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Abstract

This paper investigates the question whether individual stock momentum in Europe is subsumed
by country or industry momentum. We introduce a portfolio-based regression approach, which
directly allows to test hypotheses about the existence and relative importance of multiple effects
(e.g., momentum, value, and size), even when only a moderate number of stocks are available. Our
results suggest that the positive expected excess returns of momentum strategies in European stock
markets are primarily driven by individual stock effects, while industry momentum plays a less
important role and country momentum is even weaker. These results are robust to the inclusion of
value and size effects.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Stock return continuation on horizons between 6 and 12 months has been documented
for the United States, Europe, and emerging markets (see, e.g., Jegadeesh and Titman,
1993, Rouwenhorst, 1998, and Rouwenhorst, 1999b, respectively). Several authors have
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recently investigated the sources of this stylized fact, also known as the momentum effect.
The ambiguity in the empirical findings has kept the debate about the sources of the
momentum effect lively. For example, Moskowitz and Grinblatt (1999) claim that industry
effects are almost solely responsible for the momentum effect in the United States, while
Grundy and Martin (2001) report that industry momentum and individual stock momen-
tum are distinct phenomena. In addition, a 6-month momentum effect on a country index
level is found by Chan et al. (2000), while Richards (1997) suggests there is no medium
term country momentum effect. It is still an open question to what extent these findings on
country momentum are related to differences in industry composition of the country
indices. These issues are crucial in understanding the factors driving stock momentum and
have direct implications for the performance of investment strategies. While the latter two
papers focus on the momentum effect in an international context, the emphasis in the
literature on the determinants of the momentum effect seems to have been predominantly
directed to US stocks.

The aim of this paper is to analyze medium term return continuation in Europe in
further detail. In order to determine the source of the momentum effect in Europe, we
develop a novel regression method which enables us to distinguish between individual
stock, industry, and country effects. Our results provide evidence in the debate whether the
individual stock momentum effect is subsumed by industry or country momentum effects.
Our analysis of industry effects in Europe can be regarded as an out-of-sample test of
hypotheses that have been formulated for US data. The simultaneous inclusion of country
and industry effects sheds light on the influence of the industry composition of country
indices that seems to have been neglected in the momentum literature so far.

In the analysis of US data, possible regional effects have received little attention. For
Europe, regional effects such as country effects are clearly important; see, e.g., Rouwen-
horst (1999a). Their presence as well as the fact that for some country—industry
combinations very few observations are available requires extensions of the existing
methodology. Most analyses are based upon average returns within groups of stocks with
similar characteristics. This sorting approach assumes that stocks with similar character-
istics have identical conditional expected returns, while information regarding stocks with
other characteristics is considered irrelevant. In this paper, we present a novel regression
approach that uses characteristics of a large variety of portfolios in order to estimate the
expected returns on stocks with similar characteristics.

The regression-based approach is more convenient when we want to discriminate
between multiple effects that may be operating simultaneously. It is more general than the
sorting approaches because it enables us to incorporate information about the characteristics
of other portfolios into the estimation of the expected return of a particular stock. If one
decides not to use this additional information, the regression approach reduces to the more
familiar sorting methods. A major advantage of our regression approach is the possibility to
distinguish between a large variety of effects by imposing a parsimonious structure on the
model. The use of sorting methods in this context is limited because sorting on multiple
characteristics may lead to subportfolios with few or even no stocks. Furthermore, the
regression approach easily allows for the incorporation of other effects, in addition to the
individual, country, and industry effects. This is important because several papers claim that
expected returns on momentum strategies are related to firm size and book-to-market
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ratios.” In addition, the regression framework allows hypotheses about the relative
importance of different effects to be formulated and tested in a more natural way than
the sorting approach which basically compares average returns of sorted portfolios.

Our empirical results indicate that over the period 1990—2000, the individual component
of the momentum effect is stronger than the industry component. In economic terms,
individual momentum accounts for almost 60% of the total effect, while industries and
countries explain about 30% and 10%, respectively. Our analysis suggests that a momentum
strategy, which is diversified with respect to countries and industries, yields an expected
excess return of about 0.55% per month. Incorporating value and size effects in the model
confirms that individual momentum dominates country and industry momentum effects.
Moreover, the results indicate that momentum is most pronounced for small growth stocks.

The remainder of this paper is organized as follows. In the next section, the portfolio-
based regression approach is explained in detail. We show that by evaluating the
composition of a large variety of diversified portfolios, sorted on the basis of relevant
characteristics, one can determine which underlying factors are most important in
explaining the momentum effect. Section 3 describes the data used throughout this paper
and provides some of its stylized facts. In Section 4, we analyze the question whether
industry and country momentum exist, and whether they subsume individual momentum.
The analysis is expanded by including size and value effects in Section 5. Finally, our
conclusions are presented in Section 6.

2. A portfolio-based regression approach

The existing literature on stock selection is usually based on analyzing average returns
of portfolios grouped on the basis of one or more characteristics. For example, extensive
research has been done on the market capitalization (size), book-to-price ratio (value), and
recent past returns (momentum) of firms. These characteristics may be related, and the
excess returns on portfolios of stocks that are grouped on certain characteristics are
potentially subsumed by other characteristics. Thus, for investors, it is important to
investigate the additional value of sorting on another characteristic. In this paper, we want
to distinguish between country, industry, and individual momentum effects. In order to
understand their interdependencies, it is important to consider a model that simultaneously
allows for these effects. Unfortunately, increasing the number of sorts in a sorting context
may dramatically reduce the number of stocks in each portfolio. As a result, idiosyncratic
effects may dominate the returns of these portfolios, especially when the initial data set
contains only a moderate number of stocks.

In our approach, we explain the returns of well-diversified portfolios using regression
analysis. In such analysis, a multitude of effects can be distinguished by using the
composition of portfolios, which are sorted on at most two characteristics. By using a
portfolio-based regression technique, it is possible to determine which of the effects is
most important for the expected positive excess returns. For example, we investigate the

3 Examples of papers relating momentum to other characteristics are Hong et al. (2000), Chen (2000), and
Nagel (2001).
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relative importance of country, industry, and individual stock momentum on return
continuation. While it is not always immediately clear how to develop meaningful test
statistics when relying on sorting methods only, a variety of statistical tools can be used in
a regression framework. Test statistics are readily available and well understood in this
context. Moreover, the use of a regression framework allows us to impose a natural (e.g.,
additive) structure on the model.

The use of portfolio-based regression techniques dates back at least to Roll (1992), who
determines industry effects by a regression of country portfolios on the industry
composition of these country portfolios. Other papers that use a regression approach are
Heston and Rouwenhorst (1994) and Kuo and Satchell (2001). These two papers differ
fundamentally from Roll (1992) and our paper by the use of individual stock returns
instead of well-diversified portfolio returns. None of the above papers allows for the
presence of interaction effects between the factors. Moreover, the precise link with the
frequently used sorting procedures is left unspecified. The methodology presented in this
paper fills these gaps.

As mentioned before, most empirical research is based on tests of differences in
expected returns of portfolios that are based on sorting stocks on certain characteristics.
For example, the seminal paper on the profitability of momentum strategies by Jegadeesh
and Titman (1993) first ranks stocks on the past 6-month return and subsequently divides
the sample of stocks in 10 portfolios with the same number of stocks. The returns of these
portfolios are calculated over the subsequent 6 months. It turns out that the top decile
(“winners”) performs significantly better than the bottom decile (“losers™).

When the influence of the two characteristics is investigated, we could use a double sort
or a two-way sort. A double sort means that the stocks are first ranked on one
characteristic and independently sorted on another. The first portfolio then consists of
stocks that are in the bottom in both the first and second sort. This way of sorting is for
example used in Lee and Swaminathan (2001), where the characteristics are past returns
and volume. Apart from this double sorting method, one can also use a conditional sort.
Such a two-way sort means that the stocks are first ranked on a certain characteristic, after
which a second sort is performed within the portfolios constructed after the first ranking.
For example, Rouwenhorst (1998) first sorts the sample of stocks on size, and within these
size deciles he forms momentum deciles. A notable difference between double sorting and
two-way sorting is the importance of the order of sorting. For a double sort, this is
irrelevant, while two-way sorting can be highly sensitive to the order in which the sorts
take place, especially when the characteristics are related.* We use the double sorting
method to create cross-effects later on in the paper, while two-way sorting is used in order
to create country-neutral value and size portfolios.

A disadvantage of the two-way sorting approach is the limited applicability when more
than two characteristics are subject of investigation, especially when the total number of
stocks is moderate. When the number of sorts increases, the number of stocks per portfolio
will reduce rapidly. Hence, idiosyncratic firm effects will have much more influence on the
average returns of such portfolios. To alleviate this problem researchers are often forced to

* The terminology double sort and two-way sort is used for both unconditional and conditional sorts in
different papers. To avoid confusion we reserve double for unconditional and two-way for conditional sorting.
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work at a higher level of aggregation by using quintiles or tertiles (i.c., divide the sample
in five or three parts) rather then deciles. This is illustrated by Davis et al. (2000), who
note that “the advantage of fewer third-pass sorts [...] is that the resulting 27 portfolios
always contain some stocks [...]. In 1930 and 1931, few portfolios have only one stock.”
This remark makes clear that to prevent empty subportfolios, the number of sorts has to be
reduced when only three characteristics are considered. The consequence of this type of
solution is that effects which are most pronounced in the extreme deciles are much harder
to detect empirically.

In similar spirit to the characteristics-based asset pricing model of Daniel and Titman
(1997), we assume that the conditional expected return on a single stock can be modeled as
a function of several effects. While the number of factors is arbitrary, we present the model
with three factors, labeled 4, B and C. Thus, we assume

N4y Np Nc

Et{RiA,H-l} = Zzz%,b,c)ﬁt(aybﬁ), (1)

a=1 b=1 c=1

where X; (a,b,c) is a dummy variable to indicate whether the stock is in a particular
portfolio, and R;, is the return of stock i in period ¢. The function E,{.} denotes the
expectation conditional on information up to (and including) period ¢. This information
only consists of the set of dummy variables .X; , or in words, the portfolio a stock belongs
to in period ¢. The parameter o, ;. is the expected return on a stock with characteristics «,
b, and c. For example, if a stock belongs to the worst performing countries, industries, and
individual stocks, its expected return would be «; ;. Basically, the sample of stocks is
divided into cells, each of which represents a group of stocks with similar characteristics.
The model simply describes the expected return of an arbitrary stock given that it is known
to belong to a particular group.’

In our analyses, we prefer modeling the expected return of well-diversified portfolios
instead of individual stocks. The advantage of the absence of idiosyncratic effects in well-
diversified portfolios compensates for the potential loss of information by modeling at a
more aggregated level. Additional arguments to use portfolios instead of individual stock
data are the absence of missing observations when portfolios are used, and the reduced
influence of poor quality data. Value weighting the stocks in the portfolios of the regression
weakens the impact of these data errors even further, because the reliability of stock data
seems to be inversely related to firm size. The expected return on a portfolio p of N stocks
with weights w/;, conditional on information up to and including period ¢, can be written as

N
E{R),,} :E,{Zwl{’,Rm} ZwltE,{R,,} = f:if:aabc (a,b,c),
i=1

a=1 b=1 c=1

(2)

5 One advantage of the regression-based approach, in contrast to sorting, is the possibility to include more
precise information about the different factors than just quantile values. For example, one could model portfolio
returns as a function of previous 6-month returns in deviation from the median. Given that the use of decile ranks
is common in studies based on sorting, we do not pursue this possibility in this paper.
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where X7 (a,b,c)= vaz \whXii(a,b,c) denotes the holdings of portfolio p in categories
(portfolios) a, b, and c. This model expresses the expected return on a portfolio as a
weighted average of the expected returns of its stocks.

In order to estimate Eq. (2), we can formulate it as a regression equation

N4 Np Nc

tH_ZZZa“b‘ (a,b,c) + &), (3)

a=1 b=1 c=1

where &f.; =R{.;—FE,{R.;} is uncorrelated with the regressors by construction. More-
over, cross-autocorrelations are zero, i.e., E{c¢ ,ef} =0 for each p, ¢, t, and 2>0. No
assumptions are made on the absence of heteroskedasticity or contemporaneous correlation.

As long as the number of portfolios used as dependent variables P is at least as large as
the number of effects N -Np-N¢, the unknown parameters can be estimated consistently
using the Fama—MacBeth estimator. In other words, consistent estimates can be obtained
by first performing cross-sectional regressions using ordinary least squares (OLS),
followed by averaging these cross-sectional estimates over time. The sample covariance
matrix of these cross-sectional estimates serves as an estimator for the true covariance
matrix. This regression-based approach is numerically equivalent to computing average
returns and sample standard deviations of sorted portfolios when these are sorted upon
exactly the same characteristics as the regressors X7. Thus, our method reduces to the
traditional sorting approach in this special case.®

Because the number of parameters in Eq. (3) may become large, a more parsimonious
way to describe the expected returns on the portfolios is desirable. This is particularly
fruitful when the number of sorts or the number of groups within a sort is increased. By
imposing structure on the model, the number of parameters can be reduced, and hence the
efficiency of the estimators can be increased. For example, in line with Roll (1992) and
Heston and Rouwenhorst (1994) an additive structure can be imposed. In order to see how
the regression equation in Eq. (3) is affected by this assumption, rewrite Eq. (2) as

Ny Np Nc
EI{RI;JA} = o111 + Zﬁﬁ)(tp(av B ) + Z g)(tp('ab7 ) + Zﬁf‘xftp(a ',C)
a=2 b=2 c=2

Ny Np Ny Nc¢ N Nc¢
DD WITIRE 9) DT TREES 9 S
aNAZ bNE2 " a=2 c¢=2 b=2 c¢=2
+ZZZ§W (a,b,c). (4)
a=2 b=2 c=

The dots in the holding arguments, for example in X7(a,-,), denote that only the first
argument is considered. This means that it refers to the number of stocks that are in group
a, irrespective of their position in the other two sorts. The parameter o, ; ; denotes the
return on the reference portfolio, which we arbitrarily chose to be the one corresponding to

© It can be shown that this still holds when portfolios are added that contain no new information about the
effect under investigation.
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a=1,b=1, and c=1.” The other parameters on the first line (denoted f8) account for the
effects of being in another portfolio than the reference portfolio. The parameters in the
second line represent the first-order cross-effects, and those in the third line refer to
second-order cross-effects. These first-order cross-effects quantify the additional expected
return above the sum of the effects in the first line due to an interaction between two of the
effects. For example, a stock in the winner country and in the winner individual portfolio
might have a higher expected return than just the winner country momentum effect plus
the winner individual effect. A similar reasoning applies for second-order effects which
account for interaction between all three effects.®

When we decide to impose an additive structure on the model in Eq. (4), this implies
that all parameters y and 6 are assumed to be zero. Thus, first- and higher-order interaction
effects are neglected, which implies that the expected returns of cells are related by a
simple structure. This way, information from cells that are close to each other may be
exploited to obtain more efficient estimates. Imposing the additive structure leads to a
substantial reduction of the number of parameters, and hence gives more efficient
estimates if the restrictions are valid. However, this gain in efficiency may be offset by
the introduction of a bias when the imposed restrictions are not in accordance with the
data. Therefore, it is relevant to perform a test on the validity of the restrictions. A Wald
test can be conducted in order to evaluate the hypothesis that all interaction effects, or a
subset of them, are jointly zero.

Once the model structure is parsimoniously chosen, the relevant question about the
relative importance of the three effects can be investigated. Suppose that the three effects
separated are country (4), industry (B), and individual (C) momentum effects. Assuming
that the additive structure is appropriate, the reduced form of the expected return of a
portfolio can be rewritten as

Ny Np Nc
Ef{RZ»l} =o+ Zﬁﬁ)(tp(a’ ) ) + Zﬁg)(tp(7b7 ) + Zﬂf}(tp(’ '56)7 (5)
a=2 bh=2 c=2

where o is the expected return on the reference portfolio. The parameters 7, 2, and €
can then be interpreted as the additional expected return for being in another momentum
portfolio than the reference portfolio. For analyzing the sources of the momentum effect,
we can now formulate and test hypotheses on the values of these parameters. For example,
a test on the significance of the parameters /3 ]ﬁ gives information about the importance of
being in the winner individual decile relative to being in the loser decile, conditional on the
industry and country momentum portfolios the stock is in.

The momentum effect is typically investigated by looking at the return difference
between the extreme deciles. Incorporating knowledge about the expected return on other
deciles might help to get a more reliable estimate of the momentum effect. In order to
support this idea, a parametric structure on the expected returns of the deciles can be

7 Alternatively, it is possible to replace the reference portfolio by symmetric restrictions to avoid the dummy
trap. Doing so changes the interpretation of the coefficients, but it does not change the statistical properties of the
model. The advantage of our setup is that one can immediately observe the significance of the difference between
the expected returns of winner and loser stocks.

8 The parameters of Eq. (4) can straightforwardly be expressed in terms of those of Eq. (2).



468 T. Nijman et al. / Journal of Empirical Finance 11 (2004) 461-481

imposed. For example, using a low-order polynomial reduces the number of parameters,
and hence further increases the parsimony of the model. Therefore, the restriction that we
add to Eq. (5) is

BS =do+ A -ch...+ A

where L is the order of the polynomial.” As a result, Eq. (5) changes to
Ny Np L
EARY} =) BuX{ (@) + D BpXI (b)) + Yzl (D), (6)
a=2 b=2 =0

where Z(1)=1+ 3, (¢! — 1)X?(-, -, ¢). When this additional restriction is imposed, the
existence of a momentum effect can be tested by using the return information of all deciles
instead of just the winner and loser portfolio. In Section 4, the above models are used in an
empirical application to gauge the importance of country, industry, and individual stock
momentum on return continuation for European stocks. By disentangling these three
effects, we aim to find the driving force(s) behind the momentum effect. In Section 5, we
also incorporate value and size effects in our analysis. This way, we allow for the possibility
that certain momentum effects are explained by their value or size characteristics.

3. Data

Our focus is on large European stocks. The main reason for this choice is that reliable
European data for smaller stocks are hardly available. For instance, stock splits are
sometimes not accounted for appropriately. Our sample period comprises 131 months,
from January 1990 to November 2000 and initially contains all stocks from the moment
they are covered by analysts from Morgan Stanley Capital International (MSCI). Note that
analyst coverage does not imply that the stocks are present in any of the MSCI indices."®
We require stocks to have information available on their 6-month return, market value, and
book-to-market ratio. All returns and market values have been converted into Deutsche-
marks (DEM).

The underlying sample consists of 1581 stocks in total. These stocks have their major
listing on the stock exchange of either Italy, Denmark, Ireland, France, Sweden, Finland,
the Unite Kingdom, Spain, The Netherlands, Norway, Germany, Portugal, Belgium, and
Austria."" The number of firms per country varies from 33 for Ireland to 349 for the United
Kingdom. In total, six of the 15 countries contain less than 50 stocks, while four countries
have more than 150. The differences in the number of firms per country have implications
for the potential diversification benefits that can be obtained within a country. A list of
countries with descriptive statistics can be found in Table 1. Finland is the only country
with a value-weighted average monthly return exceeding 2%, while Austria and Norway

° In this case, it is natural to also impose that o= 2¢+...+ ;.

10" The returns are obtained from the Prices database through Factset. The data on market values and book-to-
price ratios are obtained from the Worldscope database.

" The selection procedure resulted in one stock listed in Luxembourg. This stock has been deleted.
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Table 1
Monthly returns and standard deviations per country in % per month, January 1990 —-November 2000
Country Value weighted Equally weighted ~ Number Momentum  Size Value

Mean Standard Mean  Standard of firms

deviation deviation

Italy 1.13 8.5 1.16 8.7 176 0.30 0.31 —0.30
Denmark 1.14 5.1 1.07 4.8 49 1.60%** 0.09 0.24
Ireland 1.11 6.1 0.81 6.0 33 0.98 —0.66 —0.73
France 1.24 5.5 1.26 5.0 165 0.75%* 0.36 —0.16
Sweden 1.65 7.1 1.41 6.9 96 —0.59 —0.15 —0.04
Finland 2.02 9.1 1.36 8.0 43 1.21 —-0.33 —1.47
UK 1.26 4.9 1.45 53 349 0.87* 1.22%%  —0.27
Spain 1.14 6.7 0.91 7.1 91 0.20 —0.63 1.35%*
Switzerland 1.37 4.8 1.41 4.9 140 0.35 0.42 1.17%*
The Netherlands  1.58 4.5 1.43 4.5 67 0.61 —0.30 0.58
Norway 0.80 7.3 1.25 7.8 47 0.29 1.59 0.94
Germany 1.03 5.4 0.71 44 171 0.71 —L.07**  —0.72
Portugal 1.00 5.9 0.98 5.8 66 1.03 0.43 —0.72
Belgium 1.26 5.0 1.03 4.8 42 0.61 —0.94*%*  —0.42
Austria 0.23 6.7 0.34 6.4 46 —0.09 0.89 1.83%*

The first columns represent value-weighted country portfolios, while the second is equally weighted. The next
column shows the total number of stocks per country portfolio. The last three columns contain the average returns
on the momentum, size, and value portfolio per country, measured by the excess return on the “winner” minus
“loser” deciles/tertiles on these three characteristics. The portfolios are based on the average of the past 6 months
(for all characteristics), and subsequently held over the next 6 months. In order to reduce market microstructure
effect, the first month is skipped between portfolio formation and investment.

* Significance at the 90% level.

** Significance at the 95% level.

are the only countries with an average below 1% (0.23% and 0.80%, respectively). Finland
is most volatile with a monthly standard deviation of 9.1%, and the Netherlands is the least
volatile with 4.5%. Equally weighting gives similar results.

Classifying firms in industries is less clear cut than the country division. First, it is not
clear which and how many industries should be distinguished. Second, many firms are
operating in several businesses, which makes it difficult to determine to which industry
they primarily belong. For US studies, the SIC is the dominating classification, with
appropriate regrouping as proposed in, e.g., Moskowitz and Grinblatt (1999). This
regrouping does not work well for European stocks, because several industries would
contain few or no stocks at all. Therefore, we use the classification in MSCI industries,
which aggregates the stocks in 23 industries.'? The number of firms per industry varies
between nine and 260. In total, 10 out of 23 industries contain less than 50 stocks, while

12 The MSCI industry classification is new as of 2000, such that several delisted firms had to be manually
reclassified from the older classification. This has been done with the help of ABP Investments and MSCI. The
actual classification used is available upon request. Firms that switch across industries over time will be classified
by their final industry membership, which is the only data available to us. However, we expect this to have only
minor influence on the results, as reported for US data by Moskowitz and Grinblatt (1999).
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four have more than 100. An overview of the industries with descriptive statistics is
presented in Table 2. The lowest value-weighted average return is for the industry
Automobiles (0.59%), while the highest average returns are for Software and Services
(2.55%). The latter has the highest standard deviation (9.5%). The least risky in absolute

Table 2

Monthly returns and standard deviations per industry in % per month, January 1990—November 2000

Industry Value weighted  Equally weighted Number Momentum Size Value

Mean Standard Mean Standard of firms
deviation deviation

Energy 1.38 54 127 5.7 34 0.26 0.53 1.55%*

Materials 086 53 082 54 199 —0.04 —043 0.83

Capital goods 071 55 086 5.4 260 0.07 0.23 0.78

Commercial services 0.74 5.7 1.03 52 80 1.91%* 0.39 —0.23
and supplies

Transportation 091 54 095 5.1 59 0.17 0.46 —0.33

Automobiles and 059 7.1 1.05 6.5 32 —0.51 1.30%  —0.14
components

Consumer durables 145 6.1 1.00 5.3 68 1.27 —0.65 0.08
and apparel

Hotels, restaurants, 0.69 6.2 1.21 5.8 25 1.48%* 1.58** —0.24
and leisure

Media 1.55 6.7 1.84 6.7 57 0.89 1.73%* 0.59

Retailing 097 47 1.08 4.5 70 0.91* 0.69 —0.37

Food and drug retailing 1.24 4.7 123 43 27 0.98* 0.84 0.46

Food, beverages, and 123 44 098 4.0 86 0.87 —0.48 0.42
tobacco

Household and personal 1.83 5.9 129 54 9 0.51 —1.07 1.38
products

Health care equipment  1.60 6.1 1.53 48 35 0.54 0.70 0.23
and services

Pharmaceuticals and 1.69 45 2.00 4.1 30 1.30% 1.01 0.33
biotechnology

Banks 140 57 144 53 125 0.22 —-0.34 1.23*

Diversified financials 129 5.6 145 52 64 1.01 —0.05 —0.01

Insurance 125 52 120 5.1 123 0.40 —-0.23 0.04

Real estate 0.62 5.1 071 48 28 0.08 —0.18 0.88

Software and services 255 95 3.11 89 31 0.44 2.04 0.16

Technology hardware 2.03 85 249 75 24 2.51%* 1.33 —1.70
and equipment

Telecommunication 1.82 7.0 2.15 7.8 44 0.80 0.96 0.98
services

Utilities 1.19 41 144 41 71 —0.40 0.52 0.84

The first columns represent value-weighted industry portfolios, while the second is equally weighted. The next
column shows the total number of stocks per industry portfolio. The last three columns contain the average
returns on the momentum, size, and value effect per industry, measured by the excess return on the “winner”
minus “loser” deciles/tertiles on these three characteristics. The portfolios are based on the average of the past 6
months (for all characteristics), and subsequently held over the next 6 months. In order to reduce market
microstructure effects, the first month is skipped between portfolio formation and investment.

* Significance at the 90% level.

** Significance at the 95% level.
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terms is the industry Ultilities with a monthly standard deviation of 4.1%. Equally weighted
industry returns are close to their value-weighted counterparts.

We consider the 6-month momentum trading strategy proposed in Jegadeesh and Titman
(1993), where a 6-month evaluation period is used combined with a 6-month holding period.
In each month, the stocks are ranked in descending order on their (total) return over the last 6
months. In the next step, 10 portfolios with the same number of stocks are formed. Ranking
takes place each month, independently of the holding period. In each month, the 10 decile
portfolios consist of a portfolio selected in the current month, as well as the five portfolios
formed in the previous 5 months. The top and bottom deciles are called winner and loser
portfolio, respectively. A W—L strategy takes a long position in the winner portfolio and a
short position of equal size in the loser portfolio. The excess return on this zero investment
strategy is defined as the return on the winner minus the return on the loser portfolio.

The stocks from our database are sorted according to their prior 6-month return, book-
to-price ratio, and market value to obtain the momentum, value, and size portfolios. In
addition, we created three country and three industry momentum portfolios. The winner
industry portfolio consists of all stocks listed in the top four industries. The loser industry
and middle industry portfolios consist of four and 15 industries, respectively. We construct
the country momentum portfolios similarly. Thus, the winner and loser country portfolios
consist of four countries, while the middle country portfolio contains seven.

Throughout, when a stock is delisted, the residual claim is assumed to be invested in
cash with zero return for the remainder of the holding period."* No data are available to
determine the reason for delisting, so the actual final payment cannot be taken into account
when reproducing the strategy’s returns. However, we expect that this does not lead to a
positive bias in our results. When a firm is delisted because of bankruptcy, this typically
results in a large negative final return that is not accounted for in the database. However,
these firms tend to be among firms with low past performance, and consequently have
higher probability of being among the losers. The omission of the final returns in the
database overestimates the actual return on the loser portfolio, hence decreases the return
on strategies with short positions in the loser firms. This suggests that our results are
conservative. Furthermore, delisting through bankruptcy does not occur frequently for
large firms. Takeovers and mergers are usually more important reasons for delisting; see
Wang (2000) for a more extensive treatment on the topic of delisting.

Before we turn to a decomposition of the momentum effect, we investigate the presence
of momentum, value, and size effects within countries and industries. In Tables 1 and 2 we
observe no clear value or size effect within individual countries or industries in our
sample.'* For example, during 19902000, the United Kingdom is the only country with a
significant size effect, which has an expected excess return of 1.22% per month. In
Germany and Belgium, the opposite effect is found, i.e., stocks with a large market

'3 This deviates from the methodology in Rouwenhorst (1998). If a firm goes bankrupt, the treatment is
identical, but not in case of a merger/takeover. Rouwenhorst invest the proceeds in the merged firm or the target.
Unfortunately, we do not have data on the reason of delisting, neither on the identity of the merged firm or target.

' In Heston et al. (1999), it is shown that the size effect for European stocks is nonlinear in the sense that it is
restricted to the smallest three deciles of their sample, which covers many more firms than our sample. The fact
that we do not find a size effect is consistent with their results.
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capitalization have outperformed small cap stocks. The value effect appears to be present
in Spain, Switzerland, and Austria. For the industries Hotels, Restaurants, and Leisure, and
Media, we find a significant size effect, while the value effect (1.55%) is present in
Energy. For most countries and industries the excess return on the momentum portfolio is
positive and economically relevant, albeit statistically significant only in a few cases. A
country-neutral momentum strategy, which means that the winner and loser portfolios are
averaged over each of the countries, yields a significant 0.63% (#-value 2.20). In similar
fashion, we calculate an industry-neutral momentum return, which is even higher with
0.81% (#-value 2.66).

4. Do countries or industries explain momentum?

In this section, the portfolio-based regression technique described in Section 2 is used to
determine the relative importance of country, industry, and individual momentum effects on
the total momentum effect in Europe. We use a set of 196 portfolios to disentangle the
momentum effect into a country, industry, and an individual stock momentum effect. The
portfolios used to evaluate the momentum effect are sorted on these three momentum
factors complemented with size and value. In total, we have 16 momentum portfolios: the
10 individual, three country, and three industry portfolios, as described earlier. We rank all
stocks on their average market capitalization over the past 6 months, and divide the sample
in three parts. Creating value portfolios only changes the ranking variable to the average
book-to-price ratio of the stock. The size and value portfolios are country-neutral, which
means that the same fraction of the stocks from each country is represented in these
portfolios. For example, the “winner” value portfolio consists of the top 33% of value
stocks from Austria, the top 33% of value stocks from Belgium, etc. In order to create
double-sorted portfolios, we combine the single rankings from above. For example, the
individual winner/country winner portfolio consists of all stock that are in the individual
winner portfolio and in the country winner portfolio. The number 196 is obtained as the
sum of 22 single-sorted and 174 double-sorted portfolios.'> To reduce the influence of
small stocks on the outcome of the analysis all portfolios are value weighted. The
regressors in Eq. (3) are the holdings of these evaluation portfolios in the effects of
interest. These holdings are, like the returns, value weighted within each portfolio.

In order to determine the momentum effect in our sample, we evaluate the 196
portfolios from our test set. In this case, only the holdings of these portfolios in the
momentum decile portfolios are used to explain the corresponding portfolio returns. More
precisely, we estimate the regression equation

10
Rl =a+ ZﬂaMOMti(a) + éﬁ-l» (7)
a=2

'S Double sorting on individual momentum and each of the other four factors produces 10-12 =120 portfolios.
Double sorting on each combination of the other four factors accounts for the remaining (;) -(3:3)=54
portfolios in the analysis. Some intersections contain no stocks and result in missing observations for a small
number of periods.
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Table 3
Momentum effect in Europe, January 1990—November 2000
o MOM — gMOM MOM — gMOM MOM — gMOM MOM — gMOM MOM
WLS st .13 0.07 0.19 0.27 0.21 0.34 0.40 0.46 0.54 0.79
t-val  2.00 0.38 0.82 1.01 0.68 1.00 1.05 1.16 1.20 1.59

OLS est .14 0.09 0.23 0.28 0.23 0.33 0.37 0.47 0.52 0.81
t-val  2.10  0.55 1.13 1.20 0.84 1.11 1.14 1.35 1.34 1.84

Results for the portfolio-based regression R, | = o+ Y10, pMOMX?(q) + ¢, |, with 196 evaluated portfolios.
The portfolios are based on sorts and double sorts on characteristics country, industry, and individual momentum,
value, and size. The first set of results is based on the Fama—MacBeth estimator with cross-sectional WLS, with
the square root of the number of stocks per portfolio as weights. The second set of results is calculated with the
cross-sectional OLS. The rows indicated with “est” contain the estimates (expected return in percentage per
month), and the rows with “z-val” the 7-values corresponding to the estimate above it.

where X7 (a) denotes the holdings of portfolio p in momentum decile a for period ¢, by
using the Fama—MacBeth estimator. Instead of ordinary least squares (OLS) we use a
weighted least squares (WLS) estimator, where the weights are the (square root of the)
number of stocks in a portfolio. By using this weighting scheme, portfolios with a small
number of stocks are considered less important than portfolios with a large number of
stocks. The loser portfolio is chosen to be the reference portfolio.

The estimates for Eq. (7) using our sample of European stocks from 1990 to 2000 are
reported in Table 3. The existence of a momentum effect in Europe for the last decennium
can be investigated by performing a ¢-test on f1a ™, which denotes the expected return on
the winner portfolio relative to the loser portfolio. The results indicate that a momentum
effect is present in Europe during the last 10 years, albeit statistically insignificant at the
95% level (p-value 0.11).'° Both the confidence level and the level of the excess return are
somewhat below the values reported in Jegadeesh and Titman (1993) and Rouwenhorst
(1998). This can be partly explained by the length and coverage of our data set. Because
our sample comprises only 10 years, #-values are lower even when means and standard
deviations are identical to those for the United States.'” Our data set covers only the larger
funds, and there is empirical evidence indicating that momentum profits are weaker for
larger stocks; see, e.g., Rouwenhorst (1998), and Hong et al. (2000). The latter study
claims that there is no excess return of winners over losers in the United States when the
largest market cap quintile is considered.'® Summarizing, our results on the momentum
effect in Europe are in line with the existing literature.

Next, we impose a polynomial structure on the expected returns of the different
momentum deciles, along the lines described in Section 2. The results, reported in Table 4,
for different orders of the polynomial, indicate that the polynomial structure does not help

16 This result is qualitatively the same as the one obtained from the traditional sorting analysis.

'7 We could also use a measure which is not depending on the length of the sample period, e.g., the
information ratio (IR). This measure is defined as the expected return divided by the standard deviation. The IR
from our value-weighted momentum strategy equals 0.15. In Rouwenhorst (1998), the IR is 0.15 for the largest
equally weighted size decile, in Hong et al. (2000), each of the top three size deciles has an IR below 0.14.

'8 The largest quintile is based on NYSE/AMEX breakpoints and consists of about 400—500 stocks at each
date. The claim of a nonexisting momentum effect for these stocks is based on the use of tertile portfolios sorted
on past 6-month returns instead of decile portfolios, which is more common in this line of research.
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Table 4
The momentum effect in Europe by imposing polynomials on the decile structure, January 1990—November 2000

(A)

2o e Ja A3 N
est 1.037 0.078 0.011  —0.004 0.000
t-val  1.35 0.19 0.09 —-0.23 0.37
est 0942 0.198 —0.033 0.002 -
t-val 143 1.03 —0.95 1.04 -
est 1.14 0.026 0.004 - -
t-val  1.80 0.20 0.39 - -
B)
" NIOM VOM FYOM  MOM  MOM  gMOM  gMOM  gMOM.  gMOM
No est 1.13 0.07 0.19 0.27 0.21 0.34 0.40 0.46 0.54 0.79
t-val 0.38 0.82 1.01 0.68 1.00 1.05 1.16 1.20 1.59
L=2 est 1.17 0.04 0.09 0.14 0.21 0.28 0.36 0.46 0.56 0.66
t-val 0.39 0.48 0.59 0.72 0.87 1.03 1.21 1.36 1.46
L=3 est 1.11 0.12 0.19 0.24 0.29 0.33 0.39 0.47 0.60 0.79
t-val 0.99 0.97 0.96 0.96 1.00 1.09 1.24 1.44 1.59
L=4 st 1.12 0.09 0.17 0.23 0.28 0.33 0.37 0.45 0.57 0.78
t-val 0.58 0.75 0.88 0.96 1.00 1.03 1.12 1.31 1.59
Estimation results for the estimates of the regression equation R, = S°7 o 4,27 (1) + 1, ,, where Z/(I)=1+

ZQ’; (@ = 1)X7(a). In panel A, the results for the hyperparameters are presented, while in panel B these
parameters are converted into expected returns for the deciles. For the sake of completeness, the results without
fitting the polynomials are also presented in panel B in the row labelled “no”.

to obtain more precise statements about the presence and magnitude of the momentum
effect. The results for polynomials of order three and four are virtually the same as
unrestricted estimates reported in Table 3.

The main motivation for this paper is to see whether the total momentum effect in
Europe is subsumed by momentum effects on a higher level of aggregation, i.e., country
and industry momentum. To analyze this, we return to the general model in Eq. (4). With
three country momentum, three industry momentum, and 10 individual momentum effects,
the total number of unknown parameters in this model is equal to 90. When an additive
structure is imposed, as in Eq. (5), the parsimony of the model is highly increased, and the
number of parameters is reduced to only 14.' The intuition behind imposing an additive
structure is that the effects are the same for all portfolios (or stocks) conditional upon all
other characteristics incorporated into the model. In other words, the individual momen-
tum effect is not different for stocks that are listed in a loser country compared to stocks
that are listed in a winner country. This does not mean that the country of listing does not
influence the expected return of the stocks. In an additive model, it just does so
independently from the individual and industry effect. Of course, this simplified additive
model specification is tested before continuing the analysis. Without proper tests to

' Due to the additive structure, perfect multicollinearity would result by including 10+3+3=16 effects.
See the first line of Eq. (4) to obtain the 1 +2+2+9= 14 free parameters in the model. The first-order interaction
effects account for 4+ 18 + 18 =40 parameters, and the second-order effects for the remaining 36.
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Table 5
The momentum effect in Europe decomposed in a country, industry, and individual stock momentum effect,
January 1990—November 2000

WLS o COU pEoU SR pIND
est 1.13 0.00 0.12 0.06 0.31
t-val 1.84 0.01 0.38 0.47 1.31
ST ST ST ST ST ST ST ST ST
2 3 4 5 6 7 3 9 10
est 0.04 0.12 0.19 0.14 0.23 0.26 0.27 0.31 0.55
t-val 0.23 0.55 0.80 0.52 0.80 0.81 0.85 0.87 1.44

Estimation results for the portfolio-based regression RY, | = o+ S L BN (@, ) + S BNCXP (-, b, ) +
ZC: ﬁfTX" (-, ¢) +nf,,, with 196 evaluated portfollos The portfolios are based on sorts and double sorts on
characteristics country, industry, and individual momentum, value, and size. The results are based on the Fama—
MacBeth estimator with cross-sectional WLS. The rows indicated with “est” contain the estimates (expected
return in percentage per month), and the rows with “#-val” the t-values corresponding to the estimate above it.
The parameter o denotes the reference portfolio, parameter indicated with superscript COU, IND, and ST measure
the country, industry, and individual stock momentum effect. The higher the subscript number, the higher the
stock scored on that particular characteristic. See also Fig. 1 for a graphical representation of these results.

identify the validity of these restrictions, biased parameter estimates might be obtained and
hence inferences could be erroneous. Testing the additivity constraints is lacking in most
previous papers. The results from the Wald test indicate that imposing additivity is
allowed. The test statistic of 37.3 is well below the 90% critical value of 47.2.%°

The regression equation for the additive model we use to distinguish country, industry,
and stock momentum is

10

,waZﬁC"UXP +ZBINDX” )Y BTOKXP () e

c=2

From the estimation results in Table 5, we can infer the influences on the expected returns
of a stock being in specific momentum portfolios. The expected future return of a stock
can be determined given the information about the current groups this stock belongs to. In
the case of an additive model, this involves summing the expected returns of each of the
components. For example, the expected return of a stock that is in the group of best four
countries, in the middle industries, and in the winning individual decile has an expected
return of 1.86% per month. This number consists of the return on the reference portfolio
(1.13%) plus the country winners (0.12%) plus the industry middle (0.06%) plus the
individual winner (0.55%). The expected returns for all other combinations can be
obtained in similar fashion. See Fig. 1 for a graphical representation of these results.
There is a clear gradual increase in the expected return by moving from the front to the
back of the figure. This suggests that momentum investors who are interested in a high

20 We test the hypothesis that all cross-terms are jointly zero by performing a Wald test. The p-value
associated with the reported test is 0.407. Calculating the Fama—MacBeth estimator with OLS instead of WLS
results in a p-value of 0.135, still not rejecting the null hypothesis of the absence of cross-effects.
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Fig. 1. Expected excess returns for stocks in country, industry, and individual stock momentum portfolios in
Europe, January 1990—November 2000. Excess returns are defined relative to the reference portfolio of stocks in
the loser country, loser industry, and loser individual momentum portfolio. The x-axis of this figure contains the
individual momentum deciles, the y-axis the country—industry combinations, and the z-axis the monthly expected
excess return relative to the reference portfolio (individual loser, country loser, and industry loser). The acronyms
used are country (COU), industry (IND), and winner (W), middle (M), and loser (L).

expected return should try to find stocks that are listed in European countries that
performed well over the past 6 months, in industries that performed well over the last 6
months, and in the top decile that ranks European stocks on the basis of their individual
past 6-month return.

The country momentum effect has contributed least to the momentum effect in Europe
over the past decennium, with an additional expected return of 0.12% per month.>' The
industry momentum effect is weakly present with an additional expected return of 0.31%.
The largest effect is individual momentum, which contributes roughly 0.55% over the
reference portfolio. Consequently, the estimated expected excess return of a momentum
strategy for stocks in the winner countries, winner industries, and individual winners is

21" Although we consider a different group of countries than Richards (1997) and Chan et al. (2000), our
results seem more in line with the former, who indicate there is only weak evidence of medium term return
continuation at the country level, while the latter report a significant country momentum effect.
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roughly 12% per year without transactions costs. With a maximum turnover of each stock
of only twice a year, the break even transactions costs would be about 6 percent for a
roundtrip, which is much higher than the upper bound of 2 percent that is used in most
empirical studies. Our estimation results suggest that the momentum effect based on
individual stocks is not subsumed by industry momentum, country momentum, or both.
This finding is consistent with Rouwenhorst (1998), who shows that the excess returns of
country-neutral momentum strategies in Europe are only slightly lower than those of
unrestricted momentum strategies. It is also in accordance with the results for the US stock
market, reported in, e.g., Grundy and Martin (2001), who state that individual momentum
and industry momentum are separate phenomena. The conclusion that industry momentum
drives the individual momentum effect in the United States, reported in Moskowitz and
Grinblatt (1999), is not supported by our empirical analysis for Europe. Our results
indicate that investment professionals who are not allowed to take large country and
industry bets might still be able to exploit the momentum effect by stock selection,
although this reduces the potential expected return by almost a half.

5. The impact of value and size effects

The previous analysis ignores well-known effects such as value and size (see, e.g.,
Fama and French, 1992). In this section, we expand the model in Eq. (8) to capture the
potential relation between the value and size effect and the momentum effects. While a
Wald test previously indicated that the additive model specification is appropriate for Eq.
(8), this is not the case for this larger model. The p-value corresponding to the hypothesis
that cross-effects are jointly zero is less than 1%, which clearly rejects the additive model
specification. We decide to add the cross-effects between momentum, size, and value to
the model. The regression equation of the resulting model is given by

O (ISR S WA
3

+ZﬁSTOCKXp 35 Cyyt +ZﬁVALXp LA 7.)+Zﬂslz)(tp(','7',',9)
FYS AL +ZZ% PEXT (e )

=2 d=2 ¢=2 e=

3 3
+ Z VX?LSIZ/YIP(U '7’ad7 @) +'7tp+1' (9)

d=2 e=2

A Wald test indicates that cross-effects between country, industry, and individual
momentum can be omitted (p-value 0.21), as was the case in the previous section. For
expositional purposes, we do not present a table with all estimated coefficients, but capture
our main findings in Fig. 2.

The model with cross-effects implies that the expected return on a stock depends on the
specific way value and size effects interact with individual stock momentum. Our analysis
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Fig. 2. Estimated expected excess returns for European momentum strategy over 1990—2000. The long side of
this portfolio consists of stocks in the winner country, winner industry, and winner individual momentum sort, and
the short side of this portfolio consists of stocks in the loser country, loser industry, and loser individual
momentum sort. The value and size characteristics of these stocks differ and are displayed in the figure. The
cross-effects between individual momentum and value, individual momentum and size, and value and size effects
have been incorporated in the model for the expected returns.

shows that value (growth) stocks which are also losers on individual, country, and industry
momentum have higher expected returns when they have higher (lower) market capital-
isations. Stocks that are winners on the three momentum classifications have higher
expected returns when they have small market capitalisations and growth characteristics.
These observations are substantially different from the picture that would be created when
value and size effects are estimated on an additive basis. An additive approach imposes
that the expected excess returns on momentum strategies are the same regardless of the
value and size characteristics of the underlying stocks.

In Fig. 2, the expected excess return on a zero investment strategy is shown, consisting
of a long (short) position in stocks from the winner (loser) country, industry, and individual
momentum portfolios. This picture suggests that momentum strategies yield the highest
expected excess return for small stocks with growth characteristics. The low expected
excess return for value stocks, especially those with large market capitalization, is worth
noting. Apparently, the momentum effect is less pronounced for these combinations. Our
results are consistent with the hypothesis of Hong and Stein (1999), which implies that the
momentum effect is stronger for smaller stocks, and the findings of Asness (1997), who
concludes that momentum strategies work particularly well for growth stocks. Empirical
evidence supporting these results is presented in Rouwenhorst (1998), and Hong et al.
(2000), among others. Daniel et al. (1998) argue with their behavioral model that stocks
that are harder to value (i.e., growth stocks) by investors generate a higher level of
overconfidence and hence are more prone to exhibit momentum. Our findings are also
consistent with this behavioral theory of investor overconfidence.
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In this model with nonlinear effects relating momentum, value, and size the impact from
industries and countries is relatively low. This corresponds to the results from our previous
analysis without value and size effects. These country and industry effects are equal for
each of the value and size combinations, because they are assumed to be additive. The
additive expected return from being in the winner industry or country equals 0.22% (z-value
0.72) and 0.24% (#-value 1.17), respectively. The difference between the expected returns
on industries and countries has almost disappeared, though a higher #-value for industries
remains, indicating less uncertainty about this additional return. The result that value and
size effects do not explain medium term return continuation is in accordance with Fama and
French (1996) and Jegadeesh and Titman (2001), who claim that the expected return of
momentum portfolios cannot be attributed to higher loadings on the value and size factor in
the three-factor asset-pricing model introduced by Fama and French (1993).

In conclusion, the results from this section suggest the importance of incorporating
nonlinear effects in the analysis of determining the driving force behind the momentum
effect when value and size effects are included. The addition of these latter effects does not
alter our conclusion that medium term return continuation is driven by idiosyncratic stock
effects. However, concentrating on small and growth stocks seems to further increase the
expected return on momentum strategies.

6. Conclusion

In this paper, we decompose the expected return on medium term momentum strategies
in Europe into country, industry, and individual stock momentum effects using a portfolio-
based regression technique, which explains returns on diversified portfolios by evaluating
their composition. This method is introduced for several reasons. First, the return on
portfolios formed by the traditional way of sorting stocks on the basis of numerous firm
characteristics yields many cells with small numbers of observations when the number of
characteristics is large. This implies that the estimates are not very precise because they are
influenced by idiosyncratic firm effects. Our method is particularly fruitful when there are
only a moderate number of stocks in the data set compared to the number of characteristics
we want to investigate, because our method requires sorting in one or two dimensions
only. Second, a variety of well-understood statistical techniques is available to test model
assumptions and hypotheses concerning the driving force behind momentum strategies.
Moreover, an intuitively appealing structure imposed upon the model can be tested quite
easily.

Our findings indicate that the momentum effect in Europe over the last decennium is
primarily driven by an individual momentum effect. The results suggest that economically
important (but statistically insignificant) industry momentum effects explain part of the
expected return of the momentum strategies. The evidence of a country momentum effect
on top of individual and industry momentum is quite weak. Thus, we conclude that the
answer to the title is negative; countries and industries do not seem to explain the
momentum effect in Europe during the period 1990-2000.

In order to gauge to what extent these results depend on value and size effects, we also
incorporate these in our model to decompose the momentum effect. The additive structure
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to disentangle the momentum effects is rejected and cross-effects among momentum,
value, and size appear to be important. The inclusion of these terms marginally influences
the results obtained previously. The impact of country momentum is slightly increased,
while industry momentum is slightly decreased, resulting in virtually the same additional
expected return for both. Thus, our conclusion that country and industry effects do not
explain momentum strategies remains unaltered. The decomposition indicates that a
European momentum strategy is most profitable for small growth stocks, while large
value stocks exhibit least return continuation. These results are consistent with behavioral
theories of Hong and Stein (1999) and Daniel et al. (1998).

The analysis presented in this paper is not only of academic interest. Investment
professionals may directly benefit from the decomposition of the momentum effect
documented in this paper. For example, consider an investor with a top-down investment
process who first determines the industry and country composition of his portfolio, and
subsequently selects stocks within these industries and countries. If the individual
momentum effect is subsumed by industry or country effects, information about prior
6-month returns should be evaluated at the country and industry decision level, while at
the stock selection stage further use of past 6-month returns would not increase expected
returns. Our results indicate that while simultaneously taking into account country and
industry momentum effects, there are still return continuations at the individual stock level
which might be exploited.
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