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Abstract

Using US data from June 1984 to July 1999, we show that the impact of firm-specific
characteristics like size and book-to-price on future excess stock returns varies considerably
over time. The impact can be either positive or negative at different times. This time
variation is partialy predictable. We investigate whether the partial predictability signals
security mispricing or risk compensation by formulating alternative modeling strategies.
The strategies are compared empirically. In particular, we alow for a state-dependent
choice of investment styles rather than a once-and-for-all choice for a particular style, for
example based on high book-to-price ratios or small market cap values. Using alternative
ways to correct for risk, we find significant and robust excess returns to style rotating
investment strategies. Business cycle oriented approaches exhibit the best overall perfor-
mance. Purely statistical models for style rotation or fixed investment styles reved less
robust behavior. © 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction

In examining the forecasting power of firm characteristics for excess returns,
the academic literature conventionally focuses on long-term averages of monthly
and annual returns. The systematic patterns found provide evidence that some
equity classes generate above-average returns in the long run. In particular, value
stocks outperformed growth stocks historically, and small capitalization stocks had
higher annual returns than large capitalization stocks. See for example the papers
of Fama and French (1992), La Porta (1996), Daniel and Titman (1997), Barber
and Lyon (1997) and Lewellen (1999). In the investment management industry
nowadays, value and size strategies are used for discriminating relative future
performance. This implementation is known as style investing.

At least, three aternative theories have been put forward to explain the
long-term outperformance of value and small capitalization stocks. First, the firm
variables might proxy for a risk factor. Fama and French (1993), Jensen et al.
(1997) and Lewellen (1999) argue that the higher returns are a compensation for
higher risk. Firms with similar firm characteristics are sensitive to the same
macroeconomic factors like economic growth surprises and interest rate risk. A
second and alternative view is that the firm variables provide information about
security mispricing. Lakonishok et al. (1994) suggest that the higher returns on
value strategies are due to an incorrect extrapolation of past stock performance. La
Porta (1996) finds evidence that value strategies work because expectations about
future growth in earnings are too optimistic. As a third possible reason for reported
outperformance, it can be argued that unexpected technological innovations are
historically more related to particular equity classes. As a result, the uncovered
return patterns can be due to data snooping, see, e.g., Lo and MacKinlay (1990),
Black (1993) and MacKinlay (1995).

The performance of value or size related investment styles is not stable over
time. Some periods depart from the long-term patterns documented in the litera-
ture. Chan et al. (2000), for example, show that the regular size and value effects
are inverse over the period 1990 through 1998. This can be a major worry for
professional investment managers with value or size-based investment styles.
Returns over a multi-year period are frequently not a sufficient factor to consider a
particular fixed investment style a success. Professional money managers are often
assessed on their intra-year returns relative to a prespecified benchmark. Both
annual outperformance and intra-year variability of the outperformance are impor-
tant (Roll, 1992). Managers are therefore looking for systematic patterns in the
time-varying impact of value and size on returns in order to enhance their
performance. As argued above, such patterns may be caused by macroeconomic
conditions.

Some authors use the time-variation in the relation between firm characteristics
and returns to investigate whether the mispricing or risk compensation view
provides a more plausible explanation for realized excess returns. Fama and
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French (1993), Daniel and Titman (1997) and Lewellen (1999), for example,
examine the returns on value and size based investment styles using a factor model
with three factors: (i) the returns on a value-weighted market portfolio, (ii) the
excess returns on a small-capitalization over a large-capitalization portfolio, and
(iii) the excess return on a high book-to-market portfolio over alow book-to-market
portfolio. By relating returns on value or size-based investment styles to current
realizations of the risk factors, the authors argue that excess returns are more in
line with the risk compensation rather than with the mispricing view.

Our paper adds to the current literature on asset pricing by further examining
whether Size and book-to-price generate excess returns. Previous papers focused
on models that imply fixed investment styles, mainly small Size and/or high
book-to-price. By contrast, our model alows the investment style to vary over
time. We investigate whether style effectiveness shows any persistence over time.
In particular, we test whether the impact of Size and book-to-price varies with
macroeconomic conditions. For this, we formulate both statistical time-series
models for style rotation and macroeconomic regression models. We correct any
excess returns of such style rotation schemes for risk using either a standard
market (one-factor) model or the Fama—French three-factor model, mentioned
above. If the excess returns are explained by these factor models, risk corrected
excess returns will be insignificant. As a result, the risk compensation rather than
the mispricing view will then appear to be more plausible.

As a first result, we find that for no rotation and for pure statistical rotation
schemes the risk compensation view provides an adequate explanation of realized
excess returns. More striking results are obtained, however, if we consider a
variant of our model in which we relate style effectiveness explicitly to macroeco-
nomic conditions. This model produces a bilinear forecasting framework. Bilinear
models to examine the value and size styles can also be found in He et al.(1996).
Our approach and goals, however, differ markedly. They use 25 portfolios sorted
by book to market and size and they assume that expectations of investors are
unbiased. Their aim is to find a disrete time equilibrium multifactor model that is
consistent with the returns of the 25 portfolios. He et al. (1996) conclude that their
models are inconsistent with the portfolio return data. By contrast, we aim at
predicting future individual stock returns. No assumptions about rational expecta-
tions are made.

We use two macroeconomic variables in our style rotation model. The first
variable is the term-spread of interest rates, which is defined as the long-term
interest rate minus the short-term rate. At least two reasons can be given for the
potential influence of this variable on expected stock returns. First, the term spread
can be considered as an indicator of economic activity. In an expanding economy,
it decreases because short rates generally rise more than long rates. Similarly,
during a contraction, it generally increases. Hence, the term spread may affect
expected stock market returns because of the effect on expected company earnings
(see, also, Schwert, 1990; Chen, 1991; Jensen et al., 1996). This suggests that in
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periods of a small term spread some equity classes, likely to be small and rapidly
growing firms, show higher returns as a result from higher and better quality
earnings expectations. Second, the term spread affects the senditivity of stock
prices to changes in interest rates. An increase in the term spread causes short-term
earnings to play a relatively more important role in a dividend or free-cash flow
discount model, while the long-run earnings are relatively less significant. How
shifts of the term structure of interest rates influence a stock price depends on the
term spread and distribution of earnings. Consequently, equity premia, which are
among other factors determined by interest rate risks, may differ over equity
classes. The second macroeconomic variable is a composite of leading indicators
of the business cycle. Different equity classes may profit in different ways from
changes in the business cycle. We hypothesize that especially small and growing
firms are likely to be flexible to react on and profit from improving economic
conditions. Large and mature firms are in general more diversified, which makes
them less sensitive to deteriorating economic circumstances.

The results reveal that style rotation based on macroeconomic predictive
variables generates historical excess returns. In order to prevent data snooping
biases, we check the robustness of our results to a range of alternative specifica
tions. In particular, we show that the excess returns remain significant after
various ways of risk-correction. In addition to the earlier literature, we aso
investigate the robustness of the results with respect to the portfolio rebalancing
period. We use monthly, quarterly, semi-annual, and annual horizons. It turns out
that risk-corrected returns reveal a remarkable stability for the business cycle
based model, especially for the stocks with the strongest ex-ante predicted
outperformance. By contrast, excess returns on traditional, fixed investment styles
(size or book-to-price) or on purely statistical style rotation schemes are not robust
with respect to the rebalancing horizon. Moreover, the business cycle model
returns are also robust to the way portfolios are constructed and the way potential
outliers are dealt with. In short, the results point out that the rotating investment
styles based on firm characteristics and macroeconomic predictors provide consis-
tent and robust (risk-corrected) excess returns. Risk correction is performed using
a one-factor market model or the three-factor Fama—French model. Therefore, the
excess returns on style rotation schemes appear incompatible with the standard
risk compensation view using the three Fama—French risk factors. This provides a
further dimension to the current debate by allowing more flexibility in the choice
of investment strategies.

The paper is organized as follows. In Section 2, we give a description of the
data. In Section 3, we describe the time-varying impact of firm characteristics on
excess returns. We focus on value and size-based investment styles and test
whether there is any evidence of systematic patterns in the time-variation. In
Section 4, we provide alternative modeling approaches to transform predictability
into style rotation schemes. In Section 5, we implement the models and discuss the
results. Section 6 concludes the paper.
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2. The data

The firm-specific data come from two sources. Monthly stock price and
dividend data in the period from June 1984 to July 1999 come from Interactive
Data Corporation (IDC). IDC is a leading provider of securities pricing data. Our
prices and dividends are adjusted for stock splits. Monthly total returns are
calculated using these price and dividend data. The monthly returns are used to
compute quarterly, semi-annual and annual returns. For the annual frequency, we
consider the July—July end of month returns. For the quarterly and semi-annual
frequencies, the annual return period is divided into an appropriate number of
subperiods. Hence, non-overlapping samples are used. The COMPUSTAT database
provides book values, which are used to compute the book-to-price (B /P) ratio.
Size is measured as the logarithm of market capitalization. The book-to-price and
Size variable are cross-sectionally demeaned to remove any trends. The book-to-
price ratio is calculated at the end of every month (or quarter, half-year, year)
using the most recent reported book value and end-of-month market capitalization.
The market capitalization is equal to the number of outstanding stocks times the
stock price. Size is also measured a the end of the month. When making a
forecast at the moment of rebalancing, we use the most recent information on Size
and book-to-price available to investors. For example, for the end July—end
August return in 1985 we use the accounting data available end of July 1985, and
similarly if we consider the end July 1985—end July 1986 return.

The stock universe is the Russell 3000, meaning that we observe 7860 stocks in
total over the sample period. Most of these, however, are observed for only part of
the complete sample period (including dead stocks). The Russell 3000 universe
comprises the 3000 largest US companies based on total market capitalization.
They represent approximately 98% of the investable US equity market.

We use two sources for our macroeconomic variables. First, we use a season-
ally adjusted composite index of leading indicators made public by the Business
Cycle Indicators section of The Conference Board. The index is constructed by
taking a (weighted) average of 10 individual series that are supposed to have
turning points that occur before those in aggregated economic activity. Among
these indices are (i) average working hours by production workers, (ii) initial
claims for unemployment insurance, (iii) new orders for consumer goods, (iv) new
orders for capital goods, (v) vendor performance, (vi) residential building permits,
(vii) S& P 500 price movements, (viii) money supply M2, (ix) interest rate spread,
and (x) index of consumer expectations. The leading indicator is transformed into
annual growth rates. Second, the Federal Reserve provides information on spreads
in the term structure of interest rates. This type of variable is also a component of
the Business Cycle indicator, in which it is the difference between the 10-year
Treasury bond rate and an overnight interbank borrowing rate. Our definition of
the term-spread variable depends on the data frequency in the modeling and
backtesting frameworks. For the monthly return frequency, we consider the
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difference between the yield on 10-year treasury notes (constant maturity) and
1-month certificates of deposit (CDs). For the quarterly, semi-annua and annual
return frequencies, we replace the yield on the 1 month CDs by the yield on
3-month, 6-month and 1-year treasury bills, respectively.

3. Time variation

In this section, we illustrate how the effect of Size and B /P varies over time.
As a reference point, we use the standard factor model representation of returns,

Rii=Bii f + &, (l)

where R;; is the (excess) return on asset i over period t, B, is a k-dimensional
vector of factor loadings, f, is a vector of common risk factors, and &;, is an
idiosyncratic risk component independent of f,. Of course, Eq. (1) is too genera
to be useful. One way to go about is to drop the time index from B;, and use
observables for f,, see for example Fama and French (1993). Another way is to
proxy the B;, by observable firm characteristics, like size or book-to-price, see
Lewellen (1999). Taking a linear specification B, =1I"x;,_; + v;;, we obtain

Rit=X;,t—1Fft+g'ity (2)

with x;,_, an m-dimensional vector of firm characteristics containing for exam-
ple size and book-to-price of firm i at time t — 1, I' an (m X k) parameter matrix,
and &, = &, +v; f,. Note that x;, , is lagged with respect to the return R;,,
such that it is known at the time of forecasting next period’s return, see aso
Section 2. By defining y, = I'f,, we have a regression model with time-varying
coefficients,

Ritlei,t—ﬂ’t“’g‘it’ (3)

where the vy,’s can be estimated using the cross-sectional dimension of the sample.
Eq. (3) clearly shows that x;, , has atime-varying impact on the return R;; and
that this time variation is caused by the time-variation in the common risk factors
f.. Asboth x;, , and f, may contain a constant term, Eq. (2) specializes to the
model of Lewellen (1999) if x;, , is the (portfolio) book-to-price ratio and f,
contains the three factors of Fama—French: market return, return differential
between alarge and small cap portfolio, and return differential between a high and
low book-to-price portfolio. Lewellen uses this model to support his claim that the
book-to-price ratio is mainly an indicator for risk and not as much of (anomalous)
EXCESS return.

In the present paper, we take a different perspective. Given Eg. (3), we
investigate whether there is any persistence in the sign and/or magnitude of 1,
over time. If thisis the case, it would alow for atimely switch from for example a
large cap to a small cap strategy, or from a value to a growth strategy. Persistence
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in 7y, can be caused by for example persistence in the underlying common factors
f,. Alternatively, there might be an omitted variables bias resulting in some
persistence in the parameter estimate of v,, ¥,. This can be tested in two ways.
First, one can postulate observables for f, and test whether these are serialy
uncorrelated. This, however, would render one prone to misspecification of the
risk factors. Therefore, we follow a second route and estimate Eq. (3) per
cross-section. In this way, we obtain a time series of coefficients for the constant
term, the size variable, and the book-to-price ratio. These time series are plotted in
Figs. 1 and 2 for the period June 1984 up to July 1999.

Figs. 1 and 2 show that for both Size and B /P there is a large number of times
the effect on returns is positive, while for a similar number of times the effect is
negative. This result does not change if we only take the significant coefficients
into account (not shown). The results imply that there are periods during which
Size has a significantly positive effect on returns. During other periods, however,
the effect might be either opposite or statistically insignificant. Such time variation
has important implications for practical asset management. At different points in
time either a large or small cap investment style may be preferable. Styles that are
very effective now can easily become obsolete or even counterproductive after a
relatively short period. Also when we look at the scatter-diagrams of the coeffi-
cientsin Fig. 2, we see that there were many periods during which either alarge or
small cap strategy combined with either a value or growth strategy proved most
profitable. So also the optimal combination of different styles varies over time. All
these results are qualitatively similar and stable over the different sampling
frequencies. Hence, the factor pay-offs look like pure noise without any obvious
pattern of predictability.

Given the time variation in the regression coefficients, we perform a prelimi-
nary data analysis on the coefficients to see whether there are any signs of serial
correlation. If present, the amount of serial correlation signals to what extent we
can expect to capture part of the time-variation in a predictive framework. The
results are given in Table 1 for the four different investment horizons discussed
earlier.

At the monthly frequency, the Size coefficient shows significant (at the 10%
level) positive autocorrelation using the first partial autocorrelation (see column
AR1). The Cowles—Jones (CJ) test is not significant, but exceeds unity. The mean
coefficient is insignificantly positive, while the median is significantly positive at
the 1% level. This suggests that large cap stocks have outperformed small ones on
amonthly basis over the past 15 years, see also Chan et al. (2000). The coefficient
of B/Pisinsignificant on average (as well as in the median sense) at the monthly
frequency and shows no serial autocorrelation. At the quarterly frequency, the
positive autocorrelation in Size has reversed to an insignificant negative correla-
tion. The CJ-test points in the same direction. For the B /P ratio, an insignificant
positive correlation is found. At semi-annual and annual frequencies, no signifi-
cant correlations are found for both variables. This might be due to the limited
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Fig. 1. Cross-sectionally estimated coefficients over time. The figures contain the estimated coefficients per cross-section of a regression of excess returns (in
excess of an equally weighted portfolio) on lagged Size and book-to-price (B /P). The top and bottom row of figures give the results for Size and B /P,
respectively. The results for monthly, quarterly, semi-annual, and annual returns are in the first, second, third, and fourth column of graphs, respectively. The
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Fig. 2. Scatter diagrams of cross-sectionally estimated coefficients. The figures contains scatter
diagrams of the estimated coefficients per cross-section of a regression of future excess returns in
excess of an equally weighted portfolio on Size and book-to-price (B/P). The percentages give the
fraction of coefficient couples (Size, B /P) present in the quadrant.

number of observations at that frequency. The partial autocorrelation and the CJ
test generally point in the same direction, except for the B/P ratio a the
semi-annual frequency. Also the mean and median of B/P at the two longest
frequencies revea conflicting results. Looking at the graphs in Fig. 1, it is not
surprising to see a difference between the outlier non-robust (Mean, AR1) and
outlier robust (Median, CJ) statistics in the table. The medians are significantly
negative, while the means are insignificantly positive. This is due to the large
value of the coefficient during 1992. In later sections, we also check the
robustness of our results with respect to outliers.

The resultsin Table 1 point out that there is only weak preliminary evidence on
the predictability of Size and B/P impact. Monthly frequencies appear most



10 A. Lucaset al. / Journal of Empirical Finance 9 (2002) 1-34

Table 1
Summary statistics for cross-sectional coefficients

%>0 Mean Std Median AR1 cl
Monthly horizon, n= 181
Size 575 0.16 1.32 0.20% 0.13° 117
B/P 53.0 0.10 0.84 0.05 —0.00 0.98
Quarterly horizon, n= 60
Size 56.7 0.16 2.74 0.582 -0.25 0.90
B/P 51.7 0.42 214 0.08 0.10 111
Semi-annual horizon, n= 30
Size 433 -0.29 3.99 —0.512 —045 0.71
B/P 50.0 1.59 7.94 —0.15% -0.10 142
Annual horizon, n= 15
Size 333 —1.69° 352 —0.672 0.41 1.33
B/P 46.7 117 6.90 —0.402 0.18 1.00

This table contains summary statistics of cross-sectional regressions of returns on Size and B /P, see
Eqg. (1). The results are presented for four data frequencies, with n denoting the number of
cross-sections for each frequency. The second column gives the percentage of positive coefficients
(%> 0). The columns labeled Mean, Std and Median give the time-series average, the standard
deviation and median of the estimated coefficients, respectively. The column labeled AR1 gives the
first order autocorrelation. The column labeled CJis the Cowles and Jones (1937) test statistic based on
the signs of the coefficients. Under the null of no sign predictability, the statistic should be equal to 1.
Significance of the statistics in this table at the 1%, 5%, and 10% level is indicated by 2, °, and ©,
respectively. Significance of CJ is determined using Eq. (2.2.8) in Campbell et a. (1997). For
significance of the median, we use Phillips (1991), where we estimate the coefficient’s density using a
Gaussian kerngl with bandwidth h= on~1/%, where o is the time-series standard deviation of the
coefficient, see also Silverman (1986).

promising. Given the strong variation in predictability for varying data frequen-
cies, it is important to check the robustness of subsequent results with respect to
the rebalancing period in order to prevent data snooping biases. This is done in
Section 5.

4. Modeling frameworks

Given the evidence from the previous section on potential serial correlations in
the impact of Size and B/P on returns, we now discuss alternative modeling
frameworks for capturing the time-variation in v, in Eq. (3). We distinguish
between two approaches. First, we consider simple statistical approaches like
pooling, averaging cross-sectional coefficients, and building time-series models for
the coefficients. Second, we consider a framework where time variation in the
coefficients is related to economic business cycle variables.
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4.1. Pooling

As a first approach to tackling the time variation, one can pool al available
firms and time periods 1,...,t and do a panel data analysis of Eq. (3). This
produces an estimate ¥,, which together with the firm characteristics x;, can be
used to forecast future returns. The estimate y, is indexed by time, because it
depends on the sample used (cross section 1 up to t). As more data become
available, two approaches may be followed: the new observations may be added to
the sample with or without deleting the oldest observations. If old observations are
not deleted, the sample is extended. If old observations are deleted, one uses a
rolling window to estimate ;.

The pooling approach is a valid procedure if the common risk factors f, are
serially uncorrelated with constant conditional mean f = E,_ ,( f,). In that case, we
can rewrite Eq. (3) as

Rit:Xli,t—ﬂ""éitv (4)
with y=Tf, and &,= &, +x{, ,I'(f,—f). The error term in Eq. (4) is now
heteroskedastic and cross-sectionally correlated. Consequently, the OLS estimator
for y is dtill valid, though not efficient. If E(f,) is non-constant and slowly
evolves over time, Eq. (4) can still be a useful approximative model for forecast-
ing.

An additional methodological issue concerns the elimination of redundant
variables. Starting from a regression model including both Size and B /P, we
sequentialy eliminate the variables that have absolute t-values below 1. In this
way, we hope to enhance the forecasting power of the model, as argued by
Pesaran and Timmermann (1995)*.

4.2. Averaging

A similar approach to pooling is that of time-series averaging of cross-sectional
coefficients. As in Section 3, we can estimate Eq. (3) per cross-section. Using the
estimated values ¥y, for each cross-section 1,...,t, the average effect at time t can
be computed as

t
M= L%/t (5
s=1
The value of 7, can then be used to forecast R;,. This approach is very similar
to the pooling approach and, therefore, shares the same advantages and disadvan-
tages. The main difference between the two approaches is that the pooling
approach produces biased standard errors using standard OLS results.

1 We aso performed the same analysis without eliminating variables to check for data snooping
biases, but results turned out to be very similar. See also the discussion in Section 5.
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4.3. Random walk model

The main disadvantage of both the averaging and the pooling approach is that
the coefficients are relatively rigid over time. In case of swiftly switching
coefficients t, these approaches are less suited. In a rapidly changing environment
it might be much more useful to base the current estimate of vy, to be used for
forecasting on recent data only. As an extreme, we consider a random walk
forecast, where vy, is estimated by v,_,. We then use the information in the most
recent cross-section only. This is a sensible approach if the true factor model
underlying asset returns is a standard random coefficients model,

Rii= X/i,t—ﬂ’t + git = X,i,t—lyt—l + (Eit + X'i,t—l"h) (6)

where 7, is an innovation to the random walk vy, = y,_, + n,. As demonstrated
below in Section 4.4, using the cross-sectional estimate ¥, for y,,, resultsin a
consistent predictor. As the random walk model constitutes a good benchmark
model in various fields of economics, we also incorporate it in our anaysis.

4.4. Autoregressive modeling

Both the random walk and the averaging approach can be interpreted as using a
weighted sum of past cross-sectional estimates to predict the future regression
coefficients y,. Whereas the averaging approach distributes the weight evenly over
all past cross-sections, the random walk methodology puts all weight on the most
recent cross-section only. Alternatively, both methods can be viewed as special
cases of the following scheme,

Yi=wm+ Pyt (7)

with @ = 0 for the averaging method, and @ =1 and w = O for the random walk
approach. More generally, however, one can try to estimate u and & unrestrict-
edly from the data. The principal difficulty with this is that we do not directly
observe v,, but only the cross-sectional estimates ¥,. Instead of directly incorporat-
ing Eg. (7) into Eg. (3) and doing full maximum likelihood estimation, we
consider a simpler approach. First, we estimate the parameters in Eq. (7) by OLS
using ¥, rather than v,. This gives us a biased estimate of w and &. Next, we
introduce a bias correction in order to aleviate the potential bias in the estimate of
@. The bias correction is given in Appendix A. The parameters w and & are
estimated using cross-sections 1 up to t in order to forecast v, ;.

4.5. Business cycle indicators

The approaches in the previous subsections are purely statistical. They do not
try to relate the effectiveness of investment styles and the time-variation in t to
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economic conditions. Various studies have linked macroeconomic indicators to
asset returns, e.g., Chen et al. (1986), Chen (1991) and Pesaran and Timmermann
(1994,1995). The main idea underlying these models is that differing growth
prospects and expectations on discount factors can make stock investments more
or less attractive at different points in time. Analogously, alternative investment
styles can be preferred at different points in time. If, for example, one expects an
increase in the level and slope of the term structure of interest rates, a switch from
long duration to short duration stocks can be warranted. In terms of investment
styles, this implies a switch from a growth strategy to a value strategy. Also,
macroeconomic growth prospects and the associated uncertainty might affect
different firms in different ways.

In order to capture these effects, we augment the set of regressors from x;, to
Xiy = X;; ® M,, where ® is the Kronecker product. For M,, we use a set of
business cycle predictors. In particular, M, contains a constant term, the term
spread of interest rates (Term,) and the annual growth rate in the composite index
of leading business cycle indicators (Lead, ).

An aternative interpretation of the business cycle approach is that we predict
the risk factors f, by alinear combination of M,_, (and possibly an error term).
If we let I', be a parameter matrix, we have

Ri=xXj M1 + &, (8

Ri=(M_1®X,_1) 8+, (9
where 8= ved(I',) contains the stacked columns of T',. As with the pooling
approach in Section 4.1, & can be estimated using the cross-sections 1 up to t to
forecast cross-section t + 1. Subsequently, we sequentially eliminate all regressors
with absolute t-values below 1 to enhance the forecasting powerof the model. In
this way, we obtain an estimate 6, that together with M, and x;, can be used in
Eq. (9) to forecast R, ;.

5. Results

In this section, we present the results of our empirical analysis. We first discuss
the results of a monthly rebalancing period in depth. Next, we go over the results
for longer holding periods. Finally, we discuss the robustness of the results.

5.1. Monthly returns

Each month’s end, from June 1989 onwards, we obtain forecasts of stock
returns using seven different approaches. All approaches use size and book to
market as the factors for x;, in Eqg. (3). The approaches differ in the way estimates

2 As with the pooling approach, we checked whether the results are robust with respect to the model
selection procedure. This is indeed the case.
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of v, are obtained, as discussed in Section 4. The use of different methods implies
that different parts of the data set are used to estimate the parameters. The pooling,
averaging, autoregressive, and business cycle methods employ data from June
1984 up to June 1989 to estimate the first set of parameters y,. After the end of
June 1989, the panel extends through time and each month a new estimate for vy,
is obtained. The random walk method uses previous month’s data to estimate v,
each month.

We construct portfolio returns from the forecasts for individua stock returns as
follows. First, we generate forecasts for the expected performance of each stock
and select the stocks with a positive forecasted return. We thus concentrate on
investment strategies where only long positions are allowed and absolute returns
matter. Next, we sort the forecasted returns from high to low and construct five
portfolios. Portfolio 1 contains the 20% highest predicted (positive) returns and
Portfolio 5 contains the 20% smallest (positive) returns. The stocks are equally
weighted in each portfolio. During the holding period of 1 month, the portfolios
are not rebalanced. For a fixed Size style, we use present market capitalizations
instead of predicted returns. Portfolio 1 contains the large caps, and Portfolio 5
contains the small caps. Similarly, for afixed B /P style, we use the observed B /P
ratio, sorted from high to low. Panels B through H in Table 2 contain the
investment results for the seven (possibly rotating) investment styles. Panel A
provides a benchmark for panels B through H. Note that all models so far
construct five investment portfolios based on a linear predictor of future returns.
Each linear predictor is based on Size and book-to-price as explanatory variables.
A natural benchmark, therefore, is given by the returns on portfolios based on the
best linear predictor of returns that uses these two firm characteristics. We
compute this benchmark using the standard regression model

Riy= Ao + A1, Size 1 + A (B/P)i -1 + &, (10)

where Ay, A, @nd A,, are parameters. We estimate the parameters in Eq. (10)
using cross-section t only. As before, we form five portfolios based on the
predicted positive returns, i.e., on the positive values of A, + A Size;, ; +

Notes to Table 2:

This table contains return and risk statistics for several investment strategies. Each month, we construct
five equally weighted portfolios given the return forecasts that we obtain from factor models. The
portfolios contain only stocks for which the return forecasts are positive. We use Size and book-to-
market ratios as factors. The factor loadings differ across the models. Each month, we estimate the
factor models using extending samples from June 1984 onwards. We make the first forecasts in June
1989. Panel A gives the results if we have perfect foresight on the optimal (in a linear context) factor
payoffs of Size and book-to-market. Panels B and C show the findings relating to a value and a large
cap investment style, respectively. Panels D through G show results obtained from time-dependent
models for the factor loadings, and Panel H makes use of macroeconomic variables to model the
dynamics in the factor loadings. The average and the standard deviation of the equally weighted market
index (benchmark) are 1.14 and 4.71, respectively.
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A, (B /P, instead of the true returns R;,. The returns on these five portfolios
provide insight into the maximum performance that can be attained given the

chosen set of predictors and the linear prediction framework.

Table 2

Investment results from monthly return factor models

Panel A: Perfect foresight

Panel B: Fixed B /P method

Quintile 1 2 3 4 5 1 2 3 4 5
Performance 327 252 214 172 134 127 120 097 103 121
Standard deviation 526 480 478 490 484 508 413 440 488 593
Tracking error volatility 2.08 117 104 093 107 179 114 081 088 209
Turnover indicator 324 272 253 245 288 837 753 744 788 86.6
Oth order LPM 011 010 019 026 046 050 051 053 059 047
1st order LPM 006 005 009 013 031 059 041 037 039 0.78
2nd order LPM 006 005 008 011 041 113 057 053 050 211
Panel C: Fixed Size method Panel D: Pooling method
Quintile 1 2 3 4 5 1 2 3 4 5
Performance 133 120 111 105 097 138 130 127 121 113
Standard deviation 397 459 500 519 584 383 410 434 456 470
Tracking error volatility 206 103 085 099 223 244 187 146 104 107
Turnover indicator 933 870 814 783 818 899 8l1 742 686 644
Oth order LPM 045 046 053 058 054 045 043 045 045 047
1st order LPM 069 035 034 043 090 084 064 051 036 041
2nd order LPM 210 051 039 051 216 275 169 097 049 0.62
Panel E: Averaging method Panel F: Autoregressive method
Quintile 1 2 3 4 5 1 2 3 4 5
Performance 139 133 121 125 114 147 135 132 120 111
Standard deviation 382 415 433 454 471 409 420 434 467 479
Tracking error volatility 243 185 146 105 107 238 169 137 108 101
Turnover indicator 89.7 808 741 684 643 568 462 415 377 368
Oth order LPM 044 043 048 045 046 038 043 043 048 051
1st order LPM 083 062 054 034 041 076 056 043 039 040
2nd order LPM 268 162 106 047 060 277 134 087 060 052
Panel G: Random walk method Panel H: Business cycle method
Quintile 1 2 3 4 5 1 2 3 4 5
Performance 142 137 132 116 115 170 148 132 121 116
Standard deviation 467 445 461 470 491 441 439 455 471 482
Tracking error volatility 267 178 135 118 097 251 185 132 114 0.99
Turnover indicator 333 276 257 245 299 739 626 580 552 530
Oth order LPM 046 043 040 048 050 040 044 045 046 047
1st order LPM 084 058 043 043 036 075 058 042 040 0.38
2nd order LPM 329 146 091 065 043 228 137 074 061 048




16 A. Lucaset al. / Journal of Empirical Finance 9 (2002) 1-34

In this paper, we focus on the economic properties of portfolios to assess which
model or forecasting method performs best. Two criteria are used. First, we
consider whether a forecasting method leads to portfolios that outperform a
reference portfolio. We use an equally weighted benchmark portfolio for this
purpose. Rebalancing of the benchmark portfolio takes place at the same moment
as used to construct the new portfolios based on the forecasting models. A
market-capitalization-weighted benchmark might be influenced by a persistent size
bias. We check the robustness of our results with respect to the choice of
benchmark later on. Second, we examine whether a monotonic relation exists

Table 3
Monthly risk analysis: market risk model
Panel A: Perfect foresight Panel B: Fixed B /P method
Quintile 1 2 3 4 5 1 2 3 4 5

Jensen's ¢ 1.77% 1.03* 0.67* 0.19 -014 -012 -014 -045 -051 -052
Market B 1.08 1.06 104 110° 107 096 091° 1.00 1.12° 1312

R? 062 073 071 075 072 053 072 076  0.78 0.73
Panel C: Fixed Size method Panel D: Pooling method
Quintile 1 2 3 4 5 1 2 3 4 5

Jensen’'s e —0.10 -030 -040 -045 -049 -002 -013 -019 -026 -—-0.32
Market B 1.01 107 109 108 104 098 101 104 105 1.03
R? 097 081 071 064 047 09 091 085 0.79 0.71

Panel E: Averaging method Panel F: Autoregressive method
Quintile 1 2 3 4 5 1 2 3 4 5

Jensen’'s o —0.01 —-0.12 -024 -023 —-0.32 0.07 -007 -011 -030 -0.37
Market B 097 103 103 105 103 098 1.00 101 107 1.05

R? 096 091 084 079 071 085 0.85 081 0.79 0.72
Panel G: Random walk method Panel H: Business cycle method

Quintile 1 2 3 4 5 1 2 3 4 5

Jensen’s @ 0.04 -0.02 -012 -0.32 -0.37 0.30° 0.05 -016 -028 -032

Market B 0.96 097 101 105 110 097 101 105 107 1.06

R? 0.63 071 072 074 074 072 079 079 0.76 0.71

This table shows the results from the regression of monthly portfolio returns on a constant and returns
on a market-capitalization-weighted market index. Estimates for the constant and slope parameters are
denoted by Jensen's o and Market B, respectively. The portfolio returns result from applying several
forecasting methods. Panels A through H relate each to a particular method. For Panels A and D
through H, the portfolios g, g=1,...,5, are obtained after ranking the positive return forecasts from a
particular method and dividing up into quintiles. Portfolio 1 is based on stocks with the strongest
ex-ante predicted outperformance. Significance is denoted by superscripts at the 1% (), 5% (®) and
10% (°) levels, where we use a one-sided test for « > 0 and a two-sided test for B # 1. The symbol R?
denotes the coefficient of determination.
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Table 4
Monthly risk analysis: the FF risk model
Panel A: Perfect foresight Panel B: Fixed B /P method
Quintile 1 2 3 4 5 1 2 3 4 5
FF 2.09° 133* 100® 052% 019° 019° 0.6 -0.18 -0.15 0.04

«

FFrm 106 1.04 1.02 1.08% 105 0.94° 0.90° 0.98 110* 1.282
FFav. 026% 021* 019° 015 011° 066% 040% 0.20* —0.05 -047°
FFeyg 0.76% 0.68* 073 071% 072* 095* 0592 0.63* 068" 0.85%

R? 0.84 0.93 0.94 0.95 0.94 0.97 0.97 0.97 0.97 0.97
Panel C: Fixed Size method Panel D: Pooling method

Quintile 1 2 3 4 5 1 2 3 4 5

FF, -0.09 -007 0.01 0.03 0.08 -007 -011 -008 -0.03 -001

FFam 1.01 1.06° 1.072 1.05% 1.00 0.98 1.01 1.03 1.04 1.01

FFamL 0.15* 0.15% 0.04 0.09® 0.312 0.18* 0.27* 029* 022% 017?
FFsve 0.09* 0.53* 0.82* 0.99* 126* -0.1 0.19* 0.36* 0.56* 0.69%

R? 0.98 095 0.97 0.99 0.93 0.98 0.96 0.94 0.95 0.93
Panel E: Averaging method Panel F: Autoregressive method

Quintile 1 2 3 4 5 1 2 3 4 5

FF, -006 -009 -013 0.00 —-0.01 0.09 0.04 0.08 —-006 -0.03

FFem 0.98° 1.02 1.03 1.04 1.01 098 1.00 1.00 1.06° 1.03

FFamL 0.18* 0.27% 0.30% 0.21* 0.19% 0.23* 0.22* 0172 0.21* 0.13?
FFsyg —0.00 0.20® 0.37% 0.56% 0.70% 0.15* 0.33* 0462 0.58%  0.722

R? 0.98 0.95 0.94 0.95 0.93 0.89 0.93 0.93 0.95 0.94
Panel G: Random walk method Panel H: Business cycle method

Quintile 1 2 3 4 5 1 2 3 4 5

FF, 0.24 0.21° 0.16 -0.02 -0.04 041° 019 0.06 0.00 0.02

FFzm 095 0.96 1.00 1.03 1.08* 0.97 1.00 104 1.05° 1.04

FFame 011 016 0172 012° 0.15% 0.18° 019 016* 014% 0128
FFgug 045% 055* 0.64% 0.65* 0.71* 031* 0.39* 052 062* 073
R? 0.73 0.86 0.91 0.93 095 0.78 0.87 0.92 0.93 0.94

This table shows the results from the regression of monthly portfolio returns on a constant (FF,) and
the Fama and French risk factors. These factors are a market return factor (FFg,,,), a return differential
of high B/P minus low B/P firms (FFy,), and a return differentia of small minus big firms
(FFgwg)- The latter two are orthogonalized with respect to (FFg,,). The portfolio returns result from
applying several forecasting methods. Panels A through H relate each to a particular method. The
Portfolios g, g=1,...,5, are obtained after ranking the positive return forecasts from a particular
method and dividing up into quintiles. Portfolio 1 is based on stocks with the strongest ex-ante
predicted outperformance. Significance is denoted by superscripts at the 1% (?), 5% (°) and 10% ()
levels, where we use a one-sided test for FF,, > 0, a two-sided test for FFg,,, # 1, and two-sided tests for
FFum. # 0 and FFgy,5 # 0. The symbol R? denotes the coefficient of determination.
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between the returns of the Portfolios 1 through 5. Both criteria are examined
before and after correcting for risk.

Panel A of Table 2 shows that the average monthly return of Portfolio 1 equals
3.27, which is substantially higher than the return on the market portfolio. The
latter equals 1.14. The results show that it can be economically useful to attempt to
forecast the time-variation in the relation between returns, Size and B /P: We now
turn to the risk characteristics, which are given in the remaining rows of Panel A.
The high return of Portfolio 1 is counterbalanced by a high standard deviation and
tracking error volatility, where the tracking error volatility is defined as the
time-series standard deviation of the difference between the portfolio’s return and
the equally weighted benchmark. The standard deviations and tracking error
volatilities for Portfolios 2 through 5 are amost equal, implying that these
portfolios can be mainly distinguished on the basis of excess returns. Standard
deviations and tracking error volatilities are symmetric risk measures. As investors
are also interested in asymmetric risk, we consider three alternative downside risk
measures. The kth order lower partial moments presented in the table are defined
as the average of |RM —R,|*- {RM <R} gover the forecast period. Here,
YR, < RM} takes the value 1 if the portfolio return R, falls below the equally
weighted benchmark return RM. Otherwise, it equals zero. For k = 0, we obtain an
estimate of the probability of shortfall with respect to the benchmark return. This
risk measure is closely related to value-at-risk, see Jorion (1996). For k=1, we
obtain expected shortfall with respect to the benchmark, and for k = 2 we obtain a
semi-tracking error volatility. Using these downside-risk measures, we see that the
higher average returns on the perfect foresight portfolios are not offset by higher
risk values. All risk measures appear roughly increasing if we shift into stocks
with smaller predicted positive returns. The turnover indicator for Portfolio 1
equals 32.4, which reveals that on average about 67.6% of the stocks are sold at
portfolio construction. The use of optima linear predictors of future returns
(perfect foresight) thus results in an active trading strategy.

Notes to Table 5:

This table contains return and risk statistics for several investment strategies. Every 3 months, we
construct five equally weighted portfolios given the return forecasts that we obtain from factor models.
The portfolios contain only stocks for which the return forecasts are positive. We use Size and
book-to-market ratios as factors. The factor loadings differ across the models. Each month, we estimate
the factor models using extending samples from June 1984 onwards. We make the first forecasts in
June 1989. Panel A gives the results if we have perfect foresight on the optimal (in a linear context)
factor payoffs of Size and book-to-market. Panels B and C show the findings relating to a value and a
large cap investment style, respectively. Panels D through G show results obtained from time-depen-
dent models for the factor loadings, and Panel H makes use of macroeconomic variables to model the
dynamics in the factor loadings. The average and the standard deviation of the equally weighted market
index (benchmark) are 3.78 and 9.57, respectively.
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Panel B shows that investing in stocks with particular B /P ratios produced
mixed results. Returns on Portfolios 1, 2 and 5 are dlightly above the benchmark
return 1.14, while the reverse holds for Portfolios 3 and 4. This points to similar

Table 5
Investment results from quarterly return factor models
Panel A: Perfect foresight Panel B: Fixed B /P method
Quintile 1 2 3 4 5 1 2 3 4 5
Performance 911 664 601 489 350 426 383 341 335 4.03
Standard deviation 116 101 969 102 950 11.3 857 863 972 118
Tracking error volatility 450 252 233 157 180 437 217 18 197 453
Turnover indicator 305 246 221 203 235 706 599 585 641 756
Oth order LPM 005 013 015 028 050 050 060 063 057 040
1st order LPM 009 012 009 021 084 129 08 080 100 171
2nd order LPM 017 023 008 023 208 609 171 275 285 10.20
Panel C: Fixed Size method Panel D: Pooling method
Quintile 1 2 3 4 5 1 2 3 4 5
Performance 417 377 345 337 412 379 356 391 336 348
Standard deviation 697 882 989 109 130 685 724 808 884 966
Tracking error volatility 443 184 146 216 486 511 366 239 169 1.60
Turnover indicator 878 768 676 622 652 641 549 497 453 414
Oth order LPM 042 045 050 055 055 040 042 040 047 050
1st order LPM 147 062 073 105 150 168 134 071 076 0.75
2nd order LPM 108 178 159 312 624 157 860 244 212 150
Panel E: Averaging method Panel F: Autoregressive method
Quintile 1 2 3 4 5 1 2 3 4 5
Performance 416 400 377 395 356 337 331 383 342 342
Standard deviation 681 705 7.60 906 894 107 873 944 930 971
Tracking error volatility 511 384 289 201 180 592 317 262 186 152
Turnover indicator 620 452 383 332 308 341 246 2.7 216 220
Oth order LPM 053 053 057 047 060 055 063 055 063 055
1st order LPM 167 130 115 071 078 232 133 097 091 081
2nd order LPM 137 764 374 165 181 230 666 327 212 172
Panel G: Random walk method Panel H: Business cycle method
Quintile 1 2 3 4 5 1 2 3 4 5
Performance 382 347 343 338 33 538 417 398 363 339
Standard deviation 875 832 883 960 951 785 805 88l 946 994
Tracking error volatility 558 3.63 255 177 224 562 392 273 208 212
Turnover indicator 339 283 250 228 261 626 516 462 426 417
Oth order LPM 045 050 055 050 063 035 042 047 053 057
1st order LPM 218 145 109 091 109 150 134 09 086 102

2nd order LPM 174 883 426 233 345 113 723 316 239 279
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findings asin Chan et al. (2000). Panel C shows that a large-Size investment style
outperformed passive index tracking, while a small-cap strategy underperformed.
Panels D through G provide evidence that it is possible to outperform the equally
weighted index using simple statistical approaches for style rotation. Except for
Portfolios 5 of the autoregressive approach (1.11) and the pooling approach (1.13),
all returns lie above the benchmark return of 1.14. The Business Cycle method in
Panel H gives the highest value added. The return on the top 20% of predicted
positive returns (Portfolio 1) clearly exceeds the return on the market index (and
al other style rotation schemes). The same holds for the next 40% of stocks

Table 6
Quarterly risk analysis: market risk model
Panel A: Perfect foresight Panel B: Fixed B /P method
Quintile 1 2 3 4 5 1 2 3 4 5
Jensen's @ 3.81* 151° 095 -062 -173 -063 —-078 —-139 —19 -216
Market B 1.27 122 119 134* 125" 114 106 112 127° 155
R? 054 066 0.69 0.77 0.78 045 068 075 077 0.79
Panel C: Fixed Size method Panel D: Pooling method
Quintile 1 2 3 4 5 1 2 3 4 5

Jensen’'s e —033 —-123 -191 -19 -146 -057 -091 -0.80 —-163 -—165
Market B 102 1.18° 129 1.28° 136 098 101 1.09 117¢ 1.22°
R? 097 081 0.77 0.62 0.50 092 087 082 0.79 0.71

Panel E: Averaging method Panel F: Autoregressive method
Quintile 1 2 3 4 5 1 2 3 4 5

Jensen's ¢ —0.06 —033 -069 —-113 -126 —146 —137 —-105 —-162 -—-174
Market B 093 097 101 1.20° 112 112 108 114 119 1.23°
R? 084 084 0.79 0.79 0.71 049 068 065 0.73 0.72

Panel G: Random walk method Panel H: Business cycle method
Quintile 1 2 3 4 5 1 2 3 4 5

Jensen's « —1.07 —141 -157 —-183 -—-180 149° -015 -086 —144 -—1.86
Market B 114 1.14°  117° 124> 122° 0.83 096 113 120 1.26°
R? 0.77  0.85 0.80 0.76 0.74 0.50 064 074 073 0.72

This table shows the results from the regression of quarterly portfolio returns on a constant and returns
on an market-capitalization-weighted market index. Estimates for the constant and slope parameters are
denoted by Jensen’s « and market B, respectively. The portfolio returns result from applying several
forecasting methods. Panels A through H relate each to a particular method. For Panels A and D
through H, the portfolios g, g=1,...,5, are obtained after ranking the positive return forecasts from a
particular method and dividing up into quintiles. Portfolio 1 is based on stocks with the strongest
ex-ante predicted outperformance. Significance is denoted by superscripts at the 1% (?), 5% (®) and
10% (°) levels, where we use a one-sided test for « > 0 and a two-sided test for B # 1. The symbol R?
denotes the coefficient of determination.
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Table 7
Quarterly risk analysis: the FF risk model
Panel A: Perfect foresight Panel B: Fixed B /P method
Quintile 1 2 3 4 5 1 2 3 4 5
FF, 5.44% 287% 207% 054" -062 077° 004 —-045 -049 -0.10
FFrm 1.17 114°  113° 1278 1.18% 1.06 101 1.06 1192 1432
FF,v. 0.25° 0.12 0.19° 0.14% 0.09 0612 0.35% 0.17% —0.12° —0572
FFgug 0.98% 0.77% 0.68* 0.68% 0.62% 1.04* 0.60% 0.58% 0.70* 0.792
R? 0.87 0.92 0.93 0.97 0.96 0.97 0.98 0.97 0.97 0.97
Panel C: Fixed Size method Panel D: Pooling method
Quintile 1 2 3 4 5 1 2 3 4 5
FF, -026 -029 -057 —000 091° -—034 -040 0.05 -0.68 —0.39
FFam 1.02 1128 1212 1.172 1.222 0.96 098 104 1128 1.142
FF.  010%° 007 002 004 021° -004 005 005 0.13* 013°
FFsus 0.08* 053* 071* 1.04* 1.35% 0.10°  0.30% 0472 0.56% 0.72%
R? 0.99 0.96 0.97 0.99 0.96 0.92 0.95 0.96 0.98 0.96
Panel E: Averaging method Panel F: Autoregressive method
Quintile 1 2 3 4 5 1 2 3 4 5
FF, -019 -017 -012 -041 -029 -047 -052 -001 -053 -052
FFam 0.94 0.96 0.97 116% 1.06 1.07 1.03 1.08 1128 1.16°
FFamL 0.28% 029% 0212 025% 024® 037° 024° 031* 017% 0172
FFsus 0.07 0.228 040 051 063* 071* 057* 0.70* 0.66* 0.73°
R? 0.90 0.96 0.96 0.97 0.97 0.74 0.90 0.95 0.97 0.98
Panel G: Random walk method Panel H: Business cycle method
Quintile 1 2 3 4 5 1 2 3 4 5
FF, -081 —-069 -048 -055 -044 198> 078 0.16 —-0.08 —040
FFam 113 110 111°  117* 114" 0.80° 091  1.07 112> 1172
FFamL 006 —-0.02 -0.04 0.03 -—-0.04 028° 0.08 0.06 -002 -0.02
FFsus 0.17 0.36* 0.54* 0.68* 0.69% 0.40* 053* 0.56% 0712  0.76%
R? 0.79 0.92 0.95 0.96 0.95 0.67 0.83 0.91 0.94 0.95

This table shows the results from the regression of quarterly portfolio returns on a constant (FF,) and
the Fama and French risk factors. These factors are a market return factor (FFg,,,), a return differential
of high B/P minus low B/P firms (FFy,), and a return differentia of small minus big firms
(FFgwg)- The latter two are orthogonalized with respect to (FFg,,). The portfolio returns result from
applying several forecasting methods. Panels A through H relate each to a particular method. The
Portfolios g, g=1,...,5, are obtained after ranking the positive return forecasts from a particular
method and dividing up into quintiles. Portfolio 1 is based on stocks with the strongest ex-ante
predicted outperformance. Significance is denoted by superscripts at the 1% (?), 5% (°) and 10% ()
levels, where we use a one-sided test for FF,, > 0, a two-sided test for FFg,,, # 1, and two-sided tests for
FFum. # 0 and FFgy,5 # 0. The symbol R? denotes the coefficient of determination.
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(Portfolios 2 and 3). Moreover, the returns are monotonically decreasing from
Portfolio 1 through 5: weaker ex-ante predicted winners also show a weaker
ex-post performance. The return of Portfolio 1 vis-avis Portfolio 5 for Panel H is
not offset by a corresponding increase in risk if we consider standard deviations or
the probability on a negative tracking error. The risk only shows if we consider
tracking errors or lower partial moments of orders 1 and 2.

To test whether the forecasting power of Size and B /P as shown in Panel A of
Table 2 generates significant risk-corrected excess returns, we use the following
test. We perform a time-series regression of the portfolio returns on a constant and
the return of a market index. This is the standard market model, where, in general,
the constant and slope parameter are denoted by Jensen’s « and the market 3,
respectively. Following the standard approach, see for example Lewellen (1999),
we use a market capitalization weighted index return. The parameter estimates are
given in Panel A of Table 3. The table also contains the test results for the null
hypotheses that « > 0 (one-sided) and B # 1(two-sided). The results indicate that
Jensen’s « remains significantly positive for Portfolios 1 through 3 in Panel A
after correcting for market risk. The market B's are higher than 1, but only for
Portfolio 4 the difference is significant. Panels B through G of Table 3 show no
evidence of significant risk-corrected excess returns. All «’s are negative, except
for Portfolio 1 in Panels F and G. For Panel H, most conclusions remain similar.
The risk-corrected return of « = 0.30 is statistically significant at the 10% level. It
is the only statistical significant entry for « in the table besides Panel A. Again,
a’sin Panel H gradually decline if the ex-ante predicted performance of the stocks
is weaker. With a few exceptions, the R*'s of the market model are generally
relatively high, indicating that the model captures an important part of the
variation in portfolio returns.

The market model is only one of the many potential risk models that explain
return differentials. The three-factor model of Fama and French (1993) is another
well-known model, see, e.g., Daniel and Titman (1997) and Lewellen (1999). The
risk factors in this model are (i) a market return factor (FFg,,); (i) a return
differential of a portfolio consisting of high B /P stocks minus a portfolio of low

Notes to Table 8:

This table contains return and risk statistics for several investment strategies. Every 6 months, we
construct five equally weighted portfolios given the return forecasts that we obtain from factor models.
The portfolios contain only stocks for which the return forecasts are positive. We use Size and
book-to-market ratios as factors. The factor loadings differ across the models. Each month, we estimate
the factor models using extending samples from June 1984 onwards. We make the first forecasts in
June 1989. Panel A gives the results if we have perfect foresight on the optimal (in a linear context)
factor payoffs of Size and book-to-market. Panels B and C show the findings relating to a value and a
large cap investment style, respectively. Panels D through G show results obtained from time-depen-
dent models for the factor loadings, and Panel H makes use of macroeconomic variables to model the
dynamics in the factor loadings. The average and the standard deviation of the equally weighted market
index (benchmark) are 7.58 and 10.51, respectively.
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B /P stocks (FF,,,, ) and (iii) areturn differential of a portfolio consisting of small
stocks minus a portfolio consisting of big stocks (FFg,). The latter two are
orthogonalized with respect to FFg,,,. Asin Lewellen (1999), al these portfolios

Table 8

Investment results from semi-annual return factor models

Quintile

Panel A: Perfect foresight

Panel B: Fixed B /P method

1 2 3 4 5

1 2 3 4 5

Performance
Standard deviation

Tracking error volatility

Turnover indicator

190 114 961 817 731
165 98 913 103 101
103 405 298 281 343
102 100 90 94 158

883 748 698 686 7.74
147 101 944 970 130

698 310 252 25 6.98
509 488 469 524 647

Oth order LPM 010 015 025 050 050 045 055 060 060 040

1st order LPM 012 026 024 08 156 221 133 114 141 266

2nd order LPM 018 089 049 258 727 164 375 513 526 259
Panel C: Fixed Size method Panel D: Pooling method

Quintile 1 2 3 4 5 1 2 3 4 5

Performance 812 720 621 577 106 739 681 726 639 740

Standard deviation

Tracking error volatility

Turnover indicator

713 895 106 120 171
569 295 216 258 861
824 680 560 487 508

136 112 105 997 103
947 605 314 212 268
385 284 248 257 290

Oth order LPM 045 040 070 080 045 045 055 045 070 045
1st order LPM 163 130 177 223 177 389 265 149 150 117
2nd order LPM 13.3 578 555 833 110 469 219 6.24 525 4.00
Panel E: Averaging method Panel F: Autoregressive method
Quintile 1 2 3 4 5 1 2 3 4 5
Performance 930 841 745 739 686 129 982 841 798 6.92
Standard deviation 13.0 960 101 110 104 152 116 944 104 101

Tracking error volatility

Turnover indicator

10.4 512 355 306 223
368 234 181 179 172

842 375 404 252 259
324 198 169 161 172

Oth order LPM 040 045 050 040 070 030 035 055 040 0.65
1st order LPM 347 165 139 124 134 110 059 117 088 138
2nd order LPM 446 107 779 555 352 598 161 367 25 477
Panel G: Random walk method Panel H: Business cycle method
Quintile 1 2 3 4 5 1 2 3 4 5
Performance 682 693 663 598 610 122 931 726 624 554

Standard deviation

Tracking error volatility

Turnover indicator

11.8 104 106 101 105
767 472 328 231 281
150 126 112 129 20.7

10.1 920 931 948 102
751 429 301 345 347
397 306 261 253 250

Oth order LPM 060 060 075 075 070 030 050 060 070 0.65
1st order LPM 334 199 18 200 200 074 077 129 218 265
2nd order LPM 327 126 703 691 805 228 172 536 105 141




24 A. Lucaset al. / Journal of Empirical Finance 9 (2002) 1-34

Table 9
Semi-annual risk analysis: market risk model
Panel A: Perfect foresight Panel B: Fixed B /P method
Quintile 1 2 3 4 5 1 2 3 4 5
Jensen's @ 959° 298 115 —-103 —-165 —-077 -—-147 -216 -—247 -385
Market B 110 093 094 106 102 112 102 105 108  145°
R? 023 046 054 053 052 029 051 062 063 064
Panel C: Fixed Size method Panel D: Pooling method
Quintile 1 2 3 4 5 1 2 3 4 5

Jensen’'s ¢ —051 —-170 —-325 —-486 —-039 —-351 —-346 —-228 —236 —153
Market B 0.97 101 1.10 1.29 1.36 133 1.23 111 0.99 1.02

R? 094 065 055 059 032 049 061 056 049 049
Panel E: Averaging method Panel F: Autoregressive method

Quintile 1 2 3 4 5 1 2 3 4 5

Jensen’'s @ 203 0.22 —-147 —-296 -—-262 208 018 -002 —-130 -235

Market B 075  0.90 102 125 111 132 113 094 107 107

R? 016 043 050 065 057 039 048 050 053 057
Panel G: Random walk method Panel H: Business cycle method

Quintile 1 2 3 4 5 1 2 3 4 5

Jensen’'s @ —3.99 —-353 —375 —355 —337 542° 067 —-228 —291 -373

Market B 132 126 125 111 111 067 097 112 105 107

R? 062 073 071 061 056 022 056 073 062 055

This table shows the results from the regression of semi-annual portfolio returns on a constant and
returns on an market-capitalization-weighted market index. Estimates for the constant and slope
parameters are denoted by Jensen's « and Market B, respectively. The portfolio returns result from
applying several forecasting methods. Panels A through H relate each to a particular method. For
Panels A and D through H, the portfolios g, q=1,...,5, are obtained after ranking the positive return
forecasts from a particular method and dividing up into quintiles. Portfolio 1 is based on stocks with
the strongest ex-ante predicted outperformance. Significance is denoted by superscripts at the 1% (),
5% (°) and 10% (°) levels, where we use a one-sided test for a > 0 and a two-sided test for g # 1.
The symbol R? denotes the coefficient of determination.

are value weighted®. The results in Panel A of Table 4 indicate that not only a
market risk factor, but also the size and book-to-market risk factors capture
variation in the portfolio returns. We test whether the factor loading of FFg,, is

% The general conclusions on the stability and robustness of the excess (risk-corrected) returns on the
business cycle style rotation scheme remain unatered if we use equaly weighted rather than
value-weighted indices. This aso holds for the conclusions on the non-robustness of the aternative
style rotation schemes.
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Table 10
Semi-annual risk analysis: the FF risk model
Panel A: Perfect foresight Panel B: Fixed B /P method
Quintile 1 2 3 4 5 1 2 3 4 5
FF, 1278 5.422  3.31% 0.87 0.61 115° -042 -0.33 0.27 0.19
FFem 0.88 0.76° 0.79° 0.93 0.86 0.99 0.95 0.92 0.89° 1.16

FFame 028 —-0.01 -0.00 0.14 0.02 0.632 0.35° 0.07 -0.16* —0.59%
FFgug 1162 0.74* 066% 0.68* 0.70* 1.03% 057 061 073 084°

R? 0.70 0.86 092 091 0.87 0.99 0.96 0.95 0.98 0.93
Panel C: Fixed Size method Panel D: Pooling method

Quintile 1 2 3 4 5 1 2 3 4 5

FF, -025 0.00 -065 —1.60 339® -077 -051 -000 0.25 0.60

FFgm 0.95 0.89 0.92 1.06 1.09 114 1.02 095 080° 0.86

FRamL 0.05 0.03 —000 -011° 0.34° -031 -033° 003 0.02 0.12

FFswe 0.12% 0.54* 0.80® 0.93* 1.40% 063" 068 0.72% 082% 0.74%

R? 097 0.92 0.95 097 0.93 0.61 0.83 090 0.97 0.92
Panel E: Averaging method Panel F: Autoregressive method

Quintile 1 2 3 4 5 1 2 3 4 5

FF, 141 0.74 0.32 -095 -005 389° 239° 135 0.90 -0.05

FFrm  0.79 0.86 0.89 110 092 119 0.97 0.84 0.92 0.91

FFav. 0.87% 042% 0.17° 0.05 -0.02 037 0.15 0.18 0.09 0.01

FFgug 041° 045* 0.67° 0.65* 0.77% 0.81* 0.78% 0.55* 0.74% 0.717

R? 0.72 0.86 0.90 0.92 095 0.73 0.88 0.84 0.93 0.93
Panel G: Random walk method Panel H: Business cycle method

Quintile 1 2 3 4 5 1 2 3 4 5

FF, -323 -200 -127 -131 -096 6.03* 236" -071 -113 -142

FFam 1.27 1.15 1.07 0.95 093 0.63° 0.85 1.00 0.93 0.91

FFamL 0.15 0.00 —-015° 0.01 001 045° 004 0.03 0.04 -0.01

FFsus 0.34 047 066 0.70* 0.75* 0.50° 055% 0.51* 0572 0.70%

R? 0.71 0.88 0.95 0.95 091 0.70 0.83 0.95 0.89 0.89

This table shows the results from the regression of semi-annual portfolio returns on a constant (FF,)
and the Fama and French risk factors. These factors are a market return factor (FFg,,), a return
differential of high B /P minus low B /P firms (FF,,, ), and a return differential of small minus big
firms (FFgyg). The latter two are orthogonalized with respect to (FFg,,). The portfolio returns result
from applying several forecasting methods. Panels A through H relate each to a particular method. The
Portfolios g, g=1,...,5, are obtained after ranking the positive return forecasts from a particular
method and dividing up into quintiles. Portfolio 1 is based on stocks with the strongest ex-ante
predicted outperformance. Significance is denoted by superscripts at the 1% (?), 5% (°) and 10% ()
levels, where we use a one-sided test for FF,, > 0, a two-sided test for FFg,,, # 1, and two-sided tests for
FFum. # 0 and FFgy,5 # 0. The symbol R? denotes the coefficient of determination.
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different from one and whether the factor loadings of FF,, and FFy,; ae
significantly different from zero. All three tests are two-sided. Tests on FF,> 0
are again one-sided. Most parameter estimates in Panel A, including the risk-cor-
rected returns FF,, are significant at the one percent level. The coefficient of
determination ranges from 0.84 for Portfolio 1 to 0.95 for Portfolio 4, which
suggests a good fit of the model. Thisis in accordance with expectations, as Panel
A assumes optimal linear predictors are used, i.e., perfect foresight regarding the
optimal factor loadings A;, in Eqg. (10). Under less than perfect foresight, Panels B
through H show that most FF,s are insignificant or negative. There are three
exceptions with respect to significance of FF,. Investing in the 20% stocks with
the highest B /P values generated significant risk-corrected returns. Also Portfolio
2 of the Random Walk model leads to a significant FF,. Both of these did not
show up under the aternative risk correction in Table 3. Finally, the top quintile
(Portfolio 1) of the Business Cycle approach generates a statistically significant
FF,. Thisis robust to the way of risk-correction, compare Table 3. Note that both
the Jensen's a’s and the FF,s for the Business Cycle model are substantially
higher than those of the other models (excepting Panel A). Moreover, the
coefficients of FFg, 5 and FF,,, differ substantialy across models. We conclude
that the Business Cycle method generates the best overall performance before and
after risk correction. The difference between the perfect foresight setting and the
other models remains relatively large. Hence, only a limited fraction of the
variation in the effects of Size and B /P can be forecasted by our approaches.

5.2. Quarterly returns

Table 5 provides the results when rebalancing takes place after a buy and hold
period of 3 months. The methodology and structure of the tables for quarterly
returns are similar to those for monthly returns. Panel A of Table 5 shows that
perfect (linear) forecasting skills with respect to the (linearly) optimal loadings A;,
on Size and B/M is highly rewarding for the 3-month investment horizon. The
return on Portfolio 1, for example, is about 533 basis points higher than that on an

Notes to Table 11:

This table contains return and risk statistics for several investment strategies. Every 12 months, we
construct five equally weighted portfolios given the return forecasts that we obtain from factor models.
The portfolios contain only stocks for which the return forecasts are positive. We use Size and
book-to-market ratios as factors. The factor loadings differ across the models. Each month, we estimate
the factor models using extending samples from June 1984 onwards. We make the first forecasts in
June 1989. Panel A gives the results if we have perfect foresight on the optimal (in a linear context)
factor payoffs of Size and book-to-market. Panels B and C show the findings relating to a value and a
large cap investment style, respectively. Panels D through G show results obtained from time-depen-
dent models for the factor loadings, and Panel H makes use of macroeconomic variables to model the
dynamics in the factor loadings. The average and the standard deviation of the equally weighted market
index (benchmark) are 17.57 and 9.65, respectively.



A. Lucaset al. / Journal of Empirical Finance 9 (2002) 1-34 27

equally weighted portfolio. The average returns on Portfolios 2 through 4 are
higher than that on the benchmark portfolio and gradually decline, while the return
for Portfolio 5 falls short of the benchmark. The standard deviations of the
portfolios are higher than that of the benchmark portfolio, except for Portfolio 5

Table 11
Investment results from annual return factor models
Panel A: Perfect foresight Panel B: Fixed B /P method
Quintile 1 2 3 4 5 1 2 3 4 5
Performance 365 254 175 154 143 185 159 168 173 194
Standard deviation 135 123 135 104 125 138 117 101 795 136
Tracking error volatility 7.43 532 6.02 435 457 742 534 275 370 1041
Turnover indicator 138 133 154 164 164 483 408 379 434 523
Oth order LPM 000 010 060 060 060 050 070 050 050 040
1st order LPM 000 020 213 314 367 270 287 159 163 349
2nd order LPM 000 041 121 177 289 222 180 518 7.70 401
Panel C: Fixed Size method Panel D: Pooling method
Quintile 1 2 3 4 5 1 2 3 4 5
Performance 170 146 126 135 300 260 202 177 144 139
Standard deviation 824 942 833 118 143 139 127 135 104 117
Tracking error volatility 523 187 363 279 727 872 556 509 275 315
Turnover Indicator 791 620 500 418 405 334 235 189 183 207
Oth order LPM 050 100 090 09 010 030 030 060 080 090
1st order LPM 250 298 527 417 013 067 104 179 333 400
2nd order LPM 138 120 350 233 017 212 404 990 167 212
Panel E: Averaging method Panel F: Autoregressive method
Quintile 1 2 3 4 5 1 2 3 4 5
Performance 233 204 165 163 178 230 180 165 138 133
Standard deviation 151 122 119 129 134 197 130 117 9.78 741
Tracking error volatility 10.0 592 455 400 520 149 693 403 263 417
Turnover indicator 340 208 165 160 142 221 166 162 185 205
Oth order LPM 020 020 050 070 060 040 030 060 090 0.70
1st order LPM 201 098 219 249 177 363 256 236 38 461
2nd order LPM 225 6.27 138 111 756 385 271 107 204 331
Panel G: Random walk method Panel H: Business cycle method
Quintile 1 2 3 4 5 1 2 3 4 5
Performance 325 232 170 139 129 275 205 170 152 136
Standard deviation 164 141 112 111 945 158 121 9.77 104 108
Tracking error volatility 11.0 598 382 284 4.06 101 574 302 261 236
Turnover indicator 162 149 144 144 152 250 166 140 119 141
Oth order LPM 000 030 060 090 09 020 030 040 070 0.0
1st order LPM 000 027 183 374 471 018 061 148 275 404

2nd order LPM 000 036 901 209 365 016 171 563 112 205
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again. Downside-risk measures are increasing in the portfolio number, with the
exception of Portfolio 3. The turnover indicator shows that 30.5% of Portfolio 1 is
not sold on average. This figure is lower for the other portfolios.

In Panels B through G, 12 out of 30 portfolios outperform the benchmark return
of 3.78%. By far the largest outperformance, however, is generated by Portfolio 1
in Panel H. Thisis consistent with the earlier results for monthly data. Again, we
also find a monotonic relation across the returns of five portfolios for the Business
Cycle model. The only other method satisfying this criterion for quarterly data is
the Random Walk method. Consistent with the monthly results, the standard
deviation and Oth order lower partial moment for Panel H as measures of risk
generaly decrease with the stated return, whereas the converse holds for the
tracking error volatility and the lower partial moments of orders 1 and 2.

As before, we also consider risk-corrected returns using both the market model
and the three factor Fama and French model. The results are in Tables 6 and 7,
respectively. The Jensen’s «’s in Panel A of Table 6 are only positive and
significant for Portfolios 1 and 2. Perfect foresight about the optimal linear
loadings for Size and B /P would lead to significant average returns only for clear
predicted winners. In the remaining panels, only Portfolio 1 for Panel H generates
a significantly positive Jensen's «. This corroborates the results for monthly
holding periods. The positive a comes with a market B that is insignificantly
below 1. By contrast, fixed B /P and Size strategies (Panels B and C) typically
come with market B's exceeding 1. Table 7 gives the FF,s. Panel A illustrates
that perfect foresight on the optimal loadings of Size and B /P would lead to
significantly positive risk-corrected returns for four out of five portfolios. Panels B
and C show that for quarterly data we obtain the familiar pattern documented in
the literature: high B /P and small Size strategies outperform the benchmark after
correcting for risk. The reported FF,s are, however, much lower than for the
Business Cycle approach if we concentrate on the clearest predicted winners, i.e.,
Portfolio 1 for Panels B and H and Portfolio 5 for Panel C. Moreover, it is
interesting to note that Panel H now has three positive entries, although only oneis
statisticaly significant. Only Panel B has two positive entries, one of which is
very close to zero (0.04). It is also interesting to see that the factor loadings are
very different between the portfolios with significant FF,s. The fixed B /P and
Size strategies come with market B’s (FFg,) of 1.06 and 1.22, respectively.
These exceed unity. By contrast, the Business Cycle approach generates a market
B that is significantly below 1. Also the loadings on the other risk factors,
especidly FFq, g, differ substantialy. The fit of the risk model for Portfolio 1 in
Panel H is not as good as for the fixed investment styles, suggesting that there may
be another risk factor that is not accounted for in the FF framework.

5.3. Semi-annual and annual returns

Tables 8, 9 and 10 show return statistics and risk measures for portfolios that
are actively rebalanced twice a year using one of our forecasting methods.
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Similarly, Tables 11, 12 and 13 present the results for annual holding periods. As
before, the only modeling approach showing a consistent behavior across rebalanc-
ing periods and methods for risk-correction is the Business Cycle approach. The
clear predicted winners (Portfolio 1 of Panel H) show significant excess return
before and after risk-correction. Moreover, ex-post performance declines if the
portfolio contains stocks with a weaker ex-ante predicted performance. Again, the
market B for Portfolio 1 in Panel H is below unity. Finally, the R?'s of the
Fama—French factor model regressions (Tables 10 and 13) are substantially lower
for the Business Cycle model than for the fixed-Size and fixed-B /P strategies,

Table 12
Annual risk analysis: market risk model
Panel A: Perfect foresight Panel B: Fixed B /P method
Quintile 1 2 3 4 5 1 2 3 4 5
Jensen's @ 2292 10.1° —244 015 —-359 358 012 227 234 1.74
Market B 063 0.75 112 0.75 096 0.72 080 0.70 0.73 0.94
R? 020 034 064 048 053 025 043 042 071 0.44
Panel C: Fixed Size method Panel D: Pooling method
Quintile 1 2 3 4 5 1 2 3 4 5
Jensen’'s @ 0.65 —043 —102 -374 145° 702 428 012 —-203 -184
Market B 0.84° 0.73 0.63 091 077 104 081 0% 0.84 0.79
R? 0.93 054 0.49 052 027 048 035 043 0.59 0.40
Panel E: Averaging method Panel F: Autoregressive method
Quintile 1 2 3 4 5 1 2 3 4 5
Jensen's a 7.14 345 232 -073 118 101 009 -016 -187 0.27
Market B 0.82 0.88 0.67 0.89 0.86 128 096 0.86 0.78 0.58°
R? 026 045 0.28 0.43 0.38 037 046 0.49 0.58 0.53
Panel G: Random walk method Panel H: Business cycle method
Quintile 1 2 3 4 5 1 2 3 4 5
Jensen's . 17.2° 7.04 212 —235 —138 126° 393 206 -051 -254
Market B 0.76 0.82 0.72 0.83 068 0.73 086 0.73 0.79 0.82
R? 019 031 0.39 0.51 044 019 046 051 0.52 0.51

This table shows the results from the regression of annual portfolio returns on a constant and returns on
an market-capitalization-weighted market index. Estimates for the constant and slope parameters are
denoted by Jensen's o and Market B, respectively. The portfolio returns result from applying several
forecasting methods. Panels A through H relate each to a particular method. For Panels A and D
through H, the portfolios g, g=1,...,5, are obtained after ranking the positive return forecasts from a
particular method and dividing up into quintiles. Portfolio 1 is based on stocks with the strongest
ex-ante predicted outperformance. Significance is denoted by superscripts at the 1% (), 5% (®) and
10% (°) levels, where we use a one-sided test for « > 0 and a two-sided test for B # 1. The symbol R?
denotes the coefficient of determination.
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Table 13
Annual risk anaysis: the FF risk model
Panel A: Perfect foresight Panel B: Fixed B /P method
Quintile 1 2 3 4 5 1 2 3 4 5
FF, 21.0% 891* -—28 -016 -416 3.33° 011 151 154 -043
FFam 0.72 081 114 077 099 074> 08 0.73° 0.77°  1.05
FFyy. —0.18 0.07 0.28 0.28° 026 064 047° 0.16 -013 -0.842
FFsve 1452 1.072 0.56° 050° 0.70° 0.74* 0.40 0.782 0.58% 1157
R? 0.83 0.89 0.90 0.88 091 0.98 0.90 0.96 0.96 0.93
Panel C: Fixed Size method Panel D: Pooling method
Quintile 1 2 3 4 5 1 2 3 4 5
FF, 0.48 —-116 —-170 —-457 130* 644 277 —-139 -264 -304
FFzn,  0.85° 0.77° 066° 095 085 1.07 0.88 101 0.87 0.85
FFymL  0.03 0.06 0.03 0.16° 0.02 025 —-0.06 -0.09 0.11 0.04
FFgug 0.17° 0672 061° 085 135 071 124 1212 062° 1.06%
R? 0.97 0.92 0.85 097 087 077 0.90 0.89 0.90 0.96
Panel E: Averaging method Panel F: Autoregressive method
Quintile 1 2 3 4 5 1 2 3 4 5
FF, 6.61° 3.26 1.56 —-220 -039 -094 -103 -095 -268 -0.06

FFr, 085 089 071° 096 094 137 101 09 082  0.60°
FFyu. 053° 046° 032° -008 -012 -028 -002 010 -002 012
FFeug 0.90° 055 0922 1198 124 143° 094° 076" 068" 039°

R? 084 093 096 094 089 063 078 083 08 082
Panel G: Random walk method Panel H: Business cycle method

Quintile 1 2 3 4 5 1 2 3 4 5

FF, 146° 562% 116 —313 -209 108" 263 116 —-113 -343
FFam 089 089 077 087 071 082 092 078 08 087
FFuue —036 012 006 010 007 006 -011 -003 016 008
FFsus 1872 1312 087° 0.76° 067° 154* 102 075° 067° 0.82°
R? 085 097 084 089 081 085 08 088 093 0%

This table shows the results from the regression of annual portfolio returns on a constant (FF,) and the
Fama and French risk factors. These factors are a market return factor (FFg,,), a return differential of
high B/P minus low B /P firms (FF,, ), and a return differential of small minus big firms (FFg,g).
The latter two are orthogonalized with respect to (FFg,,). The portfolio returns result from applying
several forecasting methods. Panels A through H relate each to a particular method. The Portfolios q,
g=1,...,5 are obtained after ranking the positive return forecasts from a particular method and
dividing up into quintiles. Portfolio 1 is based on stocks with the strongest ex-ante predicted
outperformance. Significance is denoted by superscripts at the 1% (%), 5% (°) and 10% (°) levels,
where we use a one-sided test for FF, > 0, a two-sided test for FFg,, # 1, and two-sided tests for
FFum. # 0 and FFgy,5 # 0. The symbol R? denotes the coefficient of determination.
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indicating that an additional risk factor to the Fama—French model may be needed
to explain returns.

5.4. Synthesis and robustness

We conclude from the previous analyses that a rotating Size and B /P-based
investment style based on a Business Cycle approach is able to generate signifi-
cant excess returns. These returns are robust to the holding period of stocks and to
the way of risk-correction. The more conventiona fixed investment styles, like
one based on small Sizes or high B/P vaues, may also generate significant
(risk-corrected) returns, but the results are not as robust to the way of risk-correc-
tion or the choice of holding period. Purely statistical approaches to style rotation
are not very promising: they either underperform with respect to the benchmark, or
the detected outperformance is (more than) offset by an increase in risk.

In order to check the robustness of the Business Cycle approach further, we
also used a market-capitalization-weighted index. In addition, Portfolios 1 through
5 were constructed using market-capitalization weights. This is somewhat more in
line with the way how portfolios are constructed in practice. The results (not
reported here) are robust to this change. Clear predicted ex-ante winners using the
Business Cycle approach generate significant excess returns, irrespective of the
market model or FF way of risk correction. The results are consistent across
holding periods, except for annual frequencies. For annual rebalancing, the excess
(risk-corrected) return is still positive, but may become insignificant. This may,
however, be due purely to the limited number of annual observations (Eq. (10))
given our data set.

As indicated in Section 3, outliers may be a potential hazard in analyses with
this type of data. In order to check for the sensitivity of the results to outliers, we
cross-sectionally Winsorized Size and B /P values. This means that we define
boundary values for each variable and cross section. The boundaries equa the
cross-sectional median plus or minus four times a robustly estimated standard
deviation. If an observation falls above the upper or below the lower boundary,
respectively, it is reset to the boundary value. This mitigates the potential bias of
outliersin a standard regression setting, see for example Hampel et al. (1986). The
returns are not Winsorized. Again, the results are robust: clear predicted winners
using the Business Cycle style rotation scheme show a consistent and robust
excess performance across holding periods and ways of risk-correction.

6. Concluding remarks
This paper develops a framework for capturing the time-varying impact of firm

characteristics like size and book-to-price on excess returns. We showed that both
the magnitude and direction of this impact displayed considerable time-variation.
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Using standard statistical techniques, however, did not help in predicting the future
direction of impact. By contrast, by linking the impact to macroeconomic condi-
tions through the term structure and a business cycle leading indicator, we found
significant and robust excess returns to portfolios of clear predicted winners. The
returns were robust to various ways of risk-correction, choice of holding period,
way of portfolio construction, and outlier control. Standard small-Size and high
book-to-market investment strategies were not robust in this respect. Our results
add a further dimension to the current anomaly versus risk compensation debate
for explaining reported excess returns from Size and book-to-market investment
strategies. In particular, by allowing for rotating investment styles over time, we
examine whether the excess returns are in effect the manifestation of a more
dynamic asset pricing model. The robustness of the resulting excess returns on a
rotating investment scheme that is consistent with such a dynamic asset pricing
model, contrasts with the less robust patterns found for conventional Size and
book-to-market investment strategies.
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Appendix A. Bias correction for Section 4.4

Here, we derive the bias correction for the autoregressive modeling approach of
Section 4.4. Note that if we write 3, = v, + &, with & and 7, uncorrelated
zero-mean random variables, one easily derives the following relations. For @, we
have

® = Cov(v,,vi-1) [Cov(m-1)] (A1)

By contradt, if & isthe parameter in the model with al v,'s replaced by ¥,’s,
we have

~ ~ A ~ 1 — -1

b= COV(%'%—l)[COV( 71—1)] = Cov(¥;,Yi-1) [COV( Yi-1) + \/t—l]

= dCov(y,_ ) [Cov(yi 1) +Yi ] (A2)
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where
L= L oou(&)/(t-1). (h3)

Note that the persistency in v, is generally under-estimated if @& is estimated
based on y,. The numerators in Egs. (A1) and (A2) are the same, while the
denominator in Eq. (A2) islarger. Note that &, can be interpreted as the estimation
error of y,. Using standard asymptotic theory, it follows that ni/?(y, — v, is
(asymptotically) normally distributed with mean zero and covariance matrix V,.
Here, n, is the number of firms in cross-section t. The covariance matrix V, is
estimated consistently by the OLS covariance matrix of ¥, and can be dlrectly
plugged into Eq. (A3). Using the estimates of V,_, and &,, we can rewrite Eq.
(A2) to obtain the following bias-corrected estimate of @,

~ ~ ~ ~ — 1-1

&, = dCov( Vt—l)[cov(%—l) _Vt—l] , (A4)
where we have used the equality Cov(y, _,) = Cov(yt )+ V,_, to substitute the
unobserved Cov(vy,_,) by the observed Cov(¥y,_,) — V,_,. Note that the estimate

@, of @ dependson t, i.e, on the time the forecast is made Thisimplies that the
parameter estimates of the autoregressive model (A1) are updated recursively as
the forecasting period progresses. Given @&, the constant term in Eq. (7) is
estimated as

t—-1
= Z(:)\/s_ q’i)t”)\’s—l)/(t_ 1).
s=1

Also note that the bias correction is quite small if the cross-sectional dimension
is sufficiently large. This is due to the fact that the cross-sectional estimators are
consistent, such that the measurement error problem and associated bias disappear
if the cross-sectional dimension grows indefinitely.
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