁlfTV The first component
captures the covariance of the noise in CP beta with the surprise in market returns, and reflects
overconditioning. The second part measures covariation of the beta difference with the predictable
part of market returns, and may represent useful performance-related information in the CP beta
not captured by the IV beta. Our earlier results showed that linear filtering to extract additional
information in the CP beta produced little change relative to the IV beta, and hence we expect the
second term to be small. The final term is the difference in the average betas.

Panel B of Table 11 shows the decomposition (4.1) for all momentum portfolios. The covariance
between unexpected market returns and the difference of CP and IV betas is large and negative for
winners (—0.65), and almost zero for losers (—0.08), consistent with the beta asymmetries reported
in Section 4. The main message of Panel B is reenforced in Figure 3, which shows that the over-
conditioning bias from using an uninstrumented contemporaneous realized beta is overwhelmingly

explained by two facts: i) losers have similar loadings on negative and positive market news, and

ii) winners are much more heavily exposed to negative versus positive market surprises.

5. Conclusion

We show that overconditioning — a new concept introduced in this paper — and volatility-timing can
plausibly bias conditional CAPM alphas by several times more than market-timing. Empirically,
negative volatility-timing substantially inflates the unconditional momentum alpha, and occurs
because the formation-period market return positively predicts holding period beta, while also
negatively predicting holding-period market volatility.

Attempting to incorporate information about time-varying risk by using a contemporaneous
realized beta without instrumentation produces an overconditioning bias related to nonlinearity in
the relation between asset and factor returns. In momentum, the overconditioning bias is large and
inflates alpha because the strategy loads much more heavily on negative versus positive market
news. We propose a variety of instrumental variables estimators, using lagged realized betas, two-
sided kernels, the contemporaneous realized beta while instrumenting for the market return, and
filtering. Our new estimates of momentum alpha correct the volatility-timing and overconditioning
biases, and are significantly below both unconditional and overconditioned estimates.

We see several directions in which this literature should continue to develop. 1) More research
can be done to understand the dynamics of return nonlinearities, in particular joint dynamics with
conditional beta and the conditional mean and variance of market returns. Such advances would

permit structural estimation of conditional factor model alphas, complementing the reduced form
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approach of this paper. 2) We calculate alphas under the conditional CAPM, where there is no
reward for payoff nonlinearities. If nonlinearities carry a premium (e.g., Kraus and Litzenberger,
1973; Bawa and Lindenberg, 1978) then our estimates of risk-adjusted momentum performance
represent an upper bound — returns such as momentum that are concave in the realized market
(equivalently negative coskewness) should command higher expected returns than predicted by the
conditional CAPM, consistent with the results of Harvey and Siddique (2000). Future research can
improve conditional performance evaluation for models where return nonlinearities earn a premium,
for example by incorporating realized betas as instruments and attempting to better model the
dynamics of return nonlinearities. 3) The concepts and methodologies developed in this paper in
the context of a style portfolio are also applicable to managed portfolios, with additional challenges
because of the incentives of the fund manager to manipulate alpha through unobservable dynamic
trading strategies (Goetzmann, Ingersoll, Spiegel, and Welch, 2007). In particular, volatility-timing
is easier to implement than market-timing, and has been documented in mutual funds (Busse, 1999).
Given our result that volatility-timing has a larger potential impact on alpha than market-timing,

the managed portfolio setting is a natural one in which to extend this research.
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Appendix

A. Proofs of Propositions

The following lemma is used to simplify the proofs:

Lemma 1: For any three random variables X, Y, and Z,
Cov(X,YZ)=Cov(XY,Z) - E(X)Cov(Y,Z)+ E(Z)Cov(X,Y).

Proof of Lemma 1: Cov (X, YZ)=E(XYZ)-E(X)E(YZ)=Cov (XY, Z)+ E(XY)E(Z)—
E(X)E(Y Z), which leads to the result by applying the definition of covariance.

Proof of Proposition 1: To derive the beta bias, note that ﬁgc = Cov (ﬁf{lRMt,RMt) /O’?\/[.
Applying Lemma 1, ﬁ?c = [U%wﬁi — Ry Cov (ﬁ’;{l, RMt) + Cov (ﬁf;l, R?m)] /O‘%W, which reduces
to the beta bias in the Proposition. The alpha bias follows.

Proof of Proposition 2: The conditional difference is

~

B (ai— ol Finr) = B(Ru— BB — B (Ral For) + B Rane| o )

= B 'Ry — B <th ]:tfl) Ry — Cov (Bit, RMt‘ ft71> . (AD)

Rearranging and simplification gives the result. The unconditional result follows immediately from
taking the unconditional expectation.

Proof of Proposition 3: Recall the definition o® = E ( R;| s) — B°E ( Rps| s). Taking expectations
and using the CAPM yields:

E(af) = Ri—E(87) Ry —Cov [B7,BE(Ru|S)]
= [8; —E(87)] Ru — Cov [37, E(Rum|S)] .

If S contains information about R then without loss of generality assume E (Rys| G) > E ( Rys| B).
Since 3 # 8P then Cov [ﬂiS,E (R S)] will not be zero and E (oz;-g) will generally be biased.

Proof of Proposition 4: Equation (2.2) provides a general form of the alpha decomposition:
aUC = Cov (/655_17 RMt) - (/BUC - B) RM = ag{/[?direct + al({mcding'
The unconditional beta from Proposition 1 can be further decomposed:*°
ﬂUc =03- (RM/U%A Cov (ﬁft_l, RMt) + Cov (ﬁzt_l, R?Mt) /O’%M + Cov ( Z;_l,o?wt) /o?w. (A.2)

In our model, all parts of these expressions can be analytically calculated using Stein’s Lemma and
repeated application of Lemma 1. Note that Ry can be expressed in terms of an 7.7.d. standard

Equation (A.2) is equivalent to equation 2 in LN. Note that Cov(8 ', Ramt) = C’ov(ﬁf{l,ﬁz\/{t) since
emt is uncorrelated to ﬁ;fl. Demeaning the market premium in the second term, Cov(ﬂ{;l,Rfm) =

C’ov(,@:fl,(RMt—RM)Q) + 2Rum(CovB], ', Rue), immediately results in the LN relation: gY¢ = g +
(Rar/031)Cov(BT Y, Rase) + Cov(B Y, (Rare — Rar)?) /o3y + Cov(BT 2, 034) /0%
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normal innovation 7, i.e. Ry = Ryt + O M-

Var(Rae) = Var(RMe’\MXT 1= M+0Me2’\ o¥r—1- _’\377)

= R} (M —1)+5% (A.3)
Cov(ﬁft_l,RMt) = Cov(B+ b, X, 1 + b, Y, 1, Ryt X1~ Nt —i—UMe2A oYro1—3 "77t)

= )\MRM (bm + byC'ov (X, Y)) (A.4)
Cov(B Y, R3) = Cov(B+ by Xr—i + bV, R et (2Xr-1=2n))

= 22 RE, (by + byCov (Xr_1,Ys_1)) (A.5)
Cov(By 1, 0%,) = Cov(B+ bpXr g +byYr_y,05,e Y 1727%)

= M (by +bCov(Xr—1,Yr_1)) (A.6)

The beta bias is V¢ — B = As(ku/02,) (by +b,Cov (X,Y)) + Ay (53,/03,) (by + b:Cov (X,Y)),
where k,, = R%M(Qe)‘?w —1)>0and Cov (X,Y) = p.oz0y/ (1 — 0,0,).

Proof of Proposition 5: This decomposition isolates components that relate to covariation with
Ryt (market-timing) and 0%, (Volatility—timing) Substituting (A.3)—(A.6) into (3.1) and (3.2),
noting that Cov (87, R3,) = 2Rpre* Cov i RMt) and simplifying gives (3.9) and (3.10).

Proof of Proposition 6: Conditioning on Rps; > R, the return on asset ¢ is the random

Varlable aj, 1y B 'Ryt — Agopemt + AQUM“/Q/W + e = a, Ly Ag(onn/2/m + Rut) +
( i Ag) Rt + 4. The proof for Ry < Ry is analogous.

B. Details of Calculations and Empirical Procedures

B.1. The Overconditioning Example (Section 2.2, Figure 1)

We define four possible market payoffs Ry; — kx/2, where k = —3,—1,1,3. We solve for aiG and
aP and the returns of asset i in the four states. Conditional on each state, 3{ and af are the
conditional beta and intercept. The unconditional CAPM must hold R; = 3, Ry;. We impose 3; =
(B2 + BY) /2. Setting Std (Rar) = .05 and Ras = .01, we get Ry (Q) = [—0.057, —0.012, 0.032,0.077]

and R; () = [—0.068, —0.001, 0.044, 0.066].

B.2. The Link Between Loading Mismeasurement and Volatility Timing

To provide general intuition about why the loading measurement alpha is tightly linked to volatility
timing, consider the following simple example. Suppose a constant market risk premium, which
rules out market timing. At 7 — 1 investors observe one of two equally likely states {v, m)} e Fr1
with market volatility strictly higher in the volatile than the non-volatile state o2 > ¢2,. Assume
that in different market-volatility states, an asset’s conditional betas {3,,3,,} may dlffer. The
unconditional beta then satisfies 3YC = (62 /03,)8,/2 + (02,/0%;)Bnv/2- The unconditional beta
exceeds average beta 3 = 3,/2 + f3,,,/2 if and only if 8, > ,,,, and is less than average beta if
and only if 8, < B,,.- Thus, returns from high volatility periods are more influential in a simple
OLS time-series regression. Positive volatility timing produces unconditional betas that overstate
average portfolio risk and understate unconditional alphas, whereas negative volatility timing yields
the opposite effect.*! Considering the high observed predictability of market volatility and the

1 The volatility-timing example is easily generalized and relates to a much broader statistics literature that seeks
to identify subsets of data with high influence. For example, a common measure of the influence that a given pair of
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large alpha impacts of volatility timing demonstrated in Table 2, this general intuition shows that
volatility timing should be taken into account whenever evaluating investment performance.

B.3. Exact Filtering and Linear Filtering (Section 3)

Exact Filtering: Let X; = [X,,Y;]. We assume that Xy is drawn from the unconditional dis-
tribution of states, i.e., [Xo, Yp] are drawn as bivariate standard normals with correlation p, =
PeO0y/ (1 — <pxg0y). The empiricist observes R;; and Ry, t > 0 and updates conditional proba-
bilities. Let G, = {R;s, Rys|s <t} and G = {R;s, Rys|s < 7(s)}. We filter using Bayes’ rule, first
using the state equation:

£ (%11Go) = / f (%11%0) f (XolGo) dXo (B.1)

and then updating after observing new data:

f(XalGo, Rann) = f(RanlX1,G0) f (X4]Go) / f (Ram1lGo) (B.2)
f(RM1|X1)f(X1|go)//f(RM1|X1)f(X1|go)dX1,

f (Xi1|Go, Ry, Rin) = f(RiilX1,Go, Rant) f (X4|Go, Ra) / f (RinlGo, Rar) (B.3)
= f(Rz‘1|X1,RM1)f(X1|Qo,RM1)//f(Rﬂ!Xl,RMl)f(X1|QO,RM1)dX1-

For ¢ > 1, the observation equations (B.2) and (B.3) are iterated within a month, while the state
equation (B.1) is updated at the end of each month.

To implement the filtering equations we use recursive numerical integration as in Fridman and
Harris (1998), building on Kitagawa (1987). We discretize the two-dimensional state-space [ X, Y7]
into 31 points in each dimension, and find little change in the accuracy of the filter or the associated
alphas relative to coarser discretizations using as little as half as many integration points in each
dimension. This confirms that the calculations are more than sufficient to approximate well the
exact non-linear filtering equations.

Linear Filtering: We can also implement computationally simpler linear filtering using realized
beta. Assume the following state equation and observation equation:

o= B+ (L=p)Btern (B4)
BCP = BT 4 a(Ryr — Rurr) + e, (B.5)

where &; and e; have mean zero, variances 02 and o2, and are independent. The state equation (B.4)
applies exactly to the model in Section 3 if ¢, = ¢, by setting p = ¢, = ¢y.42 The observation
equation allows the noise in realized beta to be correlated with the market return surprise, as will
occur when payoffs are nonlinear.

For given parameter vector { 0, B,a,02, ag} we can recursively calculate the conditional probabil-

ities of the unobserved state variable 571, Let th* = E(B71G+) and Varfw = Var(8T Y Gr).

independent and dependent variables have on slope coefficients is the statistic DF BET AS;, (see, e.g., Belsley, Kuh,
and Welch, 1980), which measures the degree to which the unconditional slope coefficient changes when datapoint ¢
is dropped . This statistic is driven by the extent to which the dependent variable is an outlier and the size of the ith
diagonal of the (X’X)™! matrix associated with the independent variables.

2When the state variables X and Y have different degrees of persistence, then additional lags of investor-
conditioned beta can be added to the state equation (B.4).
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We recursively update the system

th , = pEL 11 T (1 =p) 8
V‘”HT 1 = pQVGTT—HT—l +0?
Bl = Bl +(1—w) (897 — a(Rur — Rurr))
Wy = 2/(Va7“T‘T Lt 0'2)
VarT‘T = 2VarT|T (- w)?o?,

which is initialized with Elﬂ|0 =4, Varuo = 02/ (1 — 2)
In practice the parameter vector {p, B,a,0? 02} must be estimated which is easily implemented

using GMM or simple least squares. Define the forecasting errors u, = ﬂcp E° - , Whose variance

is Var (ur;) = VarT|T n

squared forecasting errors uZ

+ 02. We choose the parameters {p,ﬁ,a o2 02} to minimize the sum of
2 43

B.4. Momentum Portfolio Construction

At the beginning of calendar month 7, we sort stocks into deciles based on their return over the
formation period 7—d—6 to 7—d—1. To be included in the sort, stocks must have (i) valid monthly
returns on the CRSP database over the entire formation period, (ii) at least 12 additional valid
monthly returns in the thirty months prior to formation, (iii) at least 15 non-missing daily returns
in each month of the formation period. Immediately following the sort, the winner portfolio (W)
makes a fixed $1 investment with equal weights in the top decile stocks, and sells stocks that were
added to the portfolio at the beginning of month 7— h. The loser portfolio (L) is defined by similarly
timed investments and liquidations in the bottom decile stocks. Momentum (WL) profits are the
difference between W and L returns. The portfolios are seasoned by implementing the strategies
with holding period h for A — 1 months prior to the sample start date.

B.5. A GMM Test of the Difference in Alphas

We compare the alphas of a long-short position in portfolios ¢ = 1, 2 under two different performance
specifications j = 1,2. Let R; = [ I Xy ] [ Qi ﬁij ]/ + €45, where 17, R;, and €;; are column
vectors of length T', a;; are scalars, X;; are T' by (k;; — 1) matrices, and 3;; are column vectors of
size kz‘j —1

Define the moment conditions for asset ¢

Ry —ann — X11811
(R1 — ann — X11611) X1

=B
Ji R1 — a12 — X201 ’
!
(R1 — a12 — Xi2015) X2
the coefficient vector b; = [ a;1 3y; a12 B3 |, and the matrix
d; — 9gi | Di1 Oy,

b Ok k11 D1 ’

43 An additional moment is needed to separately identify o2 and o2, but this has no impact on predicted or filtered
betas in a long sample after conditional variance levels reach their steady state.
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where 0,1 2 denotes a matrix of zeros of dimensions nl1 by n2, and

D — 1 E (Xi;)
T E(Xy) B(XXy)
. . . / /2R / o d 0
are symmetric squared matrices of size k;;. Let g =1 g7 g5 ], 0=[b] b5 ], andd = 0 & |
2
Using standard GMM results, V = Var(b) = d"*Sd~!/T, where S = Y2 Ei(utu;fkl and
ur=[ e eeXue €12 €12:Xaar €210 €210Xo1r E22r €22:Xon¢ | We estimate V = d~15d™1/T

following Newey and West (1987) with Bartlett kernel weights w(k,m) = 1 — k/(m + 1). Let
aj = a1j — ag;. The test statistic &g — &1 is asymptotically normally distributed with a mean of
ag — o and a variance of Ve, where c=[ 1 0%1171 -1 %1271 -1 %2171 1 0;62271 I
Applying this methodology to test the difference between conditional and unconditional mo-
mentum alphas, we set R = Ry, Re = Ry, X11 = Xo91 = Ry, X190 = (RMlﬁm) x[ 1p Zw |, and
Xog = (RM1§€22) x[ 1p Zr ], where x denotes element-by-element multiplication. To test the null
hypothesis that the conditional alpha is greater than or equal to the unconditional alpha, we use a
one-tailed test. We implement the Newey-West procedure with m = 5. Our results are unaffected

by other choices of m < 12.

B.6. Filtering: Application to Momentum Strategies

Consider the predictive regression
ﬁz‘FTC =0+ Bl + 725;’6;13 + YsEMr + Uir = Yo + V181 + 72 ( ;1 + 5,6’r) + V3EMT + Uir,

where eprr = Ryrr —Er—1 (Ray-) and €3, represents measurement error. Denoting the fitted values

BZ_C, we run the second-stage performance regression R;; = QZF Ty (6o + 613£C)RMT + Vf;l , where

5_1 =g+ 613510 and af I are respectively the filtered conditional beta and mean alpha. The key
to this procedure is the first-stage. The IV and CP betas should have useful information about the
forward beta (y;,7, > 0). However, the CP beta contains measurement error €3, potentially corre-
lated with the contemporaneous market innovation €ps,. Under reasonable assumptions, discussed
in detail below, including €psr in the regression removes noise in the CP beta that is correlated
with the market innovation and not useful for predicting the forward beta.

Table A.3. presents complete results. The IV beta used as an input in this table is obtained
from the one-step instrumental variables procedure with all instruments (Tables 7 and 8). Panel
A shows results for 6-0-6. Specification (1) imposes 5 = 73 = 0, and shows that the IV beta is
an unbiased and efficient predictor of the forward beta (yy ~ 0,v; =~ 1), even though it uses no
information from month 7. The second-stage alpha is by construction equal to the IV1 alpha of 0.57
(see Table 7 regression (7)). In (2), adding the CP beta slightly increases the k2, and the coefficients
on both regressors are significant with weights favoring IV relative to CP by about 9:1. Using the
CP beta introduces the possibility of overconditioning, and we cannot be sure to what extent the
increase in the second-stage alpha (to 0.62) should be attributed to improved information about the
conditional beta or overconditioning. In (3), the IV beta and market surprise €, are included but
the CP beta is omitted (4 = 0). The market surprise is not significant in the first-stage regression
for either winners or losers. By contrast, in the full specification (4), the coefficient on ey, is about
zero for losers, but positive and significant for winners, revealing that when market returns are
high, the forward beta is larger than suggested by the CP beta alone, and when market returns are
low the opposite holds. Thus, measurement error in the CP beta negatively relates to the market
return surprise, consistent with the strong beta asymmetry of the winner portfolio. Under the full
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specification (4), the alpha falls to 0.48.

In Panels B and C we abbreviate the analysis for the 6-1-1 and 6-1-6 strategies by showing
results only for the full specification. In both cases, filtering similarly produces a small drop in
alpha relative to the base IV results from the previous section.

B.6.1. Identification Requirements

~FC
We establish conditions under which 3, is orthogonal to the market surprise ,7,. Let
B¢ = BBEIBLY) + 07 +<fr

where 65;0 is an innovation to conditional beta and sgf is measurement error (i.e., E((ng |Fr) =

(SETC and E(sgf |F>) = 0 under investor information F;). We show that corr(@ic,sMT) = 0 if
corr(égf,eMT) = 0.
Consider the linear relation ﬁiFTC = Pﬁgp + Aenrr + ulW, where p is any constant and ¥ is
the OLS estimate. We allow that the measurement error in ¥ is correlated with eys,: ST =
Z;l + agpr + €. Using corr(égf,sMT) = 0, we obtain var(ep)y = cov(ﬁﬁc — pﬁgP,EMT) =
cov(—pBST enr) = —pa(var(epsr)). Thus, for any p, 4 converges to —pa, which guarantees that

Bfiw and in turn the filtered beta Bf;l are uncorrelated with the market surprise 7,. The procedure
thus permits information in the CP beta to be incorporated into the performance measure while
eliminating overconditioning.

The identifying assumption COTT’((SETC ,enmr) = 0 is plausible for the FC beta. The empirical
results obtained in Section 4.3.2 support this assumption. Further, regression (3) in Table A.3.
indicates that the market surprise has little ability to independently predict the forward-component
beta ﬁf;c of momentum portfolios, consistent with the assumption.

B.7. The Conditional 3-Factor Model and Momentum Performance

To obtain conditional FF performance measures, in each non-overlapping window 6 of length N €
{1, 3,6} months, we run a Fama-French daily regression for each factor j € {M KT, HM L, SM B}:
Ry = aGPRP In + 3. (BinoFit + BijaoFie—1 + Bijsg St Fit_k/3) + it using the same structure
of Dimson adjustments as in our CAPM results.** Denoting ﬂg-g = Bijio t Bijoo T Bijse as the sum
betas from this regression, we calculate buy-and-hold and rescaled daily alphas for contemporaneous
and lagged betas analogously to the conditional CAPM.

We obtain partial time-series for the three factors and historical book equity values from Ken
French’s website. We create the pre-1963 daily factors following the procedure outlined by Fama
and French (1993). Table A.1 shows for each momentum strategy the FF alphas obtained from
(e.g., Fama and French, 1996), UC risk adjustment produces larger momentum alphas under the
FF model than the CAPM. For 6-0-6 at a one month horizon, the FF winner alpha is lower than
the CAPM alpha reported in Table 6 (0.44 vs. 0.57), the loser alpha is lower by a greater margin
(—0.65 vs. —0.24), and the net WL alpha increases by 0.29 to 1.10. As in the conditional CAPM,
overconditioning is a significant problem. For 6-0-6, the difference between CP and LP alphas
exceeds 1.0 for one month windows, is about 0.6 for N = 3, and ranges from 0.05 to 0.36 for NV = 6.

To calculate L.LC loadings and performance measures we again use either six months of lagged
daily data (LC6) or 36 months of lagged monthly data (LC36) for each component in the W and

44 Fliminating the Dimson lags, or alternatively adding a lead to account for asynchronous trading delays in the
relatively illiquid long side of HML and SMB, does not substantially alter our results.
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L portfolios, using Dimson sum betas for LC6 as previously. The LC6 alphas (column vi) are
moderately smaller than the LPBH alphas (0.71 vs. 0.79 for 6-0-6) and considerably smaller than
UC (1.10). The LC36 method (vii) further reduces alphas.

To implement the IV method, we focus on one-step instrumentation. The conditional regression
is Rir = oVl + > Biulir([ 1 Zjr—1)) + €ir, where j € {MKT,HML,SM B} are the Fama-
French factors. Table A.2 presents results for 6-0-6. The unconditional regression (1) shows that
loadings are uniformly larger for L than W (1.21 vs. 1.00 for MKT, 0.51 vs —0.06 for HML, and
1.52 vs. 0.88 for SMB). The standard instruments (2) appear especially useful for predicting HML
loadings. The regression R? improve from 85.8 to 88.5 for winners, and from 82.3 to 83.4 for
losers. The winner minus loser alpha falls to 0.97 from the unconditional 1.10. Instrumenting with
the lagged component loadings (3), both LC6 and LC36 are always highly significant for W with
roughly equal weightings for all factors. For L, the weightings are higher on LC36 than LC6, and the
latter are insignificant for HML and SMB. Relative to (1) and (2), the R? improve considerably,
increasing to 92.9 and 86.0 for W and L. The alphas further attenuate toward zero for winners
and losers, and the winner minus loser alpha is 0.90. Combining the standard instruments and LC
betas (4), the significance of the standard instruments generally moderates for SMB and HML,
and is mixed for MKT. The lagged component coefficients are more stable. Relative to (3), the R?
improves marginally for winners and is approximately constant for losers. The alphas for winners
and losers attenuate slightly towards zero, and the winner minus loser alpha is 0.87.

Results for the 6-1-1 and 6-0-6 strategies are similar and are omitted for brevity. We conclude
that proper use of conditioning information reduces three-factor momentum performance by a
statistically significant 20% to 25%, while overconditioned estimates can overstate performance by
more than 2.5 times.
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Table 1. THE UNCONDITIONAL ALPHA BIAs

A. Market-timing

ba
AM 0.2 0.4 0.6 0.8 1.0
0.1 0.01 0.03 0.04 0.05 0.06
0.2 0.03 0.05 0.08 0.10 0.13
0.3 0.04 0.08 0.11 0.15 0.19
0.4 0.05 0.10 0.15 0.20 0.25
0.5 0.06 0.13 0.19 0.25 0.31

B. Volatility-timing

by
Ao -0.2 -0.4 -0.6 -0.8 -1.0
0.8 0.10 0.20 0.30 0.40 0.50
1.0 0.13 0.25 0.38 0.50 0.63
1.2 0.15 0.30 0.45 0.60 0.76
1.4 0.18 0.35 0.53 0.71 0.88
1.6 0.20 0.40 0.60 0.81 1.01

Notes: This table reports unconditional alphas (in % monthly), cal-
culated analytically as in Proposition 6, from the calibrated dynamic
CAPM described in equations (3.5)-(3.8) and (3.11). The model pa-
rameters are Ry; = 0.0003, 55, = 0.01, and Ag = 0. In Panel A,
only information about the conditional mean of market returns is rele-
vant, i.e., A, = 0, while Panel B only considers information about the
conditional market volatility, i.e., Apy = 0.

Table 2. THE OVERCONDITIONING BIAS

Ag Daily Betas Alpha Bias (af*P, %/m)
R T R G G G
0.00 1.00 1.00 0.00 -0.00 0.00 -0.00 -0.00
0.20 1.20 0.80 0.00 0.17 0.05 0.03 0.01
0.50 1.50 0.50 0.00 0.42 0.13 0.07 0.03
1.00 2.00 0.00 0.00 0.84 0.27 0.13 0.07
-0.20 0.80 1.20 0.00 -0.17  -0.05 -0.03 -0.01

Notes: This table shows the effects of changes in Ag in the unconditional version of
the calibrated dynamic CAPM (Ays = Ay = by = b, = 0). The model parameters are
Ryr = 0.0003, 537 = 0.01, 0; = o, and 8 = 1. The reported statistics are obtained
by simulating 10® months of n = 21 daily returns. The reported rescaled daily (RD)
alphas are in percent per month. Risk adjustment is done either unconditionally (UC)
or using the contemporaneous portfolio method (CP) using non-overlapping windows of
length N =1,3,6 or 12 months. The buy-and-hold (BH) alphas are virtually identical

to the RD alphas and are not reported.



Table 3. THE OVERCONDITIONING VS. UNDERCONDITIONING TRADEOFF

Market Parameters Stock Parameters
A Ao Pe by by Ag N=1 N=3 N=6
(1)  Overconditioning Only ucC  0.00
0.30  0.60 0.00 0.00 0.00 0.50 Cp 0.42 0.14 0.07
LP  0.00 0.00 0.00
(2) Market-Timing Only uc  0.09
0.30  0.60 0.00 0.50 0.00  0.00 Cp 0.00 0.01 0.02
LP  0.01 0.03 0.04
(3)  Volatility-Timing Only ucC 0.38
0.30  0.60 0.00 0.00 -0.50 0.00 Cp 0.00 0.03 0.06
LP 0.00 0.03 0.06
(4) Market- and Volatility-Timing, No Nonlinearities uc 047
0.30  0.60 0.00 0.50 -0.50 0.00 CP  0.00 0.04 0.08
LP 0.01 0.06 0.10
(5) Market- and Volatility-Timing, Nonlinearities uc 047
0.30  0.60 0.00 0.50 -0.50 0.50 Ccp 0.35 0.16 0.14
LP 0.01 0.06 0.10
(6) Market- and Volatility-Timing, Nonlinearities, p, > 0 uc  0.23
0.30 0.60 0.50 0.50 -0.50 0.50 Cp 0.35 0.14 0.10
LP 0.00 0.03 0.05
(7)  Market- and Volatility-Timing, Nonlinearities, p, < 0 uc  0.70
0.30 0.60 -0.50 0.50 -0.50 0.50 Cp 0.35 0.18 0.18

LP 0.02 0.08 0.16

Notes: This table reports buy-and-hold alphas (in % monthly) from the calibrated dynamic CAPM with
parameters Ry, = 0.0003, 53; = 0.01, 0; = o, and 3 = 1. The persistence of the conditioning variables
X and Y is ¢, = ¢, = 0.9. Estimates are obtained from 108 months of n = 21 daily returns. Alphas are
rescaled to monthly equivalents for data windows of N = 1,3, or 6 months, and the performance measures
UC (unconditional), CP (contemporaneous risk adjustment), and LP (lagged risk adjustment).
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Table 5. MOMENTUM SUMMARY STATISTICS

6-0-6 6-1-1 6-1-6
W% L WL W% L WL w L WL Ry R?\/[
A. Mean Returns
daily 1.18 035 0.84 1.26 0.62 0.64 1.30 0.12 1.18 0.59 22.77
1 month 1.30 0.76 0.54 1.38 1.13 0.24 1.43 0.52 0.91 0.62 30.15
3 month 140 0.88 0.52 146 1.29 0.18 1.54 0.62 0.91 0.64 37.08
6 month 142 0.79 0.64 149 123 0.26 1.57 0.53 1.04 0.62 29.21

B. Unconditional and Average CP Betas
AY¢ 1 month 1.17 1.61 -0.43 1.16 1.67 -0.52 1.20 157 -0.37 - -

BUC . daily 116  1.38 -0.22 115 141 -0.26 117  1.36 -0.19 ; -
BCP 1.14 1.16 -0.01 1.14 1.19 -0.05 1.15 1.14 0.00 - -
C. Correlation of CP Betas, Rys and R?VI with Formation Period Market Return
Corr(-,RU6) 0.20 -0.15 0.30 0.26 -0.22 0.37 0.15 -0.10 0.21 0.01 -0.20
D. Asymmetric Betas
6~ 1.51 1.31 0.20 1.52  1.29 0.23 1.50 1.31 0.19 - -
[3+ 0.89 1.19 -0.29 0.88 1.26 -0.38 093 1.15 -0.22 - -
B8~ —p" 0.61 0.12 0.49 0.64 0.04 0.60 0.57 0.16 0.41 - -

Notes: This table reports summary statistics for momentum portfolios and the market excess returns over
the sample period from January 1930 to December 2005. Daily returns are computed as average daily returns
scaled by average number of days in one month. 1-, 3-, and 6-month returns are computed by compounding
monthly returns in overlapping windows of N = 1, 3,6 months and dividing by N. Squared market returns are
computed in a similar manner. Returns in Panel A are reported in percent, and squared market returns are in
percent squared. All returns are in excess of the T-bill rate from Ken French’s website. In Panel B, 1-month
unconditional (UC) betas are the slope coefficients from market model regressions on monthly data. Daily
unconditional betas are computed as the sum of the slope coefficients from regressing daily portfolio excess
returns on market excess return, its lag, and the average of lags 2 through 4 of market excess return. BCP are
average loadings from market model regressions of daily returns in each calendar month, computed using the
same lag structure as daily UC betas. Panel C shows correlations of 6-month (7 — 6 to 7 — 1) market return
with contemporaneous portfolio momentum betas, market return and squared market return in month 7. In
Panel D, 3~ and 87 are sum of the slope coefficients from regressions of portfolio excess return on market
excess return, its lag, and the average of lags 2 through 4 of market excess return. = and 1 are calculated
in every calendar year using daily data and then averaged.
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Table 7. MOMENTUM CAPM ALPHAS: IV METHOD, 6-0-6

IV2 (Two-Step) V1
Stage 1 Stage 2
Beta Regression Return Regression

v, pFCS BR3¢ RU6 RU36 DY TS TB DS R? alV? by & R? oVl R?

1 W 114 0.57 1.02 721 0.57 721
[60] [4.3] [48] [4.3]

L 1.16 -0.24 1.39  60.9 -0.24  60.9
[50] [-1.0] [38] [-1.0]
WL 0.81 0.81

(2) W 1.41 -4.58 1.13 -23.7 -1.89 2385 0.53 -0.12 1.20 73.8 0.56 74.1
[21] [-3.4] [0.7] [-2.7] [-0.6] [4.1] [0.7] [7.9] [4.3]

L 1.39 -3.14 -793 -86.9 182 9.73 -0.17  0.51 0.79 62.7 -0.14 63.3
(18] [-2.0] [4.2] [-84] [5.3] [-0.8] [3.1] [6.7] [-0.6]
WL 0.70 0.69

3) W 0.19 0.77 26.7 0.52 0.13 1.00 764 0.52 764
3.6] [18] [4.3]  [1.6] [13] [4.3]

L 0.31  0.70 23.0 -0.12  0.51 0.89 63.0 -0.12 63.0
[5.5] [17] [-0.5]  [3.2] [7.1] [-0.5]
WL 0.65* 0.65*

4 W 0.26 0.68 20.1 0.50 0.02 1.06 76.0 0.50 76.0
[4.3] (15] [4.00 [0.2] [12] [4.0]

L 0.06 0.80 17.9 -0.14  0.19 116 63.2 -0.14 63.2
[0.7] (14] [-0.6] [1.0] [7.6] [-0.6]
WL 0.64* 0.64%*

5) W 0.06  0.59 0.28 28.5 0.51 0.17 0.96 76.7 0.51 76.7
[1.0] [10] [4.8] [4.2]  [21] [14] [4.2]

L 0.10  0.53 0.30 24.1 -0.12 042 0.96 63.3 -0.12  63.4
(1.3] [8.6] [3.7] [-0.5]  [2.6] [7.7] [-0.5]
WL 0.62* 0.63*

6) W 0.10 0.61 0.22 028 -0.01 28.7 0.50 021 094 77.0 0.48 77.1
[1.5] [11] 3.3 [21] [-0.3] [4.1]  [3.0] [14] [4.0]

L 0.22  0.50 0.28 -0.08 -0.13 24.4 -0.09 031 1.01 63.7 -0.10 64.1
2.4] [7.9] [3.5] [-0.5] [-2.3] [-0.4] [1.9] [84] [-0.5]
WL 0.59* 0.58%*

(M W 0.22  0.58 024 019 -0.04 -217 1.02 -1.17 -1.11 28.8 0.50 0.30 0.87 77.0 0.51 77.3
23] [9.7 [3.6] [1.4] [0.8] [1.8] [0.7] [-0.2] [-0.4] [41] 47 [14] [4.2]

L 0.41 040 0.32 -0.16 -0.08 -1.16 -2.68 -44.2 4.98 25.9 -0.09 0.30 0.98 64.1 -0.06 64.9
(3.2] [6.0] 38.9] [-1.0] [-1.3] [-0.8] [-1.5] [4.4] [1.4] [-0.4] [2.0] [9.0] [-0.3]
WL 0.59%* 0.57*

Notes: This table reports the results for the instrumental variables (IV) conditioning method under the 6-0-6
momentum strategy. The first set of columns gives estimates, t-statistics, and adjusted R? values from the
first stage beta regression, ﬁgp = Y0 + Vi1 Zr—1+€ir, where i € {W, L}, 7 indexes months, and instruments
Z.,_1 include 6- and 36-month L.C betas (ﬂLCﬁ and BLC%), 6- and 36-month market runup (RU6 and RU36),
dividend yield (DY), term spread (TS), 30-day T-bill rate (TB), and default spread (DS). The second set of
columns presents the results from the second stage return regression R;, = alV2 + (¢, + ¢i1§i YR+ + Wi
The third set of columns reports alphas and adjusted R? values from a single-step regression, R;; = ofV1 +
B:11 Z;_1)Rarr + €ir. The performance measures cvl-IV2 and a{w are in percent. Conditional winner minus
loser IV alphas that are significantly smaller than UC alphas at the 5% level are marked with an asterisk.

The sample period is from January 1930 to December 2005.



Table 8. MoMENTUM CAPM ALPHAS: IV METHOD, 6-1-1 AND 6-1-6

IV2 (Two-Step) V1
Stage 1 Stage 2
Beta Regression Return Regression
v, P8 pEC36 RU6 RU36 DY TS TB DS R? olV2 by & R? oVl R?
A. 6-1-1 Strategy
(1 w 1.14 0.66 1.01 68.9 0.66 68.9
[57] [4.6] [45] [4.6]
L 1.19 0.09 1.40 57.8 0.09 57.8
[47] [0.3] [35] [0.3]
WL 0.57 0.57
(2 W 1.43 -4.67 074 -279 -1.70 273 0.62 -0.11 1.18 70.6 0.64 70.7
[20] [-3.3] [0.4] [-3.0] [-0.5] [4.5] [-0.6] [7.2] [4.6]
L 1.37 -2.32 -6.97 -83.3 185 T7.90 0.15 0.52 0.81 59.6 0.20 60.3
[16] [-1.4] [-3.3] [7.2] [4.8] [0.6] [2.8] [6.4] [0.8]
‘WL 0.46* 0.44*
3) W 0.07  0.59 0.27 31.4 0.61 025 0.90 74.0 0.60 73.9
(1.2] [11] [4.8] [4.77  [3.5] [13] [4.7]
L 0.08  0.54 0.35 24.8 0.23 047 0.92 60.6 0.22  60.7
11 [7.9]  [4.2] 0.9 [3.0] [8.1] [0.9]
WL 0.38% 0.39*
4 W 0.22  0.59 024 017 -0.03 -237 091 114 -1.80 319 0.59 041 0.79 74.2 0.61 749
(2.4] [10] 3.5 [1.1] [-0.6] [-2.0] [0.6] [0.1] [-0.6] [4.6] [6.9] [14] [4.8]
L 0.33 040 0.40 -0.08 -0.11 -0.51 -1.40 -45.1 5.28 26.9 0.23 041 0.88 61.3 0.26 61.9
[24] [5.5] [4.6] [-04] [1.6] [03] [0.7] [42] [14] 0.9 [29 [9.2] [1.1]
WL 0.36* 0.35*

B. 6-1-6 Strategy

1) W 115 0.68 105 73.0 0.68 73.0
[62] [5.1] [50] [5.1]
L 114 -0.46 137 60.9 0.46  60.9
[50] [-2.0] [38] [-2.0]
WL 1.14 1.14
2 W o141 414 079 -242 207 2.65 0.64 -0.21 1.30 747 068 75.3
22] [3.2] [0.5] [2.8 [-0.7] [4.9] [1.2] [7.9] [5.3]
L 1.39 -3.34 -7.80 -86.8 18.0 9.80 -0.40 0.52 0.77 62.6 -0.37 63.1
18] [2.2] [4.2] [-85 [5.3] 18] [3.1] [6.5] [-1.6]
WL 1.03 1.05
(3) W 007 058 028 29.7 063 018 096 77.7 062 77.7
13 (o] [4.9] (5.2] [2.4] [14] [5.1]
L 012 054 026 24.0 034 038 099 63.4 0.35 637
16 [01  [34] (15 [2.4] [8.0] [1.6]
WL 0.97* 0.97*
(4 W 022 058 02 019 -005 -1.82 066 -3.95 -1.24 299 0.61 030 088 780 0.64 784
24] [07  [39] [5] [11] [16] [05] [05] [0.5] [5.1] [45 [14] [5.3]
L 041 042 029 -008 -007 -120 -265 -422 506 256 032 023 103 643 0.30 65.1
[3.3] [6.4] [3.7] [0.5] [1.2] [-0.8] [-1.5] [-4.2] [L.5] [15  [1.6] [9.3] [-1.4]
WL 0.93* 0.94%*

Notes: This table reports the results for the instrumental variables (IV) conditioning method under the
6-1-1 and 6-1-6 momentum strategies. The first set of columns gives estimates, t-statistics, and adjusted
R? values from the first stage beta regression, ﬁiCTP = Y0 + Vi1Zr—1 + €ir, where i € {W, L}, 7 indexes
months, and instruments Z._; include 6- and 36-month LC betas (ﬁLC6 and BLC?’G), 6- and 36-month
market runup (RU6 and RU36), dividend yield (DY), term spread (TS), 30-day T-bill rate (TB), and
default spread (DS). The second set of columns presents the results from the second stage return regression

Rir = alV2 + (g0 + qbilﬁic;P)RMT + uir. The third set of columns reports alphas and adjusted R? values
from a single-step regression, R;, = ai”/l + ;11 Z;-1]Rp+ +¢€ir. The performance measures oszZ and a{v1
are in percent. Conditional winner minus loser IV alphas that are significantly smaller than UC alphas at
the 5% level are marked with an asterisk. The sample period is from January 1930 to December 2005.



Table 9. MoMENTUM CAPM ALPHAS: COMPARISON OF METHODS

Proxy Methods Instrumented
Overconditioned Lagged Methods

Strategy ucC CPRD CPBH LP LC v MI FC FI

6-0-6 0.81 1.43 1.09 0.47 0.43 0.57 0.52 0.60 0.51
p(a < 0) 0.000 0.000 0.000 0.013 0.016 0.002 0.013 0.001 0.005
pla < aUC) 0.000 0.022 0.998  1.000 0.992 1.000 0.977  0.999
pla<alV) 0008 0.000 0.000 0.869  0.982 0.682 0.157  0.968
6-1-1 0.57 1.43 0.97 0.25 0.15 0.35 0.31 0.33 0.22
p(a <0) 0.015 0.000 0.000 0.151  0.271 0.065 0.126 0.071 0.171
pla < o) 0.000 0.008 0.984  0.999 0972 0998 0.974  0.999
pla < Ozlv) 0.028 0.000 0.000 0.769  0.997 0.613 0.676 0.999
6-1-6 1.14 1.69 1.39 0.81 0.81 0.94 0.86 0.98 0.88
p(a <0) 0.000 0.000 0.000 0.000  0.000 0.000 0.000  0.000  0.000
p(a < aUC) 0.000 0.031 0.998  0.999 0.980 1.000 0.941 0.995
pla < aIV) 0.020 0.000 0.000 0.922 0.984 0.734 0.046  0.972

Notes: This table reports magnitude and significance of alphas from three momentum strategies. For each
portfolio, the first row shows the following alphas (in percent monthly): UC is unconditional alpha; CPRD is
rescaled daily contemporaneous portfolio alpha calculated using one-month windows; CPBH is buy-and-hold
contemporaneous portfolio alpha calculated using one-month windows; LP is lagged portfolio buy-and-hold
alpha calculated using one-month windows; LC is the lagged component (LCG6) alpha; IV is alpha from a
one-step instrumental variables approach; MI is market-instrumented alpha; FC is forecast component (FC6)
alpha; and FI is alpha from the filtering approach. Alphas reported under instrumented methods use the
full set of instruments: LC6, LC36, RU6, RU36, DY, TS, TB, and DS, and calculation of FC alpha uses as
an additional instrument the forward component (ﬁF 06) beta. The bottom three columns for each strategy
show p-values for the test that alpha in the column heading is less than or equal to either (1) zero, (2) the
UC alpha, or (3) the IV alpha, respectively. The sample period is from January 1930 to December 2005.



Table 10. ALPHA BiAS DECOMPOSITION

A. Underconditioning

Market Timing Volatility Timing
Alpha Difference M1 Timing M2 Timing
ucC R2
¢l = e = (14 f—ﬁ) Cov (B \Rarr)  +  ~Bgtcov (B RY,)  +  ~BaCou (B, 03,)
6-0-6 Strategy
W% 0.57 - 051 = 0.06 = -0.01 + 0.00 + 0.07
L 0.24 0.06 = 0.17 = 0.04 + 0.00 + 0.13
WL 0.81 — 0.57 = 0.23 = 0.03 + 0.00 + 0.20
6-1-1 Strategy
W% 0.66 - 061 = 0.04 = -0.03 + 0.00 + 0.07
L 009 - 026 = -017 = -0.02 + 0.00 + -0.15
WL 0.57 - 0.35 = 0.22 = -0.01 + 0.00 + 0.22
6-1-6 Strategy
W% 0.68 - 064 = 0.04 = -0.01 + 0.00 + 0.05
L 046 - -030 = -0.16 = -0.04 —+ 0.00 + -0.12
WL 1.14 - 094 = 0.20 = 0.03 + 0.00 + 0.17
B. Overconditioning
Possible
Alpha Difference Overconditioning Underconditioning Beta Difference
ast - alv = E?igs = —Cov(ﬁﬁpilv,aMT) + —C’ov([fﬁpilv7 Ruyr) -~ B?Pilv Ry
6-0-6 Strategy
w 1.24 051 = 0.73 = 0.65 + 0.01 0.09
L 0.15 - -0.06 = 0.22 = 0.08 + -0.01 - -0.14
WL 1.09 - 0.57 = 0.51 = 0.57 + 0.00 - 0.06
6-1-1 Strategy
W 1.36 0.61 = 0.75 = 0.66 + 0.02 0.08
L 039 - 026 = 013 = -0.01 + -0.01 - -0.15
WL 097 - 035 = 0.62 = 0.66 + 0.03 - 0.07
6-1-6 Strategy
w 1.3 - 064 = 0.70 = 0.63 + -0.02 - -0.09
L -0.06 - 030 = 024 = 0.10 + 0.00 - -0.15
WL 1.39 - 0.94 = 0.46 = 0.53 + -0.01 - 0.06

Notes: This table provides decompositions that demonstrate the magnitudes of the biases due to market-
timing, volatility-timing, and overconditioning. Panel A provides two equivalent decompositions of the uncondi-
tional alpha bias a/¢ —alV into either (i) the sum of market-timing bias a§ (1+R2 /o2, Cov(BLY , Rarr)—
(RM/JM)COU(BIV R?, ) and volatility-timing bias a¥¢ = (RM/CTM)COU(/BW ,02,.), or (ii) the sum

1T )
of biases due to covariance with with first and second uncentered moments of market return, off =

(1 + Ri;/o3)Cov(Biy , Rur) and ofy = —(Ra/o3)Cou(Biy , RYy.) — (Rarfos))Cov(B , o3y,) =
(RM/UM)COU(HZITV, R2, ). Panel B decomposes the difference between CP and IV alphas af'" —a!" into the
sum of three components: overconditioning, —Cov(857 ™1V enr,), where 857V = g7 — 31V and ey, is the

unexpected market return; possible undercondltlonlng, Cov(ﬂcp v Ry 1) and the effect of the difference

in average betas, f,BiCPJV Ry, where /BCP v _ Bicp - BW CP betas are calculated in windows of one
month. IV alphas and betas are from the IV1 approach that uses the full set of instruments: 6- and 36-month
lagged component betas, 6- and 36-month market runup, dividend yield, term spread, T-bill rate, and default
spread. The same variables are used as regressors to obtain unexpected market returns. The sample period is

from January 1930 to December 2005.



Ll

GO0 Ioquueoa(] [1un )geT Arenuef wodgj st porrad ojdures oy J, .TQS@QKN — My = Nbud IoA0 sogetoae ore seydpe N pojrodar o)
‘gg ‘g = 7 s8e[ 10 "JyStem orjojrIod juenoduiod L yyuow Jo Suruurdeq oYy (z) pue ejeq jueuoduwod o) (1) Jo onpoid oY) sjueuoduiod I0A0 WNS o)
Sk Paje[noTed aIe SFUIPRO[ OI[0J3I0J T — 4 0} 9¢ — L WOIJ SWIN)oI A[[IUOW IO :SINJONIIS Se] UOSWI(] S YIM T — L JO PUS 93} 03 9 — L JO Suruursaq
1) WOIJ SUIN)ol A[Iep Ial3Ie asn Suoljeuss Surpeo] jusuodurod ot I, ‘pajnduwod are L yjuow ut orjojyiod e 0} Suofaq [[im Jer) (sjusuoduiod) sio09s
[eNPIAIPUI B1[} JO S} ‘T — L YJUOUWL ITRPUI[eD DD JO PUd 9y Je ‘@msodxo ysi1 (D) jueuoduiod padde] L U0 d) 99RUIISO OF, .Tw m = mwm
oroym ‘AfoAryoadsor ‘(6 h?ﬁ — ) R(N/T) pue (Fg b m:Q — M) ig0313(N7/T) a0 SurSeroae Aq pajenoreds ore serdpe poy-pue-Lnq pue Arep
pareosai orjojirod paSSer] QNEQ 4 0100 4 600y — QSQ oIoYM QQ 0L — omp) g (A7/T) 10a0 soSeroae oxe seydpe (Hg) PlOY-pue-Anq J)) ‘SUOISSOIS0I
9597} WOIJ 0'0 I9A0 soSeIoAr o) oIe seyd[e Ava %:ﬁu Pporeosal mU “IUOUW 9UO Ul sAep JUIPRI} JO IOqUINU 9FRIoAR 9} ST U PUR SARD 09 SI9JI 7
oIouM ‘#3234 Tiﬁr&mnwﬁw@\mm.&g 4 T#E 0Tt 4l 700l ) E Ly /60 = 7 und oTe SUOISSe1301 SULMO[0f 013 PUR ‘g Aq poxopul syjuow {9 ‘¢ T} > A7
)3usf Jjo smopuim Suiddefreso-uou ojur pauorjryred st ejep ‘quewgsnlpe ysu (47) orjojsiod passe] pue (g))) orjojarod snosuerodurajuod Enotwg 0T,
“A[oAr3oadsol ‘sumyol 1030r) pue ss00xo orjojirod yyuow- 7 oxe {g WS TINH ‘LM IV} 2 £ 647 pue {74} > v 6%y otoym 0% + (6475 g) g + S ON
= 0% uorssa1dai o)) wolj sydeotajur oferor are seydye (D)) [RUOIITPUOIUN YIUOW-A] ‘SOISEIRIIS WNJUSUIOW 901} ) JO (TA\) SIOSO[ SNUTH SIOUUIM
pue ‘() s109s07 ‘(A\) s1ouuIA Jo ‘gauott 1od juediod ur ‘seyd[e 1010€]-0011[} YOUSL]-LWR, [RUOIIIPUOD PUR [RUOIIIPUOIUN 9T $3.10d0I o[qR] SIYT, JSIL0N

ST'T 1.0~ ¥#¥0 EV'T II'T- ¢€0 IT°'T 1.0~ 0¥V0 8C'T 880~ 070 9¢'T 6L0- 8y'0 Yuow g

L8°0 870~ 070 VI'T 180~ L0 9¢°'T 66°0- LSO QLT S8I'T- 840 V"I €8°0- 8S'0 Tuow g

€L°0 €90~ TIT1°0 L0'T ¥9°0- ¥¥°0 90°'T 69°0- LEO I€'T 90'1- 620 80'c 9T'T- 160 ¢c'c 0€1- @60 oV'T L80- 740 Yjuow g
A3oyeng 9-1-9

87°0 01'0- 8€0 88°0 19°0- 920 €¢°0 100 720 ¢g'0 9¢°0- 6¢0 46°0 1¥°0- 190 vuowr g

ov'0 000 070 6L°0 T16°0- 820 96°0 07°0- 990 9C'T 69°0- 990 €0°'T ¥¥°0- 090 vyuow ¢

8¢'0 €00~ G0 09°0 700~ 990 08°'0 T1€0- 670 ST'T 8L0- LEO 8L'T ¢L0- 901 €T'c OU'l- €01 G8°0 ¥€0- 190 vyuow |
£3orR19G T-T-9

L0 97°0- ¢E0 80'T 88°0- 0¢'0 69°0 ¥¥'0- ¥¢0 88°0 €90- ¢¢0 G0°T €9°0- ¢¥'0 Yyuow g

¥S'0 G20 620 ¥8'0 99°0- LTO 0c'T ¥.0- G700 'Lt G6°0- 970 ST'T 990- 670 Yuowg

o ¢v0- <¢00 TL°0 6€0- ¢€0 6L°0 16°0- 80 90'T 68°0- 910 €8°'T G6°0- 880 L0 LT'T- 060 OT'T 69°0- ¥¥'0 Tyuow |
£301R1)8 9-0-9

seydly 'y
M T M TM T M TM T M TM T M TM T M M T M TM T M
sejaq quom-gg sejaq yjuour-g Hd ay HA ay on
(11a) (14) (a) (ap) (m) (1) )
(D7) ymeuodumoy) passe (471) orojarog pedde (dD) orojarog snosueioduojuo))

S[PPOJN [RUOHIPUOD)

SAOHLHJN AXOdUd ‘SVHdTY THAOJN H4OLOVA-¢ WNLNINOJN 'TV °lqel,



"G00¢ ToquIeas(] 03
0€61 Arenuep woy st porrod ojdures oy, "YSLO)SE UR [IIM POYIRUL 9IR [9A9] UG oY) e seyde () Uey) Io[[RWS A[JUROyIusIs o1e jey) seydie AT 10s0]
SNUTUI JoUUIM [eUonIpuo)) “Juedtad ur are seyd(y (S ‘9l ‘SI ‘A() SIUSWNIISUI PIRPUR)S 9} PUR ‘SI0)0R] 9911} 99 I0] Selaq ) YIUOW-g¢ pue
-0 opnUI 1~z SJUSWNIISUI PUR ‘SUINSI 1092} Pue ssedXa orjojprod Ayyuowt oxe ‘{g s “TINH ‘IMIN} D [ “*57 pue {7'mM} > 2 %y a1ouym ‘“**U
+([*f7 1)) i+ 170 = 1y UOISSOI301 0} WO 37 POISNIPe PUR ‘SO1SIFe)s-7 ‘SOJRTUIRSO Y} o1 PojI0doy] ‘[OPOUL 1030RF-0011} [OUSL]-BUIR]
o) Sursn A89)RI)S WNIUSTOW §-()-9 9} IOPUN POYIOW SUTUOIIIPUOD SO[([RLIRA [RIUSTUILIISUT 9FRIS-0[SUIS O} 10] SHNSAI o} sjuasard o[qe) Sy, JS9J0N]

x18°0 TM
601 [co] [rol [¢1) [egl [ool (g7 ol loel [rol (g1l [87] ozl [67] (r1]  fgol [o1] [gol [gg] 67l [T l9¢]
98 TTF- T199- LG60 €€V I€0 000 960 VLT L08P-  6€0 €€ Th0  ¥E0  ST0 9,7  96'L 06'€- S€0- G40 L¥0  Tg0- IS0~ 1
eel  [rel Igel lerl (ol lewl  [rol g1 [eol [oel [eo] [g2l (gl [e0] 1] [ee] [ral [ee] [89 09l [t7] [
€6 G99 TESE 6V'S- LOT  8€0  FEO 100 162 GLT-  68L- 120~ €0  L£0 200 8€'T- 0%GT- e8¢ 64T LE0 @0 90 GED M ()
£«06'0  TA
rel g0l [o8] to]  [6c I[6¢€] [9°¢] el 1l el
098 820 €00~ 6TT 050 L0 120 Tl 9r0  61°0- TS0- 1
el les] [rol g9  [sq [ped] [0°9] rsl  [g1] 24
6'26 €0 190 000 920  IV0  FI0- 8€'0 €90 010  8€0 m (e
160 TM
(2ol ol [eo] [gT] (12 (r1-] [6e] [90] [e7] [61) ol 1] [l (e Pl [ee]
ves  gee  LTT GL0- ¥eT 021 LL9-  ¥GL- SVT- 60T 82°0 VLT 9. 007 SET- LT 690- 1
lee] [o7] [61] [6¢] (6] lee] lee]  lee  [o1] el (t1 el g1 log] lee]  [7]
¢'88 0L VVL STG  SL- 60 96'L-  T98-  €9C  9€T 61°0 ¥9C  601- 96T 99°G- St I a0 m (o)
oT'T  TM
el (41 lee]  [r#]
€8 o1 160 1CT  99°0- 1
(o] (1G] lec] 7]
a8 880 900~ 00T FF0 m (D
M sa 4ar s1  Aa  $%5g d%50 1 sa darL ST Aa g THHg 1 sa  dLl SL  Aa kY LUty o1 Ar°
X*gINs XTINH XL

9-0-9 ‘Al ‘SVHATY THAOJN YOLOVA-¢ WNLNHNOIN "¢V 2I9el,



Table A3. CAPM MOMENTUM ALPHAS: FILTERING METHOD

Stage 1 Stage 2
7o 71 o V3 R’ a! d0 o1 R?
A. 6-0-6 Strategy
(1) \WY% 0.03 1.00 41.8 0.50 -0.03 1.00 77.0
[0.6] [26] [4.1] [-0.4] [14]
L -0.02 0.99 36.9 -0.09 0.02 1.01 64.1
[-0.3] [23] [-0.4] [0.1] [9.0]
WL 0.59
(2) \WY% 0.07 0.88 0.10 43.2 0.57 -0.10 1.05 77.6
[1.3] [19] [4.8] [4.8] [-1.1] [15]
L 0.01 0.91 0.08 37.6 -0.07 -0.18 1.13 64.9
[0.1] [18] [3.3] [-0.3] [-1.0] [10]
WL 0.64
(3) W 0.03 1.00 0.18 41.8 0.45 -0.04 1.00 76.9
[0.6] [26] [0.9] [3.7] [-0.4] [14]
L -0.02 0.99 -0.07 36.9 -0.08 0.04 1.00 64.0
[-0.3] [23] [-0.3] [-0.3] [0.2] [8.9]
WL 0.52
(4) \WY% 0.07 0.87 0.12 0.43 43.4 0.45 -0.10 1.04 77.2
[1.4] [19] [5.2] [2.2] [3.7] [-1.1] [14]
L 0.01 0.91 0.08 -0.05 37.5 -0.06 -0.17 1.13 64.8
[0.1] [18] (3.3] [-0.2] [-0.3] [-0.9] [10]
WL 0.51

B. 6-1-1 Strategy

W 0.02 0.90 0.12 0.52 42.4 0.52 -0.09 1.05 74.4
03 (18]  [5.2]  [24] [41]  [10]  [14]
L 020 103 008 -021 424 030 005 099 619
3.0]  [20]  [34] [0.7] 1.2] (0.3 [10]
WL 0.22

C. 6-1-6 Strategy

W 0.07 0.87 0.11 0.37 43.8 0.58 -0.12 1.07 78.4
1.3 [19] 49  [L.9] 48] 1.3  [15]
L 0.09 0.86 0.08 0.01 36.0 -0.30 -0.27 1.19 65.1
1.5 (18] (3.1 [0.0] [14]  [15  [10
WL 0.88

Notes: This table reports the results of the filtering methods. First stage regression is

ﬁfc =7 + ’Y1ﬁ-IrV + VQﬁEP + Y3EMr + Ur,
where ﬁf ¢ is the 12-month forward component beta; ﬁfp is computed using one month of daily data; 65/
is calculated using the one-step instrumental variables approach with LC6, LC36, RU6, RU36, DY DY, DS,
TB, and TS as instruments; and unexpected market return €y, is the residual from regressing Rj;, on the

~FC
same set of instruments. The second stage performance regression uses the fitted beta 3. from the first

stage: ~FC
R, =o'+ (0 + 618, ) Rar + vr.

Regressions are run separately for winners and losers, and t-statistics are in square brackets. The sample
period is 1930-2005.
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Figure 1. Overconditioning in a 4-state Example. This figure plots portfolio returns against
the market return to illustrate overconditioning in a 4-state example. The solid line passing through the
origin shows the investor-conditioned pricing relation, while the dashed lines represent the nonlinearity in
payoffs, or the overconditioned pricing relations. Returns are Ry, (2) = [—0.057,—0.012,0.032,0.077] and
R;(Q) = [~0.068, —0.001,0.044, 0.066], and conditional betas are 37 = 1.5 and 5 = 0.5.
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Figure 2. Volatility-Timing in Momentum. This figure shows the scatterplot of the IV betas of
the 6-0-6 momentum strategy vs. squared monthly market return. DY, TB, DS, TS, 6- and 36-month market
runup, and 6- and 36-month LC betas are used to obtain IV betas. The sample period is from January 1930
to December 2005.
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Figure 3. Overconditioning in Momentum. This figure shows the scatterplot of the difference
between CP and IV betas of the 6-0-6 momentum strategy vs. unexpected monthly market return. DY, TB,
DS, TS, 6- and 36-month market runup, and 6- and 36-month LC betas are used to obtain IV betas and
unexpected market return. The sample period is from January 1930 to December 2005.
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