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Momentum profits and the autocorrelation of stock returns

Abstract

This paper investigates the autocorrelation patterns in stock returns to better understand the source of
momentum profits. The autocorrelations provide no evidence that investors underreact to new
information. Over intermediate horizons of one to 18 months, higher past returns for stock portfolios
are amost always associated with lower future returns during the period 1941 — 1997. Cross-serid
correlations among stocks are aso negative and, using the framework of Lo and MacKinlay (1990),
appear to explain the profitability of momentum strategies. The evidence suggests that stocks covary
‘too strongly’ with each other, so that momentum profits and excess volatility in aggregate returns
represent the same phenomenon.



Momentum profits and the autocorrelation of stock returns
1. Introduction

The profitability of momentum dStrategies is one of the strongest and most puzzling asset-pricing
anomalies. Jegadeesn and Titman (1993) show that trading strategies which buy intermediate-term
winners (stocks in the top return decile over the past 3 to 12 months) and sell intermediate-term losers
(stocks in the bottom decile) generate significant profits. For example, an equal-weighted momentum
portfolio based on past 12-month returns earns an average profit of 6.8% in the six months after
formation. Momentum is puzzling, from an efficient-markets perspective, because it suggests that risk
increases following positive stock returns, contrary to the intuition that leverage and equity risk should
both decline. Perhaps not surprisingly then, Jegadeesh and Titman (1993) and Fama and French (1996)
find that risk-adjustment tends to accentuate, rather than explain, momentum profits. These results are
often interpreted as evidence that investors underreact to new information.

This paper investigates the autocorrelation patterns in stock returns to better understand the source of
momentum profits. Lo and MacKinlay (1990) show that the prdfitability of return-based trading
strategies can be decomposed into three components: a component that relates to autocorrelation in
returns, a component that relates to cross-seria correlation among stocks (correlation between an asset’s
return and the lagged returns on other assets), and a component that relates to cross-sectional variation in
unconditional expected returns. Intuitively, a stock that has performed well relative to other stocks might
continue to do so for three reasons: (1) the stock return is positively autocorrelated, so its own past return
predicts high future returns; (2) the stock return is negatively correlated with the lagged returns on other
stocks, so their poor performance predicts high future returns; and (3) the stock return has a high
unconditional mean relative to other stocks, and both past and future returns reflect this high mean.

Using this decomposition, | find that negeative cross-serid correlation among stocks is the principal
source of momentum profits. There is no evidence that returns are positively autocorrelated, as suggested
by models of underreaction. To be specific, the paper considers 15 industry and 15 size portfolios over
the period 1941 — 1997. | test whether annual returns can predict returns up to 18 months in the future

(strategies based on 6- and 9-month returns yield smilar results). The industry portfolios generate



dgnificant momentum profits for 9 months after portfolio formation, and the size portfolios generate
sgnificant profits for al 18 months. Despite this momentum, a portfolio’s annua return is amost dways
negatively correlated with future returns. The average correlation between an industry’s annual return
and its return two months later equals —0.007; the corrdation declines monotonicaly to —0.070 by the
tenth month and remains below —0.040 for the remaining months. (I refer to these correations as
‘autocorrdations in a dight abuse of terminology.) The size portfolios exhibit a smilar pattern, with the
autocorrelations eaching —0.045 by the third month and declining to —0.070 by the tenth month. The
cross-serial correlations for both sets of portfolios are aso negative and tend to become more negéative as
the time lag increases. Importantly, the cross-serial correlations are more negative than the
autocorrelations, and this spread creates positive momentum profits.  Thus, momentum seems to be
explained by lead-1ag effects among stocks, not by persistence in returns.

The time-series properties of returns provide no evidence that investors underreact to news.' Instead,
stocks appear to covary ‘too strongly’ with each other — that is, stock prices tend to covary more strongly
than dividends. | present a smple modd to illustrate how excess covariance, caused either by a time-
varying risk premium or by investor overreaction, can generate momentum. In the first version of the
modd, investors receive new information about a given firm and mistakenly believe this information is
relevant for other firms. Stock prices, therefore, move together more than they would if investors
understood that news is firm-specific. The temporary price fluctuations are eventually reversed, giving
rise to negative cross-serial correlation and positive momentum profits. In the second version of the
model, prices covary too strongly because they move together in response to changes in the aggregate risk
premium. | show that, under certain conditions, these fluctuations can generate momentum profits.
Although the two models are highly stylized, they suggest that excess covariance might explain
momentum better than underreaction.

The accumulated evidence on momentum clearly rejects the capital asset pricing mode (CAPM), or

more precisely, the mean-variance efficiency of the market proxy. The resultsin this paper also reject

! Lo and MacKinlay’s (1990) analysis represents only one possible decomposition of momentum profits.
Alternative decompositions are possible (e.g., Jegadeesh and Titman, 1995) which might suggest a more prominent



recent behavioral models of asset prices. Delong, Shleifer, Summers, and Waldmann (1990) present a
model in which prices are pushed away from fundamental value by noise traders. Their model suggests
that price reversals should be strongest in small stocks (see Lee, Shleifer, and Thaer, 1991). | find
instead that reversals appear most strongly in larger stocks, at least for the horizons studied in this paper.
Barberis, Shleifer, and Vishny (1998), Danid, Hirshleifer, and Subrahmanyam (1998), and Hong and
Stein (1999) develop behaviora models motivated, in part, by apparent underreaction to news. They
assume that momentum profits reflect positive autocorrelation in returns.  Again, however, | find that
stock returns are negatively autocorrelated over intermediate horizons, and there is no evidence that prices
are dow to react to new information. Behaviora models need to explain why investors appear to
overreact to news about one firm when eva uating the prospects of other firms.

It is a0 interesting to note that industries exhibit both short-term momentum and long-term
reversals. Momentum profits turn negative in the 11th month after formation and become significantly
negative by the 14th month. If we consider only these raw profits, there appears to be a substantial
change in the way prices react to information over short versus long horizons. However, the components
of profits suggest a more mild distinction between the two. For al months 2 — 18, both autocorrelations
and cross-serid correlations are negative. Both grow more negative until the tenth month, a which point
they have approximately the same magnitude. As aresult, tota profits are close to zero in month 10. The
Lo and MacKinlay (1990) portfolio, which invests in the industries in proportion to their market-adjusted
returns, has a profit of 0.18 with a t-gtatistic of 0.319 (the profit is 0.05% per dollar long). Cross-serid
correlations contribute 7.03 of this profit, while autocorrelations contribute —6.97 (both are significantly
different from zero). After month 10, the autocorrelations remain relatively flat but the cross-seria
corrdations begin to diminish. By the 15th month, cross-seria correlations contribute 3.98 to profits,
autocorrelations contribute —5.29, and total momentum profits are significantly negative at -1.18. The
difference between the short term and long term has more to do with changes in the relative magnitudes
of autocorrelations and cross-seria correlations (both are aways negative), rather than a fundamental

change in investors reaction to information. Recent attempts to integrate short-term momentum and

role for underreaction. | discussthisfurther in Section 2.



long-term reversals have missed this important feature of returns.

This paper builds on recent work by Moskowitz and Grinblatt (1999) and Conrad and Kaul (1998).
Moskowitz and Grinblait show that much of the profitability of momentum drategies can be traced to
industry factors. They argue that momentum in firm-specific returns contributes very little to trading
profits. Based on their results, the empirical tests in the current paper focus on industry portfolios, and |
confirm that industries display strong evidence of momentum. | aso examine the autocorrelations
patterns of size portfolios. Lo and MacKinlay (1990), and others, show that returns on large stocks lead
the returns on small stocks over short horizons — lags of a few weeks or, a the longest, one month. |
provide evidence of a lead-lag relation for much longer intervals, up to 18 months. The returns on large
stocks tend to be negatively related to the future returns on all stocks. Further, size portfolios generate
momentum profits about as large as those from industry portfolios, suggesting that size effects play an
important role in momentum strategies.

Conrad and Kaul (1998), like the current paper, use Lo and MacKinlay's (1990) framework to
decompose momentum profits. Conrad and Kaul examine individua stocks rather than portfolios, and
conclude that cross-sectiond variaion in unconditional expected returns explains the maority of
momentum profits (they do not even report autocorrelations and cross-seria correlations separately).
They estimate that the cross-sectiona variance of annua expected returns is 0.0155, for a standard
deviation of 12.4%. This is an enormous estimate: if all firms expected returns fal within a three-
standard-deviation interval around a grand mean, their estimate implies a range of approximately 75%
between the highest and lowest expected returns. In comparison, for the 15 size portfolios used in the
current paper, the cross-sectiona standard deviation of average returns equas 1.62% annualy, with a
range of 8.18%. The portion of momentum profits explained by average returns in this paper is 1/58th
that in the Conrad and Kaul study. Although grouping stocks into portfolios undoubtedly reduces the true
cross-sectiona dispersion in expected returns, size portfolios probably give a truer picture of the role of
unconditiond means. The returns of individual stocks, which might be in the sample for only a short
period, are smply too noisy to alow meaningful inferences.

The remainder of the paper is organized as follows. Section 2 reviews Lo and MacKinlay's (1990)



decomposition of trading profits and adapts their analysis for the current paper. Section 3 presents severa
models of stock prices to illustrate the possible sources of momentum profits. Section 4 describes the

return data and Section 5 discusses the main empirical results. Section 6 concludes.

2. A decomposition of momentum profits

Lo and MacKinlay (1990) analyze the profitability of trading strategies based on past returns. They
show that profits depend on the lead-lag relations among stocks, not smply the autocorrelations of
individua assets. Put differently, profits are determined by the full autocovariance matrix of returns, even
though we typicaly focus on the diagonal elements when interpreting abnormal returns. This section
reviews Lo and MacKinlay's decomposition and adapts the analysis for the current paper. At the end of

the section, | briefly discuss aternative decompositions of trading profits.

2.1. Lo and MacKinlay’s (1990) decomposition

The andysis initially considers a strategy based on one-period returns. Lo and MacKinlay focus on a
particular hedge portfolio, but the intuition should apply to any strategy based on past returns. Consider a
portfolio that requires no net investment (the portfolio’s long position equals its short postion) and
invests in assets in proportion to their lagged market-adjusted returns.  Specificdly, the portfolio weight

of asset i over month t equals

W =—(fig1 " Tme) s @

1
N
where N is the number of assets, r;;.; iSthe asset’ s return in month t-1, and r.,..; isthereturn on the equal-

weighted index in month t-1. The portfolio invests most heavily in stocks with the highest returns; any
asset that performed above average is given positive weight in the portfolio and any asset that performed
below average is given negative weight. Also, since r,.; is the return on the equal-weighted index, it is
easy to show that the weights sum to zero.

This portfolio provides an exceptionaly convenient framework for understanding the source of

trading profits. Assume that returns are generated by a covariance-stationary process with unconditional



mean E[r,] = man N 1 vector, and autocovariance matrix E[(r- m)(r...- M§ = W. The portfolio returnin
month t equals
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where asset i has expected return m and autocovariance r ;. After abit of manipulation,
1 1.
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where i isan N 1 vector of ones, 3,2n is the cross-sectiona variance of unconditional expected returns,

and tr(¥ denotes the sum of the diagonal terms. The first term is the average autocovariance of individual
assets and the second term is the autocovariance of the equal-weighted index. Although we will focus on
a dightly different version of eg. (4), this equation emphasizes the connection between momentum profits
and the autocorrelation of aggregate returns (see aso Lehmann, 1990).

We can re-arrange the expression to separate the components that depend on autocovariances and
cross-serial covariances:
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In this equation, the first term depends only on the diagona elements of W (the autocovariances) and the
second term depends only on the off-diagonal terms (the cross-seria covariances). The third term arises
because momentum strategies, by their nature, tend to invest in stocks with high unconditional expected
returns. the strategy picks stocks with high past returns, and on average, stocks with high realized returns
aso have high unconditional means. This effect will typically be small, but will be grester when there is
more digpersion in unconditiona means.

Ignoring the third component, the decomposition in eq. (5) says that momentum profits can arise



from two primary sources. Fird, stocks might be postively autocorrelated, implying that a firm with a
high return today is expected to have a high return in the future. Second, stocks might be negatively
cross-seridly corrdated, implying that a firm with a high return today predicts lower returns on other
stocks in the future. In the second scenario, stocks that do well today continue to perform relatively well
in the future only because other stocks do poorly. This phenomenon is more difficult to interpret than
positive autocorrelation.  Section 3 shows that negative cross-serid correlation is closdly linked to
‘excess covariance among stocks. If stock prices covary more strongly than dividends, prices will

contain temporary components that induce negative cross-serial correlation.

2.2. Trading strategies based on multiple-period returns

The trading strategy above is based on one-month returns. Jegadeesh and Titman (1993), however,
find momentum profits for intermediate time-horizons of three to 12 months. The decomposition requires
asmdl modification for strategies based on multiple-period returns.

To be specific, the empirica tests focus on a momentum portfolio with weights proportiona b

excess 12-month returns:

mt/
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where Wi .. is the portfolio weight in month t+k and r;'? denotes the 12-month return ending in period t.

The variable k is included in the subscript because | invedtigate the portfolio’s profitability for many
months following the formation date. Notice that each month after portfolio formation is considered
separately; the tests examine monthly returns (k = 1 to 18) for trading strategies based on lagged 12-

month returns. To decompose the profitability of this portfolio, assume that annua returns have

unconditional mean E[r**] = g and the covariance matrix between month t+k returns and lagged 12-

month returns equals E[(r,,, - M(r'? - g)¢ =D, . The expected profit in month t+k is

EP ] = 17 1(D,) - ~liDyi - (D] S, @

where s, is the cross-sectiona covariance between unconditional one-month and 12-month expected



returns. Compared with the one-month strategy, this equation smply substitutes D, in place of the first-

order autocovariance matrix and Sy in place of the cross-sectiona variance of one-month expected
returns. Economically, the decomposition does not change. Expected momentum profits are decomposed
into three components depending on ‘autocorrelations, cross-serial correlations, and unconditiona
expected returns. We could further relate the profitability of the 12-month strategy to the autocovariances

of monthly returns, but the simple decomposition above will be adequate for our purposes.

2.3. A caveat: alternative decompositions of momentum profits

The discussion so far has closdly followed Lo and MacKinlay’s (1990) analysis. In the remainder of
the paper, | dso follow Lo and MacKinlay’s lead by interpreting positive autocovariances as evidence of
investor underreaction. To the extent that momentum profits are explained by negative cross-seria
correlation, | interpret this as evidence against the underreaction hypothesis. | note, however, that there
are alternative ways to decompose profits which might suggest a nmore prominent role for underreaction.
For example, firm or industry-specific components of returns might be postively autocorrelated,
consistent with underreaction, while tota returns are negatively autocorrelated because investors
overreact to macroeconomic news. This combination of under- and overreaction seems a bit contrived,
and | am not aware of any behavioral model that predictsiit.

We can actually make a stronger observation: mechanically, we must be able to find some
decompodition that implies firm-specific returns are postively autocorrelated and explain momentum
profits. To see this, define the firm-specific portion of returns very smply as the difference between the
firm’s return and the equal-weighted index return:

fSe© rig—Ime. €5)]

Using this definition, the expected profit on the momentum portfolio can be decomposed as:

Elp ) =8 {510
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where the second line uses the fact that firm-specific returns sum to zero across stocks. This equation



says that momentum profits, by construction, equal the average autocovariance of firm-specific returns.
The problem with this decomposition is that it ignores the underlying reason that firm-specific
returns are positively autocorrelated. fs; can predict returns either because the stock’s own return is
positively related to future returns or because the market return is negatively related to future returns.
These two posshbilities represent two fundamentaly different phenomena, but the mechanica
decomposition in eg. (9) does not distinguish between them. It seems difficult to argue that momentum is
caused by underreaction if the profits are explained by a negative relation between a firm’'s return and
past market returns. Lo ad MacKinlay's (1990) decomposition captures, and in fact highlights, the
difference between the two sources of profits. For this reason, | rely on their anaysis to interpret the

empirica results.

3. The economic sour ces of momentum

Section 2 considered the statistical sources of momentum. This section discusses instead the
underlying economic causes. | present four smple models of stock prices that all generate momentum in
returns. The models capture a wide range of price behavior: stock prices follow a random walk;
investors underreact to new information; investors overreact to information about one firm when
evaluating the prospects of other firms; and stock prices move in response to changes in the aggregate risk
premium. The models ae meant to illustrate the basic ideas, not to be accurate descriptions of stock
prices.

Each of the models is based on the following representation of stock prices, adapted from Summers
(1986) and Fama and French (1988). Assume that the vector of log prices, p;, can be separated into
permanent and transitory components (ignore dividends):

p=q+e, (104)
where q;, an N" 1 vector, follows a random walk with drift and e, is a covariance-stationary process with
unconditional mean zero. We will become more precise about how ¢; and e, covary with each other
below. The logic behind this equation is that prices will follow a random walk if expected returns are

constant over time; time-variation in expected returns implies that prices will also contain a temporary, or



meantreverting, component. Depending on our assumptions about the time-series properties of e, we can
represent many different types of stock behavior. The four illustrative models below consider different
stochastic processes for e, that al generate momentum in returns.

The random wak component, ¢, can be thought of as the present value of expected dividends
discounted at a constant rate (the unconditiona expected return). Innovations in g, will be interpreted as
news about dividends, while innovations in e; will be interpreted as news about expected returns (see
Campbell, 1991). The vector g, follows the process

Gt = M+ Qe + by, (10b)
where mis the expected drift and h, is white noise with mean zero and covariance matrix S. Combining
with the equation above, continuoudly compounded stock returns are given by

N'e= Pt~ Pr1

=m+ h.+ De, (12)
where De; = e, - e.1. Ingenerd, e, will be positively autocorrelated, so that price fluctuations around the
random walk are persistent but temporary. Its change, De;, will be negatively autocorrelated. Shocks to
dividends and shocks © expected returns may or may not be correlated, depending on the model. The

vector of unconditional expected returnsis E[r] = m

3.1. Constant expected returns
| begin with the benchmark case in which prices follow a random wak. In terms of the mode
above, e; = O for every t. In this case, returns are unpredictable and have covariance matrix S, the

dividend covariance matrix. First-order autocovariances are necessarily zero:

cov(ry, req) = E[(r- m( rea-mq =0, 12
and expected momentum prdfits based on one-period returns equal

Elpd =s m, 13
where s 2 is the cross-sectional variance of expected returns. Aswe saw above, expected profits can be

positive even without predictability. The momentum portfolio tends to invest in stocks with high

10



expected returns and short stocks with low expected returns. Moskowitz and Grinblatt (1999), Jegadeesh
and Titman (1999), and the empirical results here suggest that this component of momentum profits is
smdl. Intuitively, redized returns provide an extremely noisy measure of unconditional means, so that

the momentum strategy chooses stocks primarily on noise in this mode.

3.2. Underreaction
Momentum profits are typicaly associated with investor underreaction. In fact, many researchers
equate the two ideas, and that interpretation motivates recent behavioral models of stock returns. The
modd in this subsection is based on the underreaction hypothesis, with its key prediction that prices only
partialy reflect past information.
Recall that stock prices are represented by
pi=q+e, (149
O = M+ Qs + e (14b)
To capture underreaction, assume that the temporary component of pricesis given by
e=-rh-r’hu-rh,-... (15)
where0<r < 1 Inwords, prices deviate from arandom wak because they take many periods to fully
incorporate news about dividends, given by the h,'s. When information arrives, prices immediately react
by (1-r )h,. After k periods, prices reflect (1-r ¥) of the news received at t, implying that prices sowly
incorporate past information. Returnsin the mode are given by
re=m+ (-r)he+ (r-1) e.. (16)
Current returns partially reflect h, and partialy reflect old news.
Underreaction decreases the voldtility of returns and, more importantly, induces postive

autocorrelation in returns. In particular, the first-order autocovariance matrix is

&l-ro
cov(r,,f.,) = gr mgs : n

where S is the dividend covariance matrix. The expression in parentheses is positive, which implies that

stocks are positively autocorrelated. Further, cross-serid correlaions will tend to be postive since the
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autocovariance matrix is proportiona to the covariance matrix of returns. Using Lo and MacKinlay’s
(1990) decomposition, momentum profits equal

1-r é1 1. .0 2
E =r — Z—tr(S)- —i1dS -+s <. 18
[pt] 1+r SN ( ) N2 H m ( )

Again, the expression in brackets must be positive because S is a covariance matrix. Not surprisingly,
underreaction leads to momentum. Notice also that any portfolio, and in particular the equa-weighted
index, will be postively autocorrelated in this model. We will see below that alternative models of

momentum can produce negatively autocorrelated market returns.

3.3. Overreaction
Investor underreaction, aong with positive autocorrelation, is the most common interpretation of
momentum profits. We saw in Section 2, however, that lead-lag relations among stocks can also induce
momentum. The final two models illustrate possible sources of negative cross-serid correlation in
returns. Both models contain ‘excess covariance between stocks: prices tend to covary more strongly
than dividends. The first mode, in this subsection, assumes that investors overreact to news about one
firm when evauating the prospects of other firms. The second model assumes that the market risk
premium changes over time.
The central feature of the model here is that investors misinterpret firm-specific news. Once again,
recall that the basic model for pricesis given by:
pe=q+e, (199)
O: = m+ Qg + hy. (19b)
To highlight the central ideas, assume for smplicity that shocks to dividends are completely asset

specific, or cov(h,) = s/’I , where | isan N* N identity matrix. However, investors mistakenly believe

that news about one asset also contains relevant information about other assets, so that prices covary
positively with each other. That is, athough investors correctly assess how each asset’s news affects its
own value, they tend to ‘overreact’ to this information when valuing other assets. Assume that the

temporary component of stock prices equals



e =Bh,+Brh,_, +Brh, ,+.., (20)
where0< r <1land Bisan N N matrix that has zero diagona terms (investors understand how each
asset’s news affects in own value) and positive off-diagonals (investors overreact when valuing other
assets).  When new information arrives, prices immediately react by (+B)h,. After k periods, prices
reflect (I+r “'B) of the news received at t, so the pricing error goes to zero as k becomes large. We will
put additiona restrictions on the matrix B below, but the idea is that B determines how much stocks
covary with each other. Prices deviate from arandom walk because investors temporarily believe that h;;
contains information about all stocks.

Fluctuations around a random walk are persistent but temporary. In particular,

e=r e+ Bh, (21)
and returns equal

re=m+ (1+B)h; + (r - De. (22
Because of the overreaction, returns become more volatile and negatively autocorrelated. The variance of

returns equals

2
+r

cov(r,) =s 2 & +B+Be+ BB, (23)
é a

which has larger diagona terms than the covariance matrix of h; and positive off-diagonals, representing

excess covariance. The first-order autocovariance matrix is given by

y RV
BB, 24
- %u (24)

é
cov(r,,f. 1) =sZ(r - DB+
g

which is everywhere negative since B is assumed to have only non-negative termsand r < 1. In other
words, both the autocorrelations and cross-serial correlations are negative, consistent with the intuition
that investors overreact to news about dividends. This also implies that the equal-weighted index return is
negatively autocorrel ated.

Without further restrictions on the matrix B, we cannot sign momentum profits. either the negative

autocovariances or the negative cross-seriad covariance might dominate. Intuitively, it seems reasonable
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to assume that news about one firm would have a smaler, but postive, effect on other stocks. In
particular, assume that the matrix B equals

B=bl[ii¢- 1], (25)
where b is a scalar such that 0 < b <1. The matrix B has zero diagonas and b everywhere else. The
symmetry of the matrix is assumed for convenience. More importantly, the restriction on b impliesthat a

shock to firm i has a smaller effect on other firms than on itsef. With this restriction, momentum profits
equal

(N-) éb U ,
)i Fpg - 1g+s 2, 26
Vi FrRETAE @9)

E[p,] =sp(r -
which is podtive for 0 < b < 1. Aslong as the type of overreaction described in this section is not too

large, then expected momentum profits will be positive.

3.4. Time-varying risk premium
Overreaction is only one possible source of excess covariance. We can aso generate excess
covariance without assuming any irrationaity. Perhaps the easiest way would be to smply assume that
firms risks change over time as a positive function of lagged returns. That possibility seems unlikely, so
| take an aternative approach. Specificaly, | assume that excess covariance is caused by time-variation
in the aggregate risk premium. The implications of this model for covariances and autocovariances are
similar to those of the overreaction model.
Recall for the last time the basic modd of stock prices:
pi=q+e, (279)
O = M+ Qs + e (27b)
If changes in the macroeconomic risk premium drive temporary price movements, then al asset prices
should fluctuate together in a specific way; the covariance matrix of e, cannot be chosen arbitrarily.
Specifically, assume that price fluctuations around a random walk are perfectly correlated across assets,

S0 that

e =xb, (28)

14



where x; is a positively autocorrelated scalar process with mean zero and b isan N” 1 vector that describes
the sengitivity of asset prices to changes in the risk premium. | assume that al elements of b are positive,
so that expected returns tend to move together over time. The notation b is not accidental: if each asset’s
risk is constant, then price fluctuations around the random walk should be related to the asset’s risk.
Suppose, for example, the CAPM holds and market betas are constant. Then changes in firms' expected
returns are proportiona to their betas, implying that temporary price fluctuations should also be closdly
linked to firms' betas. Although | make no assumption here about the validity of the CAPM, the notation
b is chosen to capture this intuition.
In this model, stocks covary ‘too strongly’ because dl stocks are sengtive to changes in the market

risk premium. Returns are given by

r. = m+ h,+ bDx, (29
where Dx; = X - X.1. It seems reasonable to assume that Dx; ispositively corrdated with h,. The vector h,
measures news about dividends, while Dx; measures the price effect of changes in the risk premium. If
positive shocks to dividends are associated with decreases in the risk premium, then Dx; and h, will be
positively related. This assumption suggests, for example, that the market’'s expected return should be
lower during expansions than recessions, and is consstent with empirical evidence (e.g., Fama and
French, 1989; Campbell, 1991).

Assume for smplicity that x; follows an AR(1) process:

X; =T Xeq + Ny (30)
The covariance between innovations of the dividend process and Dx; equals

d° cov(h, Dx)= cov(hy, n), (3
where the last equality follows from the fact that h, is uncorrelated with prior information. All elements
of d are assumed to be positive, consistent with the intuition in the previous paragraph. The covariance

matrix of returns equals

cov(ry) =S +s 2, bb¢+ bd¢+ db¢ (32
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Because all elements of cov(r;) are greater than S, this equation implies that time-variation in the risk
premium increases the variances and covariances of returns. The first-order autocovariance matrix is
coV(r, 1) =T px bbC+ (r - 1) bdg (33
where rp, < 0 is the autocovariance of Dx;. Like the prediction of the overreaction mode, return
autocorrelations and cross-seria correlations are both negative. It is aso immediate that the return on any
portfolio, and in particular the equa-weighted index, is negatively autocorrelated.
Momentum profits in the model take a particularly smple form. Using the decomposition in Section

2, the profitability of the momentum strategy is
Elp,] =roSe+(r-1s bd +s 2, (34)
where s isthe cross-sectional variance of band s, 4 is the cross-sectional covariance between b and d.

To interpret eg. (34), recal that d equas the covariance between dividends and temporary price

movements, while b measures the sensitivity of stock prices to changesin the risk premium.

Ignoring the last term, expected profits are postive if sy, is negative and sufficiently large to
outweigh r cs. In other words, we need stocks whose prices are sensitive to changes in the risk

premium (high b)) to have cashflows that covary relatively little with changes in the risk premium (low
di). This condition is plausble. For example, Fama and French (1989) find that the risk premium is
higher in recessions than expansions. Further, we might expect that the fortunes of smal firms are more
sensitive to business conditions than those of large firms. Together, these observations suggest that the
cashflows of small stocks will covary relatively strongly with the risk premium (high d;), because both are
tied to the business cycle. On the other hand, we might expect that movements in the risk premium have
ardatively small effect on the prices of small stocks (low b;). Intuitively, the price effect of a changein
the risk premium should be related to the expected duration of the firm’s cashflows. If small stocks have
a shorter duration than large stocks, then movements in the risk premium should effect the prices of small
stocks less. The point here is not to argue that we should expect momentum in returns, but only to

provide some intuition about the conditions that would lead to momentum.
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3.5. Summary

Without question, underreaction would induce momentum in returns, but it is not the only possible
cause. The key to digtinguishing among the potential sources of momentum is the autocovariance matrix
of returns. If investors underreact to new information, the elements of the autocovariance matrix should
be podtive, and both individual assets and portfolios will be postively autocorrelated. Overreaction or a
time-varying risk premium predict instead that autocorrelations and cross-seria correlations will be
negative. Further, under some additiona restrictions in both models, expected momentum profits can be

positive. The models provide a framework for interpreting the empirical results.

4. Data and descriptive statistics

The empirica tests examine industry and size portfolios. | use portfolios, rather than individua
stocks, for severa reasons. First, Moskowitz and Grinblatt (1998) argue that momentum is driven
primarily by industry factors in returns. They show, for example, that momentum strategies based on
industry portfolios are nearly as profitable as momentum strategies based on individua stocks. Further,
momentum in individua stocks is largely attenuated when the tests control for industry returns. |
examine size portfolios because prior research identifies interesting lead-lag relations between large and
small stocks. Lo and MacKinlay (1990) find that returns on large stocks seem to lead returns on small
stocks by one or two weeks (see aso Boudoukh, Richardson, and Whitelaw, 1994; Badrinath, Kae, and
Noe, 1995). In addition, andys following, liquidity, and investor holdings (individua vs. ingtitutiona)
al depend on a stock’s market value, and size portfolios provide evidence on whether these differences
are important for autocorrelation patterns.

| look at portfolios for more practical reasons as well. Most importantly, statistical inference is much
easer for portfolios than for individua stocks. Lo and MacKinlay (1990) derive the asymptotic
properties of their decomposition, but the small-sample properties are unknown. Their asymptotic results
are not likely to be very accurate for individual stocks, many of which have short histories. It is aso
much easier to analyze small-sample biases and to smulate the sampling distribution when the number of

assets remains constant over time. As a minor benefit, the portfolios permit me to report detailed results
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for different types of stocks, rather than smply averages across al firms.

The cogts of using portfolios seem small. Like individua stocks, both sets of portfolios generate
congderable momentum profits.  Also, all the models above indicate that portfolios should exhibit the
same patterns as individua stocks. The underreaction story suggests that individual assets and portfolios
will both be positively autocorrelated, and the overreaction and time-varying risk premium stories suggest
that individua assets and portfolios will both be negatively autocorrelated. It seems reasonable to assume
that investor underreaction, if present, would show up in portfolio returns.

The portfolios consist of dl NYSE, AMEX, and NASDAQ stocks classified as ordinary common
shares on the Center for Research in Security Prices (CRSP) tapes. | calculate monthly returns from
January 1941 through December 1997 (684 months) for 15 industry portfolios and 15 size portfolios. The
number of portfolios was chosen to provide reasonable cross-sectiond variation in portfolio
characteristics, without spreading stocks too thinly across portfolios. | start the sample in 1941 so that the
Depression era does not dominate the results, and because Jegadeesh and Titman (1993) find that
momentum profits are negligible, or possibly regative, from 1927 through 1940. While focusing only on
the post-1940 period undoubtedly induces data-snooping biases, there is no obvious reason that these
biases should affect the components of momentum profits differently.

The industry portfolios are based on two-digit SIC codes as reported by CRSP. | use the historical
SIC codes, not the ‘header’ codes, for this classification. Although SIC code definitions can change over
time, | did not want to form portfolios using the header codes because of look-ahead bias. For the most
part, the industries consist of consecutive two-digit codes, athough some exceptions were made when
deemed appropriate (details available on request). The size portfolios are formed based on the market
vaue of equity in the previous month, with breskpoints determined by equaly-spaced NY SE percentiles.
Both the industry and size portfolios are updated monthly, and the tests primarily examine value-weighted
returns.

Table 1 reports summary statistics for the portfolios. The average monthly returns for the industry
portfolios range from 0.92% for utilities and telecommunication firms to 1.30% for the service industry

(entertainment, recreation, and services), for a reaively small annudized spread of 4.6%.
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Coincidentdly, these industries aso have the lowest (3.43%) and highest (6.05%) standard deviations,
respectively. The table shows that the industries are fairly well diversified. Over the sample period, al
industries other than ‘petroleum’ average more than 95 stocks. The size portfolios exhibit a bit more
cross-sectiona dispersion than the industry portfolios. Their average monthly returns range from 1.00%
for the largest stocks to 1.59% for the smallest stocks, for an annualized spread of 7.1%. Again, these
portfolios have the lowest (3.97%) and highest (7.17%) standard deviations as well. Because the
breakpoints of the size portfolios are determined by NY SE percentiles, the small-stock portfolio has many
more firms than the larger portfolios, on average more than 1,100 firms over the sample period. The

smdl-stock portfolio represents, however, less than 1% of total market vaue.

5. Empirical results

This section analyzes momentum strategies based on the industry and size portfolios. | first show
that both sets of portfolios generate strong momentum profits for horizons of at least 9 months, consi stent
with the evidence in Jegadeesh and Titman (1993) and Moskowitz and Grinblatt (1999). Subsequently, |
investigate the autocorrelations patterns of these portfolios and decompose momentum profits using Lo

and MacKinlay’'s (1990) decomposition.

5.1. Methodol ogy

Jegadeesh and Titman (1993) find momentum over intermediate horizons of three to 12 months.
Their results suggest that the trading strategy based on annud returns is ‘the most successful.’
Moskowitz and Grinblatt (1999) confirm that the 12-month strategy generates strong profits using
industry portfolios. For smplicity, then, | focus on the profitability of 12-month trading strategies; the
results using sx- and nine-month lagged returns are smilar, although not as strong.

As discussed in Section 2, the momentum portfolio invests in assets in proportion to their market-

adjusted returns:

it mt/

W = (08 1 €2
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where Wi . is the portfolio weight in month t+k, r,'? is the asset’s 12-month return ending in month t, and

I is the return on the equal weighted index over the same period. The empirical tests examine the

portfolio’ s return for up to 18 months (k = 1 to 18) after the formation date.

Notice that the portfolio weights sum to zero. As aresult, the weights can be scaled up or down by
any amount without affecting the basic strategy. The great advantage of the specific portfolio identified
by eg. (35) is that the expected profit can be readily decomposed into its three components.
Unfortunately, the magnitude of the profits is difficult to interpret because the scale of the long and short
positions changes every month. To ease the interpretation of the results, | also report the average return
on a portfolio that invests in the same proportions, but that scales the weights so that it has $1 long and $1
short every period. The profits of this strategy can be interpreted as the difference in returns between a
portfolio of winners and a portfolio of losers. Additionaly, | aso estimate cross-sectiond regressions of
monthly returns on lagged annua returns. Fama (1976) shows that the sope coefficient in these
regressions can be interpreted as the return on a zero-investment portfolio. In fact, this portfolio is smply
another re-scaling of the weightsin eg. (35).

| examine the profitability of these portfolios for 18 months following the formation date. To reduce
the volume of evidence reported, the tables only show results for every odd month (1, 3, 5, ..., 17); the
discussion in the text will sometimes refer to the missng months. For each month, the estimated profit
simply equals the average return over the sample period. The standard error of the average is determined

by the time-series standard deviation of the returns.

5.2. Total momentum profits

Table 2 reports momentum profits using the industry portfolios. In this table, ‘LM portfolio’ refers
to the portfolio described by eg. (35), ‘$1 long-short’ re-scales this portfolio to have $1 long and short,
and ‘CSregressions’ is the slope coefficient from cross-sectiona regressions. Consistent with Moskowitz
and Grinblatt (1999), industries exhibit strong momentum. All three momentum sirategies produce
significant positive profits for up to nine months after formation, with many of the estimates severa

standard errors above zero. For the strategy based on 12-month returns, the profit on the $1 long-short
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portfolio equals 0.67% (t-statistic of 6.22) in the month immediately following formation, and the profits
decline steadily to 0.26% (t-statistic of 2.46) after seven months. The profits based on 6 month returns
remain significant for nine months, but are somewhat less regular. They equa 0.51% (t-statistic of 4.87)
in the first month, drop to 0.26% (t-tatistic of 2.41) in the third month, and then grow again to 0.35% (t-
datigtic of 3.43) in the ninth month after formation.

The table dso finds reversals a longer horizons. For the dtrategies based on 12-month returns,
momentum profits turn negative in the 11th month after formation. They become significantly negative,
equa to —0.19% per dollar long (t-statistic of —1.82), by the 14th month and remain at this level for the
remaining months. The results for the 6 month strategy are similar, with the profit significantly negative
after the 14th month depending on which re-scaling of the momentum portfolio you consider. In results
not reported, the profits remain negative, but not significant, when | extend the tests out to 2 years after
formation. The results are consistent with the firm-level evidence of Jegadeesh and Titman (1993).

Focusing on short-run momentum, the average profits on the $1 long-short portfolio are smilar to
the estimates reported by Moskowitz and Grinblatt (1998) for the period 1963 through 1995 (they look at
the returns on the top and bottom performing industries). The returns per dollar long are somewhat
smaller than returns based on individual securities, but the statistical significance is typically as large. For
example, Jegadeesh and Titman (1993) report average returns for a portfolio that buys extreme winners
(stocks in the top return decile over the prior 12 months) and sells extreme losers (stocks in the bottom
decile). Over the three months after formation, this portfolio has an average return of 1.31% per month
with a t-datistic of 3.74. The $1 long-short portfolio in Table 2 has an average return approximately 1/2
as large over three months, but the t-dtatistic is 5.02 (my sample is roughly twice as long). Also, as
Moskowitz and Grinblatt note, equalweighted portfolios generate larger momentum profits than value-
weighted portfolios. For example, the momentum profit for equalweighted industries (not reported) is
0.96% per dollar long in the first month after formation, compared with the 0.67% for vaue-weighted
industries.

Table 3 replicates the andlyss using size portfolios. Agan, these portfolios exhibit strong

momentum. Profits are significantly positive for at least ayear after formation, with many of the average
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returns more than three standard errors above zero. Focusing on the 12-month strategy, the $1 long-short
portfolio has an average return of 0.53% (t-gatistic of 4.55) in the month following formation, and the
profit declines dowly to 0.24% (t-tatistic of 2.34) by month 18. This last statistic shows, somewhat
surprisingly, that momentum persists for the entire 18 months. More generaly, Size momentum seems to
last longer and decline more dowly than industry momentum. For example, the return on the $1 long-
short portfolio declines from 0.53% in month 1 to 0.42% in month 7 for the size portfolios, but the return
for the industry portfolios declines from 0.67% to 0.26%. Like the industry results, momentum profits
based on 6-months returns are more erratic than those based on 12-month returns. The remainder of the
paper focuses on the 12-month strategies.

Comparing Tables 2 and 3, short-run profits from industry and size portfolios are smilar both in
magnitude and significance level. Moskowitz and Grinblatt (1998) argue that momentum profits are
driven primarily by industry factors in returns, rather than momentum in firm-specific returns.  Although
beyond the scope of the current paper, it would be interesting to repesat their tests controlling for both
industry and size factors, and compare which of the two is more important. One interpretation of the
evidence is that individua-firm returns contain a lot of ‘noise’ that does not help in predicting future
returns. Sorting stocks into ether industry or size portfolios might smply be an effective way to
diversify away firm-specific returns. In other words, it is forming portfolios per se that is important rather
than forming industry portfolios. A second explanation is that both size and industry factors in returns
have strong momentum. Clearly, | do not want to push the argument too strongly: size portfolios are
amost certainly not diversified with respect to industry, or vice versa, and the evidence is Tables 2 and 3

cannot say which is more important.

5.3. Autocorrelations

Tables 2 and 3 document significant momentum in returns. The most obvious conclusion is that
investors underreact to new information, so that prices take many months to fully incorporate news. |f
this explanation is accurate, the returns on individual stocks and portfolios should be postively

autocorrelated. Therefore, before turning to the formal decomposition of momentum profits, Tables 4 and



5 examine the autocorrelation patterns of returns.

The evidence above, and that in Jegadeesh and Titman (1993) and Moskowitz and Grinblatt (1998),
indicates that a momentum strategy based on annua returns is profitable. Consequently, the tables report
dope egstimates from time-series regressions of monthly returns on lagged 12-month returns, rather than
smple autocorreations in monthly returns.  For smplicity, | sometimes refer to the regression
coefficients as autocorrelations. The ‘month after formation’ columns follow the same convention as the
previous tables (although, strictly speaking, we are not forming momentum portfolios here). Also, each
number in the table is estimated from a separate regression, not from a multiple regresson on al lags
simultaneoudly.

Table 4 reports autocorrelations for the industry portfolios. The standard errors of the individual
coefficients, which | do not report, are clustered between 0.008 and 0.010. The results provide a stark
contrast to the momentum profits in Table 2. At al lags except the first, the dope coefficients are amost
always negative and often more than one standard error below zero. In other words, amost without
exception, lagged 12-month returns are negatively associated with future returns over intermediate
horizons, not positively related as the underreaction story predicts. Interestingly, the estimates increase in
both magnitude and statistical significance as the time lag increases. The average autocorrelation is —
0.002 (standard error of 0.007) for month 2 and decreases dmost monotonicaly to —0.017 (standard error
of 0.007) for month 13. By month 7, the average coefficient is approximately 1.5 standard errors below
zero. It remains between 1.8 and 2.6 standard errors below zero until month 15. The individua
coefficients are typically between one and two standard errors from zero, and many are significantly
negative after month 7.

To get a sense of the economic significance of the autocorrelations, suppose that an industry has an
annual return that is 50% above the mean, or approximately 64.5% for the average portfolio. This return
is large, equd to the 98th percentile of annua returns across al industries. Using the point estimates in

Table 4, the predicted return in month 3 5 0.31% below its mean, and the predicted return declines

2 Like true autocorrelations, the slope estimates in these regressions are biased downward. The bias issmall,
however, and cannot explain the negative coefficients. The bias is approximately —0.002 based on either
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geadily until month 13 when it is 0.85% below its mean. Alternatively, suppose that the true dope
coefficient is 1.65 standard errors above the point estimate, chosen as a reasonable upper bound for the
autocorrelation. In this case, the annua return predicts that the return in month 3 will be 0.23% above the
mean. The predicted effect declines to 0.07% by month 7 and reaches a minimum of —0.31% for month
13. It seems clear from any of these estimates that autocorrelations do not explain the strong momentum
profits on industry portfolios.

The only reault that provides any support for investor underreaction is month 1. Although the
average coefficient is not significant, 13 out of the 15 are positive and three are more than 1.75 standard
errors above zero. However, the coefficients likely reflect nonsynchronous trading and the weekly lead
lag relations among stocks documented by Lo and MacKinlay (1990). Perhaps more importantly, it does
not gem plausible for underreaction to show up only for one month. A simple interpretation of the
results for month 1 isthat it takes investors up to 12 months to react to news. But if investors redly react
this dowly, then annud returns would aso be postively related to returns in month 2, month 3, and so on
(perhaps not as strongly as the month 1 relation, but still positive). Underreaction, as picked up by annua
returns, should persist for more than one month. Thus, it seems likely that the positive autocorrelations
for month 1 are driven by something other than underreaction.

Table 5 confirms these findings for size portfolios. The standard errors range from 0.006 to 0.010
(al are between 0.008 and 0.010 except for the three smallest portfolios), and | again report only the point
estimates for smplicity. The table shows that annua returns on the size portfolios are amost aways
negatively correlated with future returns. The average coefficients are negative for months 2 through 18
and tend to become more negative as the time lag increases. The average is—0.005 in month 2, dropsto —
0.016 by month 10, and then climbs to —0.007 by month 18 (the standard error equals 0.008 for al three
estimates). Once again, most of the estimates are between one and two standard errors below zero, but a
number of the individual estimates are significantly negative for months 3 through 13.

In genera, the table suggests that large stocks are more negatively autocorrelated than small stocks.

The smallest portfolio (stocks with a market value less than the 6.6th percentile of NY SE stocks) is the

Stambaugh’s (1999) analytical results or on bootstrap simulations. Details available on request.
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only portfolio with a positive dope coefficient at most lags. Remarkably, the point estimates for al other
portfolios are negative in every month beyond month 2. In addition, the average coefficient for the five
largest portfolios is always more negative than the average for the middle five portfolios, which in turn is
aways more negative than the average for the five smallest portfolios. (In statistical tests not reported,
the average dopes for these three groups are often significantly different from each other). The dope
estimates for portfolios 11 and 12 are rdiably negative for months 3 through 13 (estimates around —0.019
with a standard error of 0.009), and the portfolios just above or just below them become significantly
negative at longer lags. The pattern of coefficients across size portfolios is a bit surprising: there is a
common perception that reversals for smal stocks are more pronounced than far large stocks. For
example, Fama and French (1988) find that 3 to 5year autocorrelations for small stocks are typicaly
more negative than autocorreations for larger stocks.

The time-varying risk premium model in Section 3.4 is broadly consistent with the autocorrelation
patterns in Table 5. The modd assumes that the market risk premium changes over time, and that the
returns on some stocks pick up movements in the risk premium better than other stocks. Empiricaly,
Fama and French (1989) have shown that the risk premium seems to be high in recessions and low in
expansons. To the extent that the returns of large firms are more closdly tied to overal business
conditions than the returns of smal firms, for example because large firms tend to be more diversified
while small firms are subject to more idiosyncratic risk, we might expect their returns to better capture
information about the market risk premium. If so, large firms will tend to be more negatively related to
future returns than smal stocks. The pattern of dope coefficients in Table 5 might reflect this
phenomenon.®

Of course, the autocorrelation patterns could aso be generated by irrationd investors, but existing
behaviora models have a difficult time explaining the evidence. DelLong, Shleifer, Summers, and
Wadmann (1990) develop a modd of noise trading in which the beliefs of ‘unsophisticated’ investors

fluctuate randomly over time, driving asset prices away from fundamental values. Lee, Shlefer, and

% The cross-serial correlations are also consistent with this explanation. Large stocks tend to be negatively related
to the future returns on all portfolios. See Section 5.4.
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Thaer (1991), and many others, interpret noise traders as individua investors, and argue that these traders
should affect the price of small stocks more than the price of large stocks. This story implies that small
stocks should display stronger evidence of mean reversion than large stocks, contrary to the evidence in
Table 5. More recent behavior models also do not appear to explain the autocorrelation pattern across
size deciles. Danid, Hirshleifer, and Subrahmanyam (1998) and Gervais and Odean (1998) suggest that
the most successful traders will dso be the most overconfident traders, leading to underreaction in
returns. Presumably, large indtitutional traders have been the most successful traders (that is, successful
traders become indtitutional traders). Since ingtitutions tend to invest in larger stocks, the overconfidence
story suggests that underreaction should show up most strongly in larger portfolios. Table 5 shows

exactly the opposite. (Fama, 1998, makes a similar point, which motivated the discussion here).

5.4. Components of momentum profits

Overall, Tables 4 and 5 suggest that past returns are negatively associated with future returns. There
is no evidence that investors underreact to information. Based on the decompostion of Lo and
MacKinlay (1990), we know immediately that either cross-serial covariances or the cross-sectional
dispersion in expected returns must be an important the source of momentum profits. This section
formally decomposes momentum profits using their framework.

The momentum portfolio invests in assets in proportion to their market-adjusted returns over the past

year. Section 2 showed that the expected return on the ‘LM portfolio’ is
N-1 1. .
ElPre] =7 (D) - F[kau- tr(D,)] + S g, (36)

where s, is the cross-sectional covariance between expected monthly and expected annua returns and
D, = E[(r,,, - M(r*- g)q is the covariance matrix between month t+k returns and annua returns

ending in month t. As before, | will frequently refer to Dy as an autocovariance matrix. This equation is
basicaly the same as Lo and MacKinlay’s decomposition, except that the trading strategy analyzed here
is based on multiple-period returns. The first term depends only on autocovariances, the second term

depends only on cross-seria covariances, and the third term depends only on unconditiona expected
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returns.

Unfortunately, the autocovariance matrices are too large to report for each lag. To provide a sense of
the magnitude of cross-serid covariances, Table 6 reports descriptive datistics summarizing the
autocorrelation matrices. The table shows the average diagona and average off-diagonal terms for both
sats of portfolios. The average autocorrelations duplicate the information in Tables 4 and 5: the
autocorreations for month 1 are positive, but quickly become negative and grow larger in absolute terms
until month 13. The table shows that the cross-serid correlations exhibit a similar pattern. For the
industry portfolios, the average aoss-serid correlation declines from —0.002 in month 1 to —0.073 in
month 10, and then dowly grows to —0.032 by month 18. The cross-seria correlations for the size
portfolios are nearly the same, reaching a minimum of —0.079 in month 10. Importantly, the table shows
that cross-seria correlations tend to be more negative than autocorrelations. On average, the cross-seria
corrdations are 0.004 less than the autocorrelations for industry portfolios and 0.008 less than the
autocorrelations for size portfolios. We will see in a moment that this pattern drives the profitability of
momentum strategies: autocovariances contribute negative profits to the strategy, but these are more than
offset by the profits generated by negative cross-serial covariances.

The earlier autocorrelation results showed that large-stock returns are negatively related to their own
future returns. That evidence raises the possibility that large stocks might also pick up information about
the future returns on other stocks. To provide direct evidence on lead-lag effects, Table 7 reports the
average autocorrelation matrix for the size portfolios, averaged across all lags 1 — 18. In other words, |
estimate the autocorrelation matrix, Dy, separately for each lag and then average the matrices. Each row
of the table reports the average correlation between a given portfolio’s monthly return and the lagged
annual returns on other portfolios. The table shows that the returns on large stocks are, in fact, negatively
related to the future returns on al stocks. In the last column, for example, the 12-month return on the
largest portfolio is negatively related to its own future returns, with an average correlation of —0.04. Itis
even more strongly related to the returns on other stocks, reaching a maximum correlation of —0.12 with
the return on the smallest portfolio. On the other hand, the smallest portfolio’s annua return has much

less predictive power, with correlations ranging from 0.02 to —0.04 in the first column. The difference
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between the largest and smallest portfolios is representative of the overal matrix. In generd, the
correlations become more negative moving from left to right, implying that the returns on larger stocks
have more predictive power than the returns on smaller portfolios.

Table 8 reports the formal decomposition of momentum profits. The column ‘Auto’ estimates the
contribution of autocovariances, ‘Cross estimates the contribution of cross-seria covariances, and
‘Means estimates the contribution of cross-sectiona dispersion in unconditional expected returns. Total
profits are the sum of the three components, and smply equa the average returns reported in Tables 2 and
3for the ‘LM portfalio.’

The standard errors require some explanation. For simplicity, the table reports the same standard
error for dl lags. This is appropriate as long as returns are stationary. Specifically, the standard errors
should be the same for al lags except that the sample sizes differ dightly, ranging from 668 to 684
months, which is too small a difference to matter (the actual estimates for different lags are similar and
show no apparent pattern across lags). The more important issue concerns how the standard errors are
estimated. The table shows two sets of estimates. Thefirst set, ‘LM std error,’ is based on the asymptotic
results of Lo and MacKinlay (1990, Appendix 2). The estimates are essentially Newey-West (1987)
standard errors. The second set is based on bootstrap simulations. | generate artificia time series of
returns by sampling randomly from historica returns, thereby imposing the congtraint that returns are
independent over time. The returns for different portfolios are sampled smultaneoudy to maintain the
cross-sectiond correlation among returns. This procedure is repeated 2000 times to generate an empirical
distribution of the test datistics under the null hypothesis that al autocorrélations and cross-seria
correlations are zero.

The discussion below is based on the bootstrap standard errars. The bootstrap standard errors should
be a reiable guide to the smal-sample distribution under the null hypothess of no intertempora
dependence in returns. Surprisingly, the table shows that the bootstrap standard errors are roughly 35%
smaler than the asymptotic standard errors. | do not have a good explanation for the difference. One
possible differenceis that the LM standard errors are consistent estimates even when autocorrelations and

cross-serial correlations are non-zero. In contrast, the bootstrap standard errors should be accurate only
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under the null. As a robustness check, | have repeated the simulations allowing the equal-weighted index
to follow a GARCH(1,1) process. | aso assume that the volatilities of al stocks move together. The
dtandard errors from these smulations are quite similar to those from the simple 1D smulations, with
less than a 5% change in the estimates.”

The results in Table 8 are striking:  momentum profits appear to be explained entirely by negative
cross-seria correlation in returns.  Confirming our earlier evidence, autocorrelations dmost aways
contribute negatively to momentum profits. The autocovariance component is negative at al lags other
than month 1 and becomes more negative as the lag increases. For the industry portfolios, the estimate is
—2.81 (t-statistic of —1.05) in month 3 and declines to —7.32 (t-datistic of —2.74) by month 13. Similarly,
for the size portfolios, ‘Auto’ is —4.12 (t-statistic of —1.14) in month 3 and reaches a minimum of —6.83 (t-
datistic of —1.89) in month 10. Mot of the estimates are between one and two standard errors below
zero, and the estimates for industry portfolios are typicaly more significant than those for size portfolios.
For the industries, the estimates for months 8 through 16 are greater than 1.8 standard errors below zero.
For the size portfolios, only months 10 and 13 are more than 1.7 standard errors from zero. Overdl, the
evidence is smilar to the autocorrelation results in Tables 4 and 5: the autocovariances are either
inggnificant or marginally negative for al months 2 — 18.

In contrast, cross-serial covariances amost aways contribute positively to momentum profits. Table
8 shows that ‘Cross is podgtive in al months other than the frst. For the industry portfolios, the
estimates are greater than 1.60 standard errors above zero for months 3 — 14 and many of the t-statistics
are greater than two. The estimate equals 4.63 (t-statistic of 1.80) for month 3 and achieves a maximum
of 7.03 (t-gatistic of 2.72) in month 10. The results for the size portfolios are smilar, but the statistical
sgnificance is less. The estimate grows from 5.59 (t-gatistic of 1.59) in month 3 to 8.11 (t-statistic of
2.31) in month 10. The estimates between month 3 and month 14 are al more than 1.4 standard errors
above zero, and the estimates from month 8 — 14 are significant at conventional levels. In short, Table 8
suggests that cross-serid correlation in returns plays an important role in momentum trading strategies.

There is no evidence, either in Table 8 or in the previous tables, that prices underreact to new information.

4 Details available on request. | thank Ken French for suggesting the GARCH simulations.
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Autocorrelations and cross-seria correlations both appear to be negative, which is most consistent with
the overreaction or time-varying risk premium models of Section 3.°

Cross-sectiona variation in unconditional expected returns has only a small effect on profits. For the
industry portfolios, unconditional expected returns contribute between 0.12 and 0.14 to momentum
profits. To put these in perspective, total profits range from 2.97 in month 1 to —0.89 in month 18, which
are both many times larger that the profit contributed by unconditional means. For the size portfolios,
expected returns contribute anywhere from 0.31 o 0.36 of momentum profits, while tota profits range
from 2.60 in month 1 to 1.10 in month 17. Thus, the table suggests that unconditional expected returns
are not an important component of trading prafits.

This finding contradicts the results of Conrad and Kaul (1998). They argue that cross-sectiona
variation in expected returns is the most important source of momentum. For example, Conrad and Kaul
estimate that a momentum strategy based on annual returns yields a total profit of 0.701 when held for 12
months (their sample is 1962 — 1989). Cross-sectional variation in expected returns explains 1.550, or
221% (1.550 / 0.701), of the profits. Ther estimates for different horizons show that unconditional
means are aways important.

Conrad and Kaul’s conclusions are based on individua stock returns, and it seems likely that noise in
the estimates of expected returns plays a important role in their analysis. The cross-sectiona standard
deviation of average returns implied by their estimates is 12.4%. As mentioned in the introduction, thisis
an enormous value, suggesting that the range between the highest and lowest average returns is roughly
75% (12.4 ~ 6). Itisdifficult to believe that cross-sectional variation in expected returns can be this high.
In comparison, sorting stocks into deciles based on size yields an range of 8.2%, based on lagged book-to-
market yields a range of 9.6%, and based on lagged returns yields a range of 15.7% (for the last two, see
Fama and French, 1996). Using the maximum of these three estimates, the component of momentum

profits explained by expected returns would be approximately 20 times smaller than the value reported by

®> The decomposition suffers from a small-sample bias because autocorrelations and cross-serial correlations are
both biased downward in finite samples. Simulations indicate that the bias is small and does not affect the inferences
from Table 8. The bias in the autocovariance component is approximately —0.48 for industry portfolios and—0.53 for
size portfolios, and the biases in the cross-serial covariance components are 0.35 and 0.47, respectively.
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Conrad and Kaul [(75.0/15.7)%]. These numbers suggest that the average returns on individual stocks are
not a reliable guide to cross-sectional variation in expected returns. Jegadeesh and Titman (1999) discuss
the methodology used by Conrad and Kaul in greater detail.

Table 8 highlights another interesting pattern. The momentum profits from industry portfolios
actualy turn negative in month 11 and are sgnificantly negative in months 13 — 18. Thus, if we focus
only on the total profits, there appears to be substantial discontinuity between short-term momentum and
longer-term reversals, as documented previousdy by Jegadeesh and Titman (1993). These two
phenomenon have led to severa recent papers that attempt to unify underreaction and overreaction in a
single framework (e.g., Barberis, Shleifer, and Vishny, 1998; Daniel, Hirshleifer, and Subrahmanyam,
1988; Hong and Stein, 1998). However, the components of profits suggest a more mild digtinction
between the short term and long term. Table 8 shows that autocorrelations and cross-serial correlations
are negative for al lags (other than the first), consstent with ether the time-varying risk premium or
overreaction stories. The primary difference between the short and long term seems to be the relative
magnitudes of autocorrelations and cross-serid correlations. There is little evidence of a fundamental
change in the way investors react to information. Although there is clearly a significant difference
between month 3 and month 15, as reflected in tota profits, it does not appear that the behavioral models

can explain this difference.

6. Summary and conclusions

Jegadeesh and Titman (1993) find that stock returns exhibit significant momentum over intermediate
horizons. trading strategies that buy winners and sell losers appear to earn significant risk-adjusted
profits. Their results are often interpreted as evidence that returns are positively autocorrelated, and
consequently, that investors react dowly to new information. However, little research has directly tested
whether autocorrelations can actualy explain momentum.

The empirical esults in this paper show that autocorrelations do not explain momentum. Annua
returns on 15 industry and 15 size portfolios are amost always negatively associated with future returns

over the period 1941 — 1997. Despite this negative autocorrelation, both sets of portfolios generate
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dgnificant momentum profits, comparable to the profitability of momentum drategies based on
individual stocks. The apparent contradiction between negative autocorrelatiion and positive momentum
can be explained by the lead-lag effects among stocks. Using Lo and MacKinlay's (1990)
decomposition, | find that cross-serid correlation among stocks is significantly negative and large enough
to produce the momentum observed for industry and size portfolios. There is no evidence that investors
underreact to information.

The accumulated evidence on momentum is difficult to reconcile with traditional asset-pricing
models. The empirica results here aso reject the behaviora models of Barberis, Shleifer, and Vishny
(1998), Daniel, Hirshleifer, and Subrahmanyam (1998), and Hong and Stein (1999). These papers are
motivated by apparent underreaction to news and predict that returns will be postively autocorrelated
over short horizons, contrary to the findings in this paper. They make few, if any, predictions about the
cross-serial covariances that appear to cause momentum. Asset-pricing theory, grounded in either market
efficiency or bahaviora finance, needs to explain why some stocks are negatively correlated with the
future returns on other stocks. Section 3 showed that excess covariance in returns — stock prices covary
more strongly than dividends — can lead to negative cross-serial correlation. | have not attempted to
distinguish between the overreaction and time-varying risk premium models, nor do | suggest that they
are the only, or even the most likely, explanations. The modds are smply meant to show the link
between excess co-movement and negative seria correlation.

In addition to the main results on momentum, the paper documents severa interesting patterns across
time horizons and across size portfolios. | find that autocorrelations and cross-serial correlations tend to
become more negative as the time horizon increases. For example, the average correlation between an
industry’s annual return and its return two months later is -0.007, and the correlation declinesto -0.070 by
the 10th month. The autocorrelations seem to reach a minimum after 10 to 12 months. Cross-serial
correlations exhibit the same pattern, reaching a minimum of —0.073 in month 10. | aso find that the
large stocks have more predictive power than small stocks. The annual return on the largest portfolios
appear to be negatively correlated with their own future returns and even more strongly correlated with

the future returns on small stocks. For example, the autocorrelation of the largest portfolio (the
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corrdation between its annual return and return over the next 18 months) is —0.04, but its cross-seria
correlation with the smalest portfolio is —0.12. The patterns across time and across size portfolios

provide a challenge for asset-pricing theory, aswell as arich areafor further empirical research.
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Table 1
Summary statistics for industry and size portfolios, 1/41 - 12/97

Each month from January 1941 through December 1997, value-weighted industry and size portfolios are formed
from all NYSE, Amex, and NASDAQ stocks on CRSP. The 15 industry portfolios are formed based on two-digit
SIC codes, and typically consist of firms in consecutive SIC codes (although some exceptions were made). The
15 size portfolios are formed based on the market value of equity in the previous month, with breakpoints
determined by equally-spaced NYSE percentiles. The table reports the average return and standard deviation of
each portfolio (in percent), the number of firms in the portfolio on average and at the end of the sample, and the
percent of total market value in the portfolio on average and at the end of the sample.

Return (%) Number of firms Market value (%)

Portfolio Mean Std. dev. Mean 12/97 Mean 12/97
Panel A: Industry portfolios

Nat. resources 1.01 5.23 187 344 35 3.0
Construction 1.00 5.10 280 406 8.0 3.3
Food, tobacco 1.16 4.10 118 141 6.3 6.4
Consumer products 1.05 5.37 159 245 1.4 0.9
Logging, paper 1.21 5.23 112 187 34 3.1
Chemicals 1.08 4.56 159 440 10.9 10.5
Petroleum 1.23 4,95 36 28 111 3.5
Machinery 1.08 5.22 205 440 6.3 5.1
Electrical equip. 1.11 5.28 343 983 8.1 11.2
Transport equip. 1.12 5.24 95 128 6.6 3.3
Shipping 1.03 5.62 98 159 3.1 1.6
Utilities, telecom. 0.92 3.43 192 419 14.3 9.2
Trade 1.08 4.94 318 828 6.3 7.0
Financial 1.17 473 548 1,785 7.7 21.8
Services and other 1.30 6.05 415 1,392 2.9 10.2
Panel B: Size portfolios

Smallest 1.59 7.17 1,188 3,057 0.9 0.9
2 1.36 6.26 286 888 0.7 0.8
3 1.32 5.91 212 650 0.8 0.9
4 1.27 5.69 176 499 0.9 1.0
5 1.26 5.55 157 414 1.1 1.2
6 1.29 5.38 145 381 14 14
7 1.24 5.25 133 313 1.7 1.6
8 1.29 5.13 120 303 2.0 2.0
9 1.17 4,96 110 252 25 2.2
10 1.21 4.84 105 225 3.2 2.6
11 1.18 4.87 100 228 4.1 3.9
12 1.20 4.63 96 199 5.7 4.9
13 111 4.44 92 183 8.3 7.3
14 1.05 4.26 89 176 135 13.0

Largest 1.00 3.97 88 166 53.3 56.3




Table 2
Momentum profits from industry portfolios, 1/41 - 12/97
The table reports average returns, standard errors, and t-statistics for momentum strategies based on value-weighted industry returns. The momentum
portfolios are based on 6-month returns in Panel A and 12-month returns in Panel B. The 'LM portfolio’ invests wi, = (1/N) (fj 1 - fm1) in asset i, where r;4
is the asset's lagged return and r.,., is the lagged return on the equal-weighted index. The '$1 long-short' portfolio invests in the same proportions, but

scales the weights so that the portfolio has $1 long and $1 short. 'CS regressions' is the slope coefficent from monthly cross-sectional regressions, which
also is the return on a zero-investment portfolio (Fama, 1976). Returns are reported in percent.

Month after formation

Strategy 1 3 5 7 9 11 13 15 17
Panel A: Based on 6-month returns

$1 long-short 0.509 0.263 0.382 0.501 0.351 0.085 -0.078 -0.140 -0.223
std error 0.104 0.109 0.109 0.102 0.102 0.103 0.103 0.100 0.098
t-statistic 4.87 2.41 3.52 4.89 3.43 0.82 -0.76 -1.40 -2.28
LM portfolio 1.315 0.694 0.982 1.507 1.173 0.192 -0.475 -0.653 -0.473
std error 0.359 0.359 0.348 0.333 0.354 0.339 0.331 0.317 0.306
t-statistic 3.66 1.93 2.82 4.52 3.32 0.57 -1.43 -2.06 -1.55
CS regressions 0.032 0.018 0.023 0.030 0.017 0.006 -0.001 -0.005 -0.017
std error 0.006 0.006 0.006 0.006 0.006 0.006 0.006 0.006 0.006
t-statistic 5.61 2.88 3.67 5.10 2.94 0.97 -0.10 -0.87 -2.80

Panel B: Based on 12-month returns

$1 long-short 0.673 0.432 0.309 0.257 0.124 -0.050 -0.128 -0.212 -0.174
std error 0.108 0.110 0.109 0.105 0.107 0.104 0.104 0.101 0.099
t-statistic 6.22 3.94 2.84 2.46 1.16 -0.49 -1.24 -2.10 -1.76
LM portfolio 2.970 1.959 1.226 1.089 0.623 -0.317 -0.826 -1.184 -0.844
std error 0.608 0.584 0.558 0.549 0.579 0.534 0.532 0.520 0.519
t-statistic 4.88 3.36 2.20 1.98 1.08 -0.59 -1.55 -2.28 -1.63
CS regressions 0.026 0.017 0.013 0.010 0.004 -0.001 -0.002 -0.007 -0.006
std error 0.004 0.004 0.004 0.004 0.004 0.004 0.004 0.004 0.004
t-statistic 6.63 412 3.17 2.73 111 -0.24 -0.60 -1.83 -1.70

Bold implies the average return is greater than 1.645 standard errors from zero.



Table 3
Momentum profits from size portfolios, 1/41 - 12/97
The table reports average returns, standard errors, and t-statistics for momentum strategies based on value-weighted size portfolios. The momentum
portfolios are based on 6-month returns in Panel A and 12-month returns in Panel B. The ‘LM portfolio’ invests wi, = (1/N) (ri 1 - fmr1) in asset i, where r;4
is the asset's lagged return and r.,., is the lagged return on the equal-weighted index. The '$1 long-short' portfolio invests in the same proportions, but

scales the weights so that the portfolio has $1 long and $1 short. 'CS regressions' is the slope coefficent from monthly cross-sectional regressions, which
also is the return on a zero-investment portfolio (Fama, 1976). Returns are reported in percent.

Month after formation

Strategy 1 3 5 7 9 11 13 15 17
Panel A: Based on 6-month returns

$1 long-short 0.268 0.173 0.283 0.523 0.402 0.261 0.039 0.044 0.055
std error 0.122 0.118 0.119 0.125 0.116 0.100 0.104 0.098 0.109
t-statistic 2.19 1.47 2.38 4.17 3.46 2.61 0.37 0.45 0.50
LM portfolio 1.052 0.787 0.525 1.395 1.016 1.052 0.413 0.403 0.392
std error 0.414 0.355 0.339 0.410 0.314 0.308 0.373 0.309 0.293
t-statistic 2.54 2.21 1.55 3.40 3.23 3.42 1.11 1.31 1.33
CS regressions 0.017 0.001 0.014 0.040 0.028 0.015 0.002 -0.006 0.002
std error 0.010 0.011 0.010 0.010 0.011 0.010 0.010 0.011 0.010
t-statistic 1.67 0.07 1.41 3.97 2.66 1.47 0.18 -0.55 0.21

Panel B: Based on 12-month returns

$1 long-short 0.525 0.417 0.429 0.416 0.299 0.218 0.232 0.287 0.243
std error 0.115 0.125 0.118 0.110 0.114 0.119 0.105 0.101 0.104
t-statistic 4.55 3.34 3.63 3.78 2.61 1.83 2.22 2.84 2.34
LM portfolio 2.602 1.809 1.770 1.817 1.587 1.555 1.343 1.217 1.095
std error 0.759 0.638 0.582 0.563 0.566 0.609 0.662 0.539 0.493
t-statistic 3.43 2.83 3.04 3.23 2.80 2.55 2.03 2.26 2.22
CS regressions 0.026 0.018 0.022 0.025 0.012 0.005 0.015 0.019 0.016
std error 0.006 0.008 0.007 0.007 0.008 0.007 0.007 0.007 0.007
t-statistic 4.03 2.26 3.10 3.43 1.52 0.72 2.08 2.48 2.35

Bold implies the average return is greater than 1.645 standard errors from zero.



Table 4
Autoregressive coefficients for industry portfolios, 1/41 - 12/97

The table reports the OLS slope coefficient when an industry portfolio's monthly return is regressed on its lagged 12-month return. In column '1', the
dependent variable is the return in the first month following the 12-month return; in column '3', the dependent variable is the return in the third month
following the 12-month return; etc. Table 1 describes the value-weighted industry portfolios in greater detail. The average standard error of the
coefficients is 0.009.

Month after formation

Portfolio 1 3 5 7 9 11 13 15 17
Nat. resources 0.000 -0.011 -0.009 -0.004 -0.005 -0.016 -0.019 -0.020 -0.017
Construction -0.001 -0.010 -0.005 -0.009 -0.015 -0.021 -0.018 -0.010 -0.009
Food, tobacco 0.015 0.007 0.003 0.003 -0.002 -0.004 -0.012 -0.012 -0.007
Consumer products 0.016 -0.004 -0.007 -0.012 -0.018 -0.024 -0.027 -0.020 -0.018
Logging, paper 0.004 -0.006 -0.003 -0.007 -0.010 -0.010 -0.011 -0.008 -0.009
Chemicals 0.006 0.000 0.002 -0.004 -0.011 -0.010 -0.015 -0.016 -0.017
Petroleum -0.001 -0.006 -0.012 -0.011 -0.014 -0.016 -0.017 -0.020 -0.015
Machinery 0.000 -0.019 -0.013 -0.012 -0.016 -0.018 -0.013 0.000 -0.001
Electrical equip. 0.001 -0.009 -0.008 -0.007 -0.007 -0.010 -0.013 -0.009 -0.008
Transport equip. 0.010 -0.002 -0.005 -0.005 -0.009 -0.018 -0.017 -0.011 -0.010
Shipping 0.000 -0.013 -0.015 -0.019 -0.025 -0.028 -0.024 -0.014 -0.007
Utilities, telecom. 0.016 0.005 -0.004 -0.014 -0.014 -0.015 -0.014 -0.006 0.001
Trade 0.008 -0.010 -0.013 -0.016 -0.011 -0.017 -0.025 -0.019 -0.015
Financial 0.004 -0.011 -0.009 -0.015 -0.014 -0.015 -0.017 -0.011 -0.012
Services and other 0.012 -0.004 -0.008 -0.009 -0.006 -0.009 -0.013 -0.009 -0.006
Average 0.006 -0.006 -0.007 -0.009 -0.012 -0.015 -0.017 -0.012 -0.010
(std error) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007)
Chi-squared 16.90 17.46 12.04 18.74 19.22 20.41 17.87 17.66 15.65
(p-value) (0.325) (0.292) (0.676) (0.226) (0.204) (0.157) (0.270) (0.281) (0.406)

Bold implies the estimate is more than 1.645 standard errors from zero.



Table 5
Autoregressive coefficients for size portfolios, 1/41 - 12/97

The table reports the OLS slope coefficient when a size portfolio's monthly return is regressed on its lagged 12-month return. In column 1, the
dependent variable is the return in the first month following the 12-month return; in column 3, the dependent variable is the return in the third month
following the 12-month return; etc. Table 1 describes the value-weighted size portfolios in greater detail. The average standard error of the coefficients
is 0.009.

Month after formation

Portfolio 1 3 5 7 9 11 13 15 17
Smallest 0.020 0.005 0.003 0.003 0.000 0.001 -0.001 0.001 0.000
2 0.014 -0.004 -0.004 -0.002 -0.003 -0.004 -0.006 -0.004 -0.006
3 0.012 -0.007 -0.006 -0.006 -0.009 -0.010 -0.014 -0.008 -0.006
4 0.011 -0.009 -0.007 -0.006 -0.008 -0.010 -0.012 -0.006 -0.007
5 0.008 -0.010 -0.007 -0.007 -0.009 -0.011 -0.013 -0.007 -0.007
6 0.008 -0.011 -0.008 -0.008 -0.012 -0.012 -0.014 -0.007 -0.008
7 0.003 -0.014 -0.012 -0.010 -0.012 -0.015 -0.015 -0.007 -0.008
8 0.004 -0.015 -0.012 -0.012 -0.012 -0.014 -0.015 -0.006 -0.007
9 0.005 -0.011 -0.009 -0.012 -0.014 -0.017 -0.016 -0.009 -0.008
10 0.003 -0.014 -0.013 -0.017 -0.019 -0.021 -0.020 -0.012 -0.012
11 -0.001 -0.018 -0.016 -0.017 -0.019 -0.021 -0.019 -0.013 -0.011
12 -0.006 -0.021 -0.018 -0.020 -0.018 -0.018 -0.016 -0.010 -0.008
13 0.000 -0.013 -0.011 -0.015 -0.015 -0.018 -0.017 -0.009 -0.010
14 -0.003 -0.015 -0.012 -0.016 -0.017 -0.020 -0.017 -0.008 -0.008
Largest 0.006 -0.001 -0.005 -0.010 -0.015 -0.016 -0.019 -0.016 -0.012
Average 0.006 -0.011 -0.009 -0.010 -0.012 -0.014 -0.014 -0.008 -0.008
(std error) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008)
Chi-squared 31.94 28.75 16.95 16.75 14.61 17.31 17.32 18.48 10.83
(p-value) (0.007) (0.017) (0.322) (0.334) (0.480) (0.300) (0.300) (0.238) (0.764)

Bold implies the estimate is more than 1.645 standard errors from zero.



Table 6
Average autocorrelations and cross-serial correlations, 1/41 - 12/97
The table reports average statistics for (1) the correlation between a portfolio's monthly return and its own lagged 12 month return (‘average

autocorrelation’), and (2) the correlation between a portfolio's monthly return and the lagged 12-month returns on other portfolios (‘average cross-
serial correlation’). Table 1 describes the value-weighted industry and size portoflios in greater detail.

Month after formation

Correlation 1 3 5 7 9 11 13 15 17

Panel A: Industry portfolios

Average auto- 0.027 -0.025 -0.030 -0.040 -0.050 -0.065 -0.073 -0.053 -0.043
correlation
Average cross-serial -0.002 -0.046 -0.044 -0.052 -0.057 -0.063 -0.065 -0.041 -0.034
correlation

Panel B: Size portfolios

Average auto- 0.028 -0.045 -0.038 -0.044 -0.052 -0.059 -0.062 -0.035 -0.034
correlation
Average cross-serial 0.020 -0.054 -0.049 -0.053 -0.060 -0.067 -0.070 -0.042 -0.040

correlation




Table 7
Average autocorrelation matrix for size portfolios, 1/41 - 12/97

Each row of the table reports the average correlation between a given size portfolio's monthly return and the lagged 12-month returns of all portfolios. The
correlations are estimated for each lag separately, months 1 through 18, and the average correlation across all lags is reported. The diagonal elements of the
matrix are reported in bold to facilitate reading the table, not to indicate statistical significance. Table 1 describes the value-weighted size portfolios in greater
detail.

Lagged 12-month returns

Portfolio Small 2 3 4 5 6 7 8 9 10 11 12 13 14 Large
Small 0.02 -001 -0.02 -0.03 -004 -004 -005 -0.06 -005 -007 -0.08 -006 -0.08 -0.09 -0.12
2 0.01 -001 -002 -0.03 -004 -004 -005 -006 -004 -006 -0.07r -005 -006 -0.08 -0.10

3 -0.01 -0.02 -0.03 -0.04 -0.04 -004 -005 -006 -0.05 -0.06 -0.08 -0.06 -0.07 -0.08 -0.10
4 001 -001 -002 -003 -003 -003 -004 -005 -004 -005 -007 -004 -005 -0.06 -0.08
5 -0.01 -0.02 -0.03 -0.04 -0.04 -004 -005 -005 -0.04 -005 -0.07 -0.05 -0.06 -0.07 -0.08
6 -0.01 -003 -003 -004 -004 -004 -005 -005 -004 -005 -007 -005 -005 -0.06 -0.08
7 -0.01 -0.02 -0.03 -0.04 -0.04 -004 -005 -005 -0.04 -005 -006 -005 -0.05 -0.06 -0.07
8 -0.01 -0.02 -002 -003 -003 -003 -004 -004 -003 -005 -006 -004 -005 -0.06 -0.07
9 -0.01 -0.03 -0.04 -005 -005 -005 -005 -0.06 -0.05 -0.06 -0.07 -0.06 -0.06 -0.07 -0.08

10 -0.03 -0.04 -004 -005 005 -005 -006 -006 -005 -006 -00/7 -005 -006 -0.07 -0.08
11 -0.03 -0.04 -0.04 -005 -0.04 -0.04 -005 -0.06 -0.04 -006 -0.07 -0.05 -0.05 -0.06 -0.07
12 -0.03 -0.04 -005 -006 -005 -005 -006 -0.0r -005 -0.07r -0.08 -006 -006 -0.07 -0.07
13 -0.03 -0.04 -0.04 -005 -0.04 -004 -005 -0.06 -0.04 -006 -0.07 -0.05 -0.05 -0.06 -0.06
14 -0.03 -0.04 -005 -006 -005 -005 -005 -006 -0.04 -006 -006 -005 -005 -0.05 -0.06

Large -0.04 -0.05 -0.04 -006 -005 -0.04 -005 -005 -0.04 -005 -0.05 -0.04 -0.04 -0.04 -0.04




Table 8
Decomposition of momentum profits, 1/41 - 12/97

The table decomposes the profitablility of momentum strategies based on the lagged 12-month returns of industry and size portfolios. The momentum
stategy invests w; = (1/N) (ri¢; - rma) in asset i, where r;, is the asset's lagged return and ry,,,, is the lagged return on the equal-weighted index. Lo
and MacKinlay (1990) show that the expected return on the momentum portfolio can be separated into components that depend only on the assets'
autocorrelations (‘Auto’), on the cross-serial correlations among the assets (‘Cross'), and on the unconditional expected returns of the assets
('Means'); see Section 2 in the text. The LM standard error is estimated using the asymptotic results of Lo and MacKinlay (1990; Appendix 2). The
bootstrap standard errors are estimated from simulations which generate time-series of returns under the null hypothesis that all autocorrelations and
cross-serial correlations are zero. Returns are reported in percent.

Industry portfolios Size portfolios
Month Auto Cross Means Total Auto Cross Means Total
1 2.585 0.247 0.138 2.970 5.026 -2.760 0.336 2.602
3 -2.810 4.631 0.138 1.959 -4.118 5.590 0.336 1.809
5 -3.168 4.257 0.137 1.226 -3.575 5.008 0.338 1.770
7 -4.056 5.014 0.131 1.089 -3.888 5.386 0.318 1.817
9 -4.983 5.480 0.126 0.623 -4.947 6.204 0.331 1.587
11 -6.577 6.139 0.121 -0.317 -5.647 6.855 0.347 1.555
13 -7.316 6.369 0.122 -0.826 -6.230 7.260 0.314 1.343
15 -5.286 3.983 0.119 -1.184 -3.390 4.292 0.315 1.217
17 -4.378 3.416 0.117 -0.844 -3.482 4.261 0.316 1.095
LM std error 3.936 3.757 - 0.542 6.170 5.670 - 0.766
Bootstrap 2.670 2.580 0.088 0.362 3.613 3.507 0.219 0.400

Bold implies the estimate is more than 1.645 standard errors from zero based on the bootstrap standard error.



