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This article seeks to find factors that can account for the determinants of
common variations in returns for a small open economy where the Swedish
stock market serves as an example. The importance of the candidate factorsis
first analyzed by looking at the standard deviation of their mimicking portfolio
returns, whiletheir performanceisevaluated fromarisk management viewpoint.
The results of the volatility analysis verify that the market, as represented by
both the world market portfolio and the Swedish home market portfolio, is a
crucial factor and most of the macro factors seem to be redundant. The results
of the risk management exercise show that the market factor and the portfolios
mimicking size and book-to-market ratio are important (JEL G310).

Keywords: multifactor models, open economy, return covariance, risk
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|. Introduction

The endeavor to find the factors driving the return generating process
of stocks has a long history. Most researchers believe that
macroeconomic factors should play animportant rolein driving return
(see Chen, Roall, and Ross [1986]), but there is also a place for firm
characteristicslike size and price-earningsratio (see Famaand French
[1992, 1993], Daniel and Titman [1997]). This research has been
important for equilibrium pricing aswell asfor risk management. The
practical use of the factor models lies in particular for controlling
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portfolio risk (see Burmeister et a. [1997], Chan, Karceski, and
Lakonishok [1999a]) or for following aspecific investment style (see
Chan, Karceski, and Lakonishok [1999b]). From arisk management
perspectivethefocusison return volatility and covariances of returns
and not on their means.

Theoverall purposeisto find aparsimonious set of factorsthat can
capturethe systematic components of stock returnvariationsinasmall
open economy; the Swedi sh stock market during the period 1980to 1997
serves as an example. A risk management perspective is the guiding
principle for evaluating the importance of the factors.

The Stockholm Stock Exchange (StSE) was founded as early as
1863, but trading wasthin until theearly 1900. The StSE isasmall stock
market compared with giantsasNY SE, TSE or LSE. Itscapitalization
value was SEK 2164 billion ($270 billion) at the end of 1997 and the
averagedaily volume SEK 5404 million ($680 million).! Besidesbeing
rather small, the StSE has some salient features. It isthe domestic base
for anumber of relatively largemultinational companies, which represent
alargeproportion of themarket capitalization andtrading value. Thebig
firmsare almost always very export oriented and Sweden israrely the
main market for these companies. The export orientation implies that
there is an exchange rate risk, which leads us to believe that the
variationsinthenet cash flowsof Swedish multinationalsarelarger than
for U.S. firms. Furthermore, there were very few public utilities and
retail companies on the StSE during this period.

Existing multifactor equilibrium model sgive somedirectionto the
possible set of critical factors and the chosen factors or variables have
existed in several earlier models. But variables are added that are
important for an economy wheremost industrial sectorsare exposedto
foreign competition and where the stock market is at least partially
integrated withtheworld market. Thisisobviously important for an open
economy like the Swedish one where most firms are active on export
markets and some of them even on a global scale. Following Chan,
Karceski, and Lakonishok (1998) the variables are divided into four
categories. market (a value weighted index of the Swedish Stock
Exchange and the Morgan Stanley world index), fundamental (firm
characteristicslike book-to-market), technical (momentum strategies)
and macroeconomic. Some of the variables, like book-to-market and

1. We use the exchange rate at the end of 1997, which was 7.93 SEK per U.S. dollar.
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size, are supposedly related to priced risk factors (Fama and French
[1992]), while other factors are just assumed to explain covariation
among returns.

Following the famous paper by Famaand French (1993), it is now
commonto employ their techniqueof factor mimicking portfolios, which
means that a portfolio of assets is constructed in such away as to
“mimic” abackgroundfactor. Thisdesign hasthe advantage compared
to directly using the value of a background factor that is not areturn,
sinceamimicking portfolio can betreatedinthe sameway asaportfolio
of assets. In addition, some factors are not observable but the stock
sensitivitiestothesefactorsmay bemirrored by firm characteristicsthat
can be used to construct mimicking portfolios. Therefore, this paper
employs factor mimicking portfolios that imitates the behavior of the
underlying risk factors instead of using the variables themselves.

Theanalysisisdividedintwo parts: abasic eval uation of thefactors
usingtheir mimicking portfoliovolatility and an eva uationwithinarisk
management perspective. Thefirst partisananalysisof theimportance
of the candidate factors by looking at the standard deviation of the
mimicking portfolio return. The intuitive idea is that if a mimicking
portfolio hasalargereturnvoltility thisiscompatiblewith theunderlying
factor providing an essential shared element of return activity. The
mimicking portfoliovolatility iscompared to thevolatility of abenchmark
portfolio that reflects idiosyncratic risk. In the second part, the
performance of the different factor models is evaluated from a risk
management viewpoint. Inthefirst placethe predictionsof thedifferent
covariance estimators are assessed in relation to the realized values.
Secondly, the estimators are compared based on the out-of-sample
variancesof theirimplied globa minimum variance portfolios. Sincethis
analysis gives such dominant role to the market portfolio atest that is
more apt to measure the additive effect of the non-market factors is
implemented: thetracking error volatility wherethemarket portfoliois
thetarget. In addition to the eval uations above, which have been used
by Chan, Karceski, and Lakonishok (1999a), thispaper usesV alue-at-
Risk (VaR). VaR has become a very common technique for predicting
futurelossesand theforecasted future portfolio varianceisanimportant
input in most VaR models. Each estimator of the variance covariance
matrix isused to computeitsrelated VaR models. These model sarethen
judged using the ex post distribution of the portfolio return.

The contribution is to give an example of factors that might be
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important for an open economy, whichisvaluablefor research on other
stock markets of open economies. The results shed light on other
investigationsinthisareain particular Chan, Karceski, and Lakonishok
(1998 and 1999a). Finally, thisisthefirst analysisof the Swedish stock
market using mimicking portfolios within risk management.

Theresultsinthefirst part verify that the market, which consists of
theworld market portfolio and the Swedish market portfolio, isacrucial
factor for explaining the return covariation and that most of the macro
factors, including theforeign exchangefactor, seemto beinessential. In
the second part, a pure forecasting exercise highlights once again the
importance of the market factor. However, it isinteresting to find that
intheanaysisof thedifferent globa minimum variance portfolios, which
isaproblem moreanal ogousto practical risk management, not only the
market portfolio but al so portfoliosmimicking size and book to market
are important.

Theoutline of the paper isasfollows: section |1 discussesthe data,
the definition of the factors, the methods for the construction of the
factor mimicking portfoliosand the estimation of the covariance matrices
of thefactor models; section 11 analyzesthe empirical resultsand there
isfinally aconclusion in section IV.

1. Dataand Method

A. Data

Thedatacover theperiod 1977 to 1997 and consi st of monthly Swedish
stock returns that are corrected for dividends and capital changeslike
splitsetc. For firm characteristicsthearticle usesdatafrom 1979-1996.
Thedataare collected from thedatabase“ Trust”. The sampleincludes
all shares excluding banks and financial firms on the so-called “A1-
listan” .2 The sampl e represents more than 95% of the market value of
all shares. The number of firms is on average 95 per year with a
maximum of 110 and aminimum of 72. All information on accounting
dataiscollectedfromthefirms annual statementsanditischecked that
al firms follow the same accounting standard. In addition each item
from the annual reports has been checked to be comparable across all

2. This exclusion is mostly due to the facts that these firms leverage and their
accounting methods are not analogous to that of the other firms.
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thefirms. Themonthly dataon market value of equity arecollected from
“Veckans Afféarer”. Data for macroeconomic variables are from the
database Ecowin. Thefiscal year isin December for more than 90% of
the cases.

B. Slected Factors

Thearticlegenerally follows Chan, Karceski, and L akonishok (1998) to
define thefactors. However, aworld market index and the movement
in the exchange rate, which is a proxy for the relative competitive
strength of the Swedish economy, are added since both factors should
beimportant for Sweden asasmall open economy witharelatively free
capital market. The following four groups are used as the potential
candidates for risk factors.

Themarket portfolioiscaptured by acombination of thefollowing
portfolios:

Excessreturnson avalue weighted index of the Swedish Stock
Exchange (R).

Excessreturnsonthe Morgan Stanley world index computedin

SEK (R).

The fundamental factors are based on the firm characteristics;®

Book-to-market ratio (BM) for forming the monthly portfolios
from July year t to Juneyear t+1 isdefined by dividing the book
value of the equity from the firm'slast annual statement inyear
t—1 by the market value of the firm at the end of December in
t—1.

Leverage (Lev) isthe book value of total capital divided by the
book vaueof equity. Bothfiguresaretakenfromthefirm'slatest
annual statement in year t-1.

3. We follow Fama and French (1992) and use the book values from the firms' latest
annual reports even if they are not from the end of December while the market values are
from the end of December. It means that we, as in Fama and French (1992), assume that
the changes in book values between the fiscal year end and the end of December is not
substantial. Of course in a few cases it may result in incorrect values. On the other hand,
using the same date for book and market value for each firm forces us to use market value
from different dates for different firms. Taking into consideration that the market value
is more volatile relative to the book value, this should lead to a more inaccurate estimate.



230 Multinational Finance Journal

Earnings/priceratio (EP) aretheearningsfrom thelatest annual
statement divided by the market value of the firm at end of
December, both fromt—1. Negative earnings/pricesare excluded
and the exact number varies over the years, but it ison average
11%.

Szeisestimated for each month as the market value of equity.

The technical factors are based on past stock returns over three non-
overlapping periods:

R(—36,—12) isthereturn over atwo-year period, beginningthree
years and ending one year before the start of the month under
consideration.

R(-7,-1) isthereturn over asix-month period, beginning seven
monthsand ending onemonth before the start of themonth under
consideration.

R(-1, 0) isthereturninthemonthimmediately beforethe start of
the month under consideration.

The macroeconomic factors:

Growth of the industrial production (DIP) is defined as the
percentage change in the monthly industrial production.

Real interest rate (RTB) isthereturn on one-monthtreasury bills
minustherelative changesinthe monthly consumer priceindex
(CPI).

Maturity premium (Term) isthe return of ten-year government
bonds minus the return on one-month treasury bills.

Slope of the yield curve (Sope) is the difference between the
yield onten-year government bondsand theyield onthree-month
treasury bills.

Percentage change in the monthly expected inflation (DEI) the
expected inflation is estimated as the forecast obtained by
applying an autoregressive moving average process(ARMA) to
the monthly relative changesin the CPI from 1960:1 to 1998:5.
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Theselected ARMA model withwhitenoiseresidualsresulting
from a step-wise processis.

4 3
I, = Zﬂlt—i + @l +Z & + 6u , tu, 2)

Unanticipated inflation (Ul) is estimated as the forecast errors
from the model above. Percentage changeinthe exchangerate
comes from SEK/USD (DEX).

C. Factor Mimicking Portfolios

Factor mimicking portfolios are zero investment portfolios that are
particularly sensitive to a specific factor. These portfolios are
constructed according to the stock |oadings on thefactors: stockswith
high loadings on a factor get positive weights while stocks with low
loadings obtain negative weights. As a result, a portfolio with an
intensified exposure to a particular factor is obtained.

Estimation of Loading

For the fundamental and the technical factorstheloadingsare directly
represented by the corresponding variable.* For the remaining factors
theloadingfor each firm on each of thefactorsisobtained by regressing
the excess stock returns on the factor using the most recent 36 months
historical observations before the portfolio formation month. The
estimates are updated each month. To estimate the loadings on the
macroeconomic factors excess return on the world market as well as
the Swedish market portfolioareincludedintheregression. Theideais
to separate out effects that are aready reflected in the market
portfolios. To estimate the loadings on the home market index two
alternativesareused. A univariateregressionisfirst appliedto estimate
asset betasagainst thisindex. However, itisalsointeresting to separate
thevariationinstock returnsdueto themovementsintheworld market
R, fromthat dueto themovementsonly related to thehomemarket. As
an aternative R, is added as an explanatory variable when estimating
the asset betas against the home market index.

4. For smplicity we refer to all the fundamental and technical variables as loadings
since the values of the fundamental and technical variables are also supposed to represent
the relative loadings of the assets on some background factors.
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Constructing Mimicking Portfolios

The purposeisto construct a portfolio with amean return equal to the
risk premium of a background factor and with a beta equal to one
against thefactor (see Cochrane, 2000). Thebackground factor may be
either alatent or an observablevariableand itsvaluesarein general not
returns.

Stocksarefirst sorted according to thel oadings on aspecific factor,
secondly the stocks with low and high loadings are grouped in two
different portfoliosandfinally afactor mimicking portfolioisconstructed
by taking along position in the portfolio with high loadings and ashort
position in the portfolio with low loadings (HmL).

There are several alternative methods to weight the stocks in the
high-loading and the low-loading portfolios. The most common
aternatives are either to form equally weighted portfolios (e.g. Chan,
Karceski, and Lakonishok [1998]) or to form valuewei ghted portfolios
(e.g. Famaand French[1993]). Theseweighting methods are somewhat
ad hoc. The approach isto weight the stocks by their relative distance
of theloadingsin order to maintainthelink betweentherelativeloadings
and the weights. The weight of the asset i in the portfolio with low
loading on factor k is computed as:

—1_ X = Min, (Xikt)
e =1 max; (X, )= min; (%)’ @

and for the portfolio with high loading the weight is:

maX; (Xikl)_xikl 3

e =17 max; ()ﬂkt)_mini (Xikt),

wherew;,, istheweight of asset i infactor mimicking portfoliok at time
t and x;,, isthe loading of asset i on factor k at timet. The weights are
then normalized in order to sum to one.

In the analysis the weights of the factor mimicking portfolios are
updated every month except for BM, Lev, and EP where the values
from the end of December year t—1 are used to form mimicking
portfoliosfor July year tto Juneyear t+1. Certain returnsare considered
asoutliersand they are not used when constructing mimicking portfolios.
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Themotivationisthat ahandful of observation should not excessively
influencetheportfolioreturn, sincetheportfoliosare supposed to mirror
common fundamental factors. Returns above 100%, twelve
observations, and returnsbel ow —60%, eight observations, areexcluded.
These observations are mostly from 1992.

D. Benchmark Portfolios

To anayzethe behavior of themimicking portfoliositisconvenient to
haveametric. For thispurposethe assetsarerandomly divided intotwo
groups and a portfolio is constructed by going long in one group and
short in the other. The resulting random portfolio should have no
significant loading onany factor risk anditsvariance should only reflect
idiosyncratic risk. The number of stocksinthisportfolioisthe sameas
thenumber of stocksinthefactor mimicking portfolios, sinceincluding
more (less) stocks would decrease (increase) the idiosyncratic risk of
therandom portfolio compared to themimicking portfolios. It would be
difficult to comparethe portfolio variances dueto the factor loading if
the potential idiosyncratic risk differs.

Two alternative benchmarks for the market and the macro-factors
are used (see Chan, Karceski, and Lakonishok [1998]): the first is
derived fromaseriesof auniformly distributed random variabl e between
zero and one and the second benchmark is derived from randomly
reshuffled series of the macro variables and the market returns (from
each original series a new series is constructed by random selection
without replacing). The loading of each asset on these new seriesis
estimated (therandom and thereshuffled series) and then themimicking
portfoliosare constructed asabove. AsChan, Karceski, and L akonishok
(1998) show grouping stocks with similar loading on these series is
equivalent to grouping them according to the covariance between their
historical returns.® To insure the randomness of the new series this
procedureisrepeated 100 times and the average volatilities of the 100
mimicking portfolios are used for each new series as the benchmark
volatility.

E. Variance-Covariance Matrix of the Factor Model

The factor model generating returns of the asset i is given by:

5. See Chan, Karceski, and Lakonishok (1999) footnote in page 173.
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K
R, =q, +21,8inkt +g,, fori =1,...,N,

E[e] =0, (4)
E[eg] =S,

and R, isthereturn in excess of therisk freerate for asset i at timet,
f 1sthevalue of thekth factor, 8, measures the sensitivity of the asset
i for thefactor k and g, isanidiosyncratic asset specific error and & =
[&y - &’ 1S @ Nx1 vector of error terms with mean zero and
variance-covariance matrix S If thefactor structure takesinto account
all crosscovariancesof thereturnsthen the variance-covariance matrix
of the residuals will be diagonal, since it is assumed that some
idiosyncraticriskisnever explained by thefactor model. However, itis
possible that idiosyncratic components exist in the return covariances
and Sistherefore not diagonal. It isassumed that the systematic return
covariationwill persist over timebut theidiosyncratic componentsare
non-persistent and the best forecast of the future variance-covariance
matrix is therefore:

V=8QB +D, (5)

where D isaNxN diagonal matrix of theresidual variancesfor N time
seriesregressions, Q isaKxK variance-covariancematrix of thefactors
and g is a NxK matrix of the sensitivities of the N assets for the K
factors. Consequently the elements in matrix V are:

K K
Vi =lelgik:8jlak|, forali#j,

‘K 6)
Vi = Z} ; BiBioy +5,

wheres ; istheelement inrow k and column| of the covariance matrix
of thefactors, Q, and s?istheresidual variance of the factor model for
asset i. It follows that:

COV(R’Ri)zvi,J +S;,
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var(R)=V,., 0

where g, , is the covariance between the residuals of the factor model
for asset i and j, which might partly consist of some idiosyncratic
componentsand partly of some unexplained systematic covariationthat
is not captured by an incomplete factor model. The worse the factor
model isthelarger aretheunexplained covariancesandtherefores ; will
be larger in magnitude, while V;; will shrink toward zero.
Thearticleanalyzesdifferent model sthat are built from the groups
of factorsmentioned above. Thefollowingaternative model sare used:

M1: Market portfolio.

M2: Fama and French’s three-factor model.

M3: Market portfolio plus al the fundamental factors.

M4: Market portfolio plus al the technical factors.

M5: Market portfolio plus all the macroeconomic factors.

M6: Market portfolio plus all the fundamental, technical and
macroeconomic factors.

M7: All thefundamental, technical and macroeconomicfactors
(no market).

M8: Random series mimicking portfolio.

Thus, themarket portfolioisthestarting point and then theother factors
are added. The* Random series mimicking portfolio” isabogusfactor
that serves as a benchmark.

A world market index, R,, and aSwedish market index represent the
market factor, whichisorthogonal to theworld market index. First the
univariateregression of thehomemarket index, R,, ontheworld market
index is estimated:

Ry =Vo * iR +U,, (8)

Theny,+u, areused asproxiesfor the Swedish market movementinthe
multifactor model, which is denoted by R, and referred to as the
orthogonal Swedish marketindex. Theother factorsarerepresented by
their loading weighted mimicking portfolios.
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[11. Analysis

The first part of this section analyzes the determinants of common
variationin returns by looking at the volatility of thefactor mimicking
portfolios. The second part investigates the power of the different
models to predict future covariances and their usefulness in risk
management.

A. Volatility of the Mimicking Portfolios

A quick look at the correl ationsamong the mimicking portfoliosand their
mean returnsintable 1 showsthat the seriesarein general uncorrelated.
The factor representing the world market portfolio, R, is somewhat
correlated with R, and the SEK/USD exchange rate, DEX. Looking at
thecorrelation among thereturns of the mimicking portfolios, (seetable
2), itisobviousthat thecorrel ationsincreasein absol ute values. Among
themean returnsof thefactor mimicking portfoliosthefollowingresults
areworth noting (seetable 3). Only the BM and the R(- 1,0) have mean
returnsthat aresignificantly different from zero: positive and negative
respectively. The result for R(—1,0) indicates that there are negative
autocorrelationsin individual returns or mean reversion on amonthly
basis.

Thevolatility of thefactor mimicking portfoliosisusedto assessthe
importance of the factorsin explaining return covariation. To see the
motivation behind this metric consider the following one-factor model:

R.=a,+Byf. t&,, fori =1...,N,
E[s] =0, 9)
E[eg] =S.
The variance of a portfolio of the assets can then be written as
N N N N
ar(Rp): Z ZWinUij :Z ZW.W, (:3,3 oy +$1)
1 ] 1 ]

(10)

:afiiwle ,8+ZZ ws; -
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TABLE 3. Mean Returns

Std p—value Std p—vaue

BS 0.002 493 ul 0.003 .249
BSo 0.002 466 Sze 0.001 .686
BW 0 .886 BM 0.008 .014
DIP 0.001 751 Lev —-0.002 .716
RTB 0.001 .619 EPP 0.003 .318
TERM -0.002 513 R(-1,0) -0.023 .000
S.OPE 0.001 .860 R(-7,-1) 0.001 762
DEX 0.002 485 R(-36,-12) -0.006 110
DEI -0.004 134

Note: The table shows the mean returns of the mimicking portfolios for the period
198007-199712. BS: Mimicking portfolio for the value-weighted Swedish market index.
BSo: Mimicking portfolio for the orthogonalized value-weighted Swedish market index. BW.
Mimicking portfolio for the Morgan Stanley world index. DIP: Percentage change in the
monthly Swedish industrial production. RTB: Return on one-month treasury bills minus
relative changes in the monthly consumer price index. Term: The return of ten—year
government bonds minus the return on one-month treasury bills. Sope: The difference
between yields on ten—year government bonds and three-month treasury bills. DEX:
Percentage change in the exchange rate SEK/USD. DEI: Percentage change in the monthly
expected inflation. Ul: Unanticipated inflation estimated as the forecast error. Sze: Market
value of stocks. BM: Book-to-market ratio. Lev: Leverage. EP: Earnings/price ratio.
R(-1,0): Return in the month before the start of the month t, where t is the month under
consideration. R(—7,—1): Return over a six-month period, beginning seven months and
ending one month before t. R(—36,—12): Return over a two-year period, beginning three
years and ending one year beforet.

Thefirsttermisthe part of theportfolio variancethat isexplained by the
factor model whilethe second termistheunexplained part. For an exact
factor model )° ) wws; =0, but if the factor isuseless g ) ) WiwjS5;
=0sinceall £,=0. If afactor isimportant then assets with similar betas
are correlated. A mimicking portfolio usesthisto theutmost sinceitis
constructed by going long in assets with the most positive betas and
shorting assets with the lowest betas. This method maximizes the
portfolio risk and it is the opposite of portfolio formation in order to
reduce risk. Constructing amimicking portfolio according to the betas
against a useless or a random factor implies that the assets are
partitioned on a random basis, which results in a more diversified
portfolio with alower portfolio variance.
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To analyze the standard deviations of the mimicking portfoliosthe
articlefirstlooksat thefundamental and thetechnical portfolioswhere
a random portfolio is used as a benchmark. Secondly, the article
analyzesif the portfolios mimicking the market and the macro factors
deviate from a portfolio based on the uniformly distributed random
series. Therandom seriesbenchmark isabovethe random portfolio (see
table 4), since the former contains idiosyncratic risk as well as the
covariance structure among the assets while the latter only contains
idiosyncratic risk.

The standard deviations of the portfolios vary between 3.6% on a
monthly basis for DEI to 6.7% for Lev (see table 4). A comparison
between the standard deviations of the fundamental and technical
portfoliosonthe one hand and therandom portfolio, 1.6%, ontheother
hand showsthat the factor mimicking portfolios have at | east twicethe
standard deviation of the random portfolio. Theresult of the F-test for
equality of two variances, thevariance of themimicking portfolio versus
the random portfolio, shows that the mimicking portfolios of the
fundamental and technical portfolioshavesignificantly higher variances.

The standard deviations of the market portfolios are above the
standard deviation of the portfolio based on loadings on a random
series.® The market portfolios are all significantly different from the
benchmark. Note, that there are no particular differences between the
market mimicking portfolios whether they are orthogonalized or not.
Hence, the world market portfolio does not capturetheinfluencefrom
the home market. The macro portfolios on the other hand have more or
lessthesamevol atility asthe benchmark. Theresult of the F-test shows
that it isnot possibleto reject the equality of the standard deviations of
RTB, Term, DEX, DEI, and Ul with thebenchmark at the 5%-level (see
table 4). Infact, DIP and Sope are only significant at the 10%-level.
That DEX, which represents foreign competition is not important may
appear a bit counterintuitive since very few Swedish firms have
sheltered home markets. However, themost likely explanationisthat the
foreign influence is mediated via the world market portfolio.

Based on these results it is possible to conclude that most of the

6. All the results from the reshuffled series are amost the same as the results of the
random series. These results are not reported but available on request
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TABLE 4. Mimicking Portfolio Versus Benchmark Volatility

Std p—vaue

BS .051 .000
BSo .047 .004
BW .047 .006
DIP .043 .076
RTB .039 .518
TERM .038 729
S.OPE .044 .055
DEX .041 .233
DEI .036 .887
Ul .036 .875
Sze .045 .000
BM .046 .000
Lev .067 .000
EPP .043 .000
R(-1,0) .052 .000
R(-7,-1) .046 .000
R(-36,-12) .051 .000
Benchmark 1 .016

Benchmark 2 .039

Note: The table compares the standard deviations (std) of the mimicking portfolios
with std of the two benchmark portfolios: a randomly constructed HmL portfolio
(Benchmark 1 for comparison with fundamental and technical factors) and a mimicking
portfolio based on loadings on a uniformly generated random series (Benchmark 2 for
comparison with market and macroeconomic factors). The table aso shows the p—values
resulting from the F-test of equality of two variances, which compare each mimicking
portfolio against the corresponding benchmark. BS Mimicking portfolio for the
value-weighted index of the Swedish Stock Exchange. BSo: Mimicking portfolio for the
orthogonalized value-weighted Swedish market index. BW: Mimicking portfolio for the
Morgan Stanley world index. DIP: Percentage change in the monthly Swedish industrial
production. RTB: Return on one-month treasury bills minus relative changes in the monthly
consumer price index. Term: The return of ten—year government bonds minus the return on
one-month treasury bills. Sope: The difference between yields on ten—year government
bonds and three-month treasury bills. DEX: Percentage change in the exchange rate
SEK/USD. DEI: Percentage change in the monthly expected inflation. Ul: Unanticipated
inflation estimated as the forecast error. Sze: Market value of stocks. BM: Book—to—market
ratio. Lev: Leverage. EP: Earnings/price ratio. R(-1,0): Return in the month before the start
of the month t, where t is the month under consideration. R(-7,—1): Return over a
six—-month period, beginning seven months and ending one month before t. R(-36,-12):
Return over atwo-years period, beginning three years and ending one year beforet.
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macro portfolios are redundant.” These results are slightly stronger
compared to the results of Chan, Karceski, and Lakonishok (1998)
where only some of the macro portfolios were superfluous.

Although the standard deviation is used as measure for the
importance of the factors there are certain doubts as to the usefulness
of this metric. The magnitude of the standard deviation of a factor
mimicking portfolio originates from two sources: there are large
systematic differences between the asset returns with high and low
loadingsto thisfactor and/or thereisalargetime seriesvariationinthe
factor itself (seeequation 10).8 Therefore, afactor withahighvariation
over timewill appear to be moreimportant than afactor with asmaller
variation. An exampleisthe standard deviation of leverage versusthe
market where this difference is due to a few extreme observations
duringtheturbulent yearsof theearly 1990swhen the highly leveraged
firms were affected by a deep recession.

B. Forecasting Variances and Covariances

Threemethodsareusedto judgetheability of different factor modelsto
predict covariances. the first method compares the predicted
covariances of the models with the realized covariances, the second
method comparesthevolatility of theglobal minimum varianceportfolio
from different model sand thethird method analyzesthe capabilities of
thefactor modelsto predict the possiblefuturelosseswithinaVaue-at-
Risk framework. Notice that the whole exercise is done under the
presumption that the variance-covariance is relatively stable during
estimation and evaluation periods.

Comparing with the Realized Covariances

Thefirst method comparesthealternative covarianceforecastswiththe
realized covariances estimated on 36 months future returns.® The

7. This may be due to the fact that the market portfolio is included when we estimate
the loadings on the macro variables.

8. Notethat the explained part in (10) is also driven by the factor variance

9. We have aso estimated realized variance-covariance matrices using 12-months
future returns. This alternative results in relatively larger mean absolute errors and lower
correlations with forecasted variances, compared to the case with 36-months future returns.
This supports the results of Chan, Karceski, and Lakonishok (1999) that 12-months returns



Equity Risk Factorsin Sweden 243

predicting powers of the factor models are compared across different
models and al so with two additional simple models: afull covariance
matrix and a constant covariance model that is estimated as; °

cov, , =cov,for O j, (11)

where cov is the average covariance. All the forecasted covariances
are based on 60 months historical returns. The article uses several
approachesto comparetheforecasted and therealized covariances. The
mean and median absolute forecast errors are used to measure the
magnitude of theforecast errors. To investigateif theforecaststend to
beinthe samedirection astherealizationsthe article estimatesalinear
regression of therealized covariancesontheforecasted covariancesand
also computes the correlations between the covariances. These
estimations and the comparisons are repeated at the end of June each
year. The reason to prefer yearly regressions to a pooled regression
usingall theelementsof theyearly matricesisthat the pooled regression
resultsin bias sinceit imposesthe sameintercept for al theyears. The
interceptswill probably vary over time, sincearelatively calmperiodis
sometimes used to forecast covariancesfor an extreme period anditis
then more likely that the forecast will on average underestimate the
realized covariances, and vice versa going from avolatile period to a
normal one.

Table 5 displays the summary statistics of the yearly estimated
covariances. The statistics show that all models have means that are
very close to each other except for the model without the market M7
and the benchmark model M8. Figure 1 showsthat for different factor
models the yearly averages of the covariances vary over time in the
same manner. For the samefactor model theannual averagesvary alot
over time. Notethat M7 explainssome of thereturn covariation. There

give poor estimates of the variance-covariances. However, the relative powers of different
models are almost the same as for the case with 36-months returns.

10. Note that the full covaring model corresponds to a N-factor model. The sample
covariance model has no specification error, since no structure is imposed, but it may have
a relatively large sampling error since a large number of parameters have to be estimated.
A factor model has a smaller sampling error but is has aso a specification error (see
Jagannathan et a. 2000).
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Yearly Means of the Covariance
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8507-8806 8607-8906 8707-9006 8807-9106 8907-9206 9007-9306 9107-9406 9207-9506 9307-9606 9407-970I

Ficure 1.— R is for realized covariance estimated based on 36
months returns after June each year. F is the sample covariance
estimated based on 60 months returns before June each year. CCov is
estimated asthe average covariances. For the definitions of themodels
M1-M8 see notes under the table 5. The labels of the x-axis show the
time intervals used to estimate the realized covariances.

are very few negative entries, which can be seen from the fact that the
fifth percentile is positive except for M7.

Table6 showsthestatisticsof the estimated absol uteforecast errors
and the average of the yearly estimated slopes and correlation
coefficients. Themain result isthat the simplest factor model, M1, has
the smallest mean and median and its slope and correl ation are more or
lessthe sameasfor the more complicated models. Thisissimilar tothe
results of Chan, Karceski, and Lakonishok (1999a). Themodel Full is
almost on all scoresworsethan the model sthat includethe market M1-
M6, sinceit includesidiosyncratic el ementsand theseare al so reflected
in its higher standard deviation in table 6. The simplest model is
Constant covariance, whichisnot asgood as M1 but it does not differ
that much from M1-M6. The bad scores of M7 that includesall factors
except the market show that the market is central for the forecast.
However, these other factors are not useless since M7 is definitely
better than M8 that stems from a bogus factor. Looking at different
yearsinfigure 2itisinterestingto noticethat M8, whichisgeneraly the
worst model, has the smallest forecast error for the last period 9407-
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Yearly Means of the Absolute Errors
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Ficure 2.— R is for realized covariance estimated based on 36
months returns after June each year. F is the sample covariance
estimated based on 60 months returns before June each year. CCov is
estimated asthe average covariances. For the definitions of themodels
M1-M8 see notes under the table 5. The labels of the x-axis show the
time intervals used to estimate the realized covariances.

9706. This shows that when there is a shift from high to low market
volatility, as shown by the average realized covariance, a model that
generally predictslow covariances (seefigure 1) will by coincidence
have a small prediction error.

Minimum Variance Portfolio

This section uses aternative covariance matrices to find the global
minimum variance portfolio and its corresponding weights. The
aternatives are the covariance matrices given by the different factor
models and the full covariance matrix. The estimated covariance
matrices are based on 60 months historical returns. Short selling is not
allowed and the portfolio weights are restricted to fall below 10%.
Portfolio weights are updated in June each year and are used for the
subsequent twelve months. A value weighted portfolio and an equally
weighted portfolio of all theassetsincludedinthesamplefor eachyear
areused asbenchmarks. The portfolio volatility of themonthly returns
isused tojudgethepredicting ability of thedifferent covariancemodels.

Unlike the previous tests the market model M1 is not any longer
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sufficient and by adding Sze and BM, i.e. Fama-French three-factor
model, theannual standard deviationisreduced from0.192t00.183that
isarelativereduction of morethan 4% (seetable 7). Table 7 al so shows
the averages of the yearly values of beta, size and book-to-market for
thedifferent global minimum variance portfolios. Theportfolio betasare
based on the asset betas that are estimated from 60 months historical
returns before the portfolio formation. The other two portfolio
characteristics are computed from the average firm sizes and book-to-
market values over 60 months preceding June of each year. All the
factor models, M1-M7, havelow betavalues. Themodelsincludingsize
and book-to-market, M2-M3 and M6-M7, are larger in size than the
equally weighted portfolio but their book-to-market valuesaresmaller.
Thenaivestrategiesof theequally or thevalueweighted portfolioshave
much higher volatility than all factor models. In general the portfolios
withlow volatility pick firmswithlow betas, |ow book-to-market ratios
and abovetheaveragesize. Thisisconsistent with theinterpretation of
these attributes as risk factors.

In practice it is more common that a portfolio manager has to
minimize portfoliorisk relativeto atarget portfolio. To find the global
minimum varianceportfolioisthe sameasminimizingthetracking error
volatility where the target is arisk free asset, i.e. an asset with zero
sengitivitiestoall thefactors. Itisvirtually impossibletofind aportfolio
with a zero market beta since short sales are not allowed and there are
almost no assets with negative betas. As a result the optimization
proceduretriesto find portfolioswith aslow market betas as possible.
To better gauge the importance of the other factors a target portfolio
whose market betaissimilar totheaveragebetaischosen. Thesimplest
choiceistheva ueweighted market portfolio, which hasabetaequal to
one, sinceitissimplefor aportfoliotoimitate. Tominimizethetracking
error volatility, thereturn of each asset in excess of the valueweighted
market index is computed and then the global minimum variance
portfolio with the same restrictions as above is found. The result is
presentedintable8. Theportfoliowiththesmallest tracking error isthe
Fama-French three-factor portfolio, M2, followed by factor portfolios
including these threefactorsM3, M6 and M7. That the value weighted
portfolio hasasmall tracking error isnot surprising sincethisportfoliois
almost identical to thetarget portfolio: the differenceisthat the target
containsall existing assetsin the month under consideration whilethe
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value weighted portfolio contains all assets with alife of at least six
years and with historical weights. All models excluding Size and BM,
including the market model M1, perform poorly. That M1 and M8 are
close to each other is not unexpected, since both models have no
explanatory power for theexcessreturnsand thereforetheir respective
covariances are closeto zero. Looking at the portfolio attributesall the
modelshave market betascloseto or equal to one. Thebest performing
portfoliosconsist of largefirmswith low book-to-market values. Thus,
both size and book-to-market areimportant attributesinforming aglobal
minimum variance portfolio as well as in minimizing tracking error
volatility, while the technical factors, which were important in the
analysis of standard deviations, are now unimportant.

Value at Risk

For aportfolio manager itisinterestingto test the capability of different
factor model sto predict possiblefuturel osses. Oneway to analyzethis
is to compute Vaue-at-Risk (VaR) from the estimated covariance
matricesof thefactor models. Assumingthat theportfolio valueisequal
to unity, VaR for aportfolio is defined as:

VaR=pu-o.c,, (12

where | is the expected return, o, is the standard deviation of the
portfolio and c, is the critical value for the «% one-sided confidence
interval of astandard norma distribution. VaRisestimated for anequally
weighted portfolio of al assetsfor which at least 60 months historical
returns are available. Twelve months historical returns before the
months under consideration are used to estimate p.'* The covariance
matricesimplied by thedifferent factor modelsand thefull covariance
matrix are used to estimate o,,.

1
o,= WNI , (12
where isavector of oneswith alength equal to the number of assets,

N. VaR is estimated for each month using an updated estimate of V
based on the preceding 60 months returns.

11. The estimated mean is not that important, since we are comparing the covariances
across the models.
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TABLE 9. Outcomes Outside the Estimated Value-At—Risk

99% Cl 95% Cl 90% Cl

Full 2.00 6.67 10.00
M1 2.00 6.67 10.00
M2 2.00 6.67 10.00
M3 2.00 6.67 10.00
M4 2.00 6.67 10.00
M5 2.00 6.67 10.00
M6 2.00 6.67 10.00
M7 6.67 10.67 14.67
M8 18.00 24.00 27.33
Expected portion 1.00 5.00 10.00
Z-dtatistics

Full 1.23 .94 .00
M1 1.23 .94 .00
M2 1.23 .94 .00
M3 1.23 .94 .00
M4 1.23 .94 .00
M5 1.23 .94 .00
M6 1.23 .94 .00
M7 6.98" 3.18" 191
M8 20.93" 10.68™ 7.08”

Note: The table shows the actua portion of the outcomes outside the boundary given
by the estimated Value—at—Risk (VaR) for different confidence levels (Cl). The table also
reports the results of the test of equality between the expected proportion and the actual
proportion. VaR is computed for an equally weighted portfolio of all assets for which at least
60 months historical return data is available. Mean returns are estimated with 12 months
historical returns before the months under consideration. The portfolio variance is estimated
using the covariance matrices implied by the different factor models and the full covariance
matrix using 60 months historical returns. Eight different factor models are used to estimate
the covariance matrix of the returns and all the models are estimated on a moving window
of 60 months returns before June each year. For the definitions of the models see notes
under the table 5. Z—statistics marked with one asterisk are significant at the 10% level and
with two asterisks are significant at the 1% level. VaR is estimated for 150 months.

The purpose isto see if the ability of the commonly used market
model to assessthe maximum possiblelossof anarbitrary portfolio can
beincreased by including an additional set of factors. Theresultsintable
9 show that all factor model sthat includethe market factor areidentical.
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TABLE 10. Average Value-At-Risk

99% Cl 95% Cl 90% Cl
Full -.157 -.109 —-.083
M1 -152 -105 -.080
M2 -.157 -.109 —-.083
M3 -.157 -.109 —-.083
M4 -155 -107 —-081
M5 —-154 -106 —-.081
M6 -.157 -.109 -.083
M7 -.108 -.074 —.056
M8 —.054 —-.035 —-.026
Empirical boundary —.181 -.108 —-.068
Normal boundary —-.149 -.102 -.077

Note: The table shows the average of the estimated VaR for different confidence levels
(CI). The table also reports the left—hand side boundaries given by the empirical distribution
of the returns and by the normal distribution for different confidence levels. VaR is
computed for an equally weighted portfolio of al assets for which at least 60 months
historical return data is available. Mean and variance of the portfolio returns are used to
estimate the boundaries for the normal distribution. Mean returns are estimated with 12
months historical returns before the months under consideration. The portfolio variance is
estimated using the covariance matrices implied by the different factor models and the full
covariance matrix using 60 months historical returns. Eight different factor models are used
to estimate the covariance matrix of the returns and all the models are estimated on a
moving window of 60 months returns before June each year. For the definitions of the
models see notes under the table 5. VaR is estimated for 150 months.

Although the actual portions outside the boundaries of 1% and 5% are
abovethe expected ones, the differencesare not significantly different
from zero.'? The expected portion outside the boundary is calculated
from the empirical distribution whilethe VaR of thefactor modelsare
constructed assuming norma distribution. Thedifferencesin proportions
might be dueto forecasting error in the covariance matrix and/or using
thewrongdistribution. To analyzethisproblemthearticle comparesthe
empirical boundariesintable 10 with theboundariesconstructed under
the assumption of normality, where the latter is based on the average
return and the sample standard deviation for the whole period. It is

12. Note that we have just 150 monthly observations and the expected number of
observations outside the 1% boundary is 1.5.
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Value-at-Risk for 10% Confidence Level
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Ficure 3.— Value-at-Risk for 10% confidence level estimated for
an equally weighted portfolio of all assetsfor which at |east 60 months
historical return datais available. The portfolio variance is estimated
using the covariance matricesimplied by thedifferent factor modelsand
the full covariance matrix using 60 months historical returns. For the
definitions of the models M1-M8 see notes under the table 5.

evident that theempirica distribution hasmoremassinthelower 1%-tall

thanthenormal distribution. Atthe sametime, thedifferencesbetween
the average VaR for the factor models and the normal boundaries are
very small. Thus, theréatively poor resultsfor the 99% confidencelevel

probably stem from theassumption of normal distributionthat isusedin
constructing VaR. The weak performances of the models M7 and M8
depend on their underestimation of the covarianceelementsthat implies
that the portfolio risks are underestimated and consequently the
estimated lossesaretoo small. Figure 3 showsthemonthly variationsin
the 10% boundary, which arealmost identical for all factor model sthat
includethe market. Theresultsaresimilar to the exercise of predicting
the covariance matrix, whichisnot surprising sincefor VaRitisasoa
guestion of predicting future covariance in order to find the proper
distribution for an equally weighted portfolio.

Thedifference between theresultsof forecasting errorsand VaRon
the one hand and the results of risk minimization on the other hand has
thefollowing explanation: inthefirst caseitislikean equally weighted
portfolio, i.e. all elementsinV are equally important, but in the second
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case the risk reduction is obtained vialarge firms and firms with low
book-to-market values, which implies that these firms receive high
weights. Thus, in the latter case all elements in V are not equally
important, in fact, some elements are of no importance at all since the
restriction of no short salesimpliesthat several assetshave zeroweights
(approximately 50% of the assets).

V. Conclusions

Thisarticlehasinvestigated if aparsimonious set of factorsisimportant
determinants of common variation in returns. The specific object of
analysisisthe Swedish stock market for the period 1978 t0 1997. The
choice of thefactors has been inspired by thework of Chan, Karceski,
and Lakonishok (1998), but the article has also included factors that
should capturethefact that most Swedish firmsare exposed to foreign
competition and are active in several export markets. This makes the
analysisinteresting not only for other small open economiesbut alsofor
sectors or firmsin large economies that move on the world market.
Theanalysisissplitintotwo separate parts. Thefirst part focusesonthe
standard deviationsof thefactor mimicking portfolios. The second part
investigates if the different factor models are doing better than some
benchmarks from the point of view of predicting and controlling risk.

Inthefirst part theresults show that the mimicking portfolios of most
macro factors have standard deviations that are not significantly
different fromthe standard deviation of the benchmark portfolio. Thus,
fromthisperspectivethemacro factorsare not important for explaining
covariationsamong returns, whichisastronger result than thefindings
in Chan, Karceski, and Lakonishok (1998). The macro factor that
representsforeign competition, the percentage changeintheexchange
rate SEK/USD (DEX), is not important, which may appear a bit
counterintuitive since very few Swedish firms have sheltered home
markets. However, the most likely explanation is that the foreign
influenceismediated viatheworld market portfolio. At thesametime,
the Swedish home market is an important factor and the world market
does not subsume its volatility.

The second part first comparesthe general forecasting abilitiesof the
factor models with the benchmarks. Several measures are used to
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compare the forecasted and the realized covariance matrices, and the
most important is to estimate the magnitude of the forecast errors by
looking at the mean absoluteforecast errors. Themainresult isthat the
simplest model just including the market, i.e. the home market and the
world market, isthebest. Thecentrality of themarket portfolioissimilar
to the results of Chan, Karceski, and Lakonishok (1999a).

To find the global minimum variance portfolio is a more risk
management likeexercise. Theweightsfor thisportfolio are constructed
from the covariance matrices given by the different factor modelsand
the full covariance matrix respectively. To evaluate the resulting
portfoliosthearticleusestheir volatility of monthly returns. Unlikethe
previous tests the market model is not sufficient any longer and by
adding Sze and BM, which constitutes the Fama-French three-factor
model, thereisarel ativereductioninthe standard deviation of morethan
4%. A most interesting result isthat the portfolioswith low volatilities
pick firmswith low betas, |ow book-to-market values and sizes above
theaverage. Thisisconsistent with theinterpretation of theseattributes
asrisk factors. Thedominanceof themarket factor makesit difficult to
separate out the importance of the other factors. Therefore the article
studies the tracking error volatility in relation to the value weighted
market portfolio. Again the Fama-French three-factor model has the
smallest tracking error and factor modelsincluding thesethreefactors
follow it. Thus, both size and book-to-market areimportant attributesfor
minimizing portfolio risk.

Finally the models are compared by using Vaue-at-Risk (VaR)
where the portfolio variance is estimated by the factor models. The
results show that all factor models that include the market factor are
identical. These results are similar to the exercise of predicting the
covariance matrix since both exercises give equal importance to all
elements of the matrix. However, in order to find the global minimum
varianceportfolioitismost unlikely that thisportfolio hasequal weights.

Thefinal view of thetwo methodsfor judging theimportance of the
different factors is that the standard deviations of the mimicking
portfoliosmight betoo generousfor pickingimportant factorswhilethe
predicted covariance matrices used in risk management applications,
which aremoreimport froman economic point of view, provideafiner
separation. The article has two overall conclusions. The market, as
represented by both the world market portfolio and the Swedish home
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market portfolio, is aways of central importance. But in risk
management practices the mimicking portfolios of size and book-to-
market are also essential.
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