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ABSTRACT

Since the introduction of modern portfolio theogyRoy (1952), Markowitz (1952)
and Sharpe (1964) about half a century ago, tbeatlbn of investment weights
among various assets in a portfolio is one of thstimportant areas of research in
finance. However, we are not aware of any studi/lths compared the allocation
problem under nominally annualised versus effettisanualised returns. In this
paper, we empirically examine the effect of effeetannualisation on the variance
and skewness of the rates of return probabilityridistion and the allocation of
weights to assets in the portfolio. Our empirfoadings conclude that the method
of annualisation drastically affects the varianod akewness as well as the
allocation of weights to the assets in the porfoli
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Optimum allocation of weights to assets in a portfio: the case of nominal
annualisation versus effective annualisation of refrns

1. Introduction

In two recent studies, namely, Chunhachinda, Daadaplamid & Prakash
(1997) and Prakash, Chang & Pactwa (2003), theoasigmpirically examine the
portfolio allocation in the presence of investqrisitive skewness preferences. In
both studies, they use several world capital mar&sttheir empirical sample. In
general, they conclude that if the investors allet¢heir wealth to the assets in the
portfolio on the basis of mean-variance-positivevekess preferences in the rates of
return probability distributions, the allocationfohds to various assets in the
portfolio changes significantly from that of justder mean-variance portfolio
allocations. The methodology used in both the almted studies is developed by

Lai (1991) and Meric and Meric (1989).

One of the differences between Chunhachinda €129.7) and Prakash et al.
(2003) is that the former study does not considerallocation to the risk free asset
in their portfolio construction whereas the lagardy allows the allocation of funds
in the risk free assets. Both studies construcatlocation with weekly as well as
monthly data. However, there is a big differeneeneen these two studies.
Chunhachinda et al. (1997) consider the portfdlmcation using raw weekly and
monthly returns whereas Prakash et al. (2003) partbe allocation using effective
annualised weekly returns as well as effective afised monthly returrts On the
surface, this may not seem to be a point of concklawever, the effective
annualisation of weekly and monthly returns conghlethanges thdirection of
variance and skewness in the probability distrimutf the rates of return. For

example, Prakash, de Boyrie, Hamid and Smyser (1i®@dretically show that the



choice of investment horizon (e.g. daily versuskiyegersus monthly, etc.) affects
the magnitude of the variance and skewness. df, lihey show that the variance of
rates of return increases with the investment barizThus, the variance of daily
rates of return is smaller than the variance ofklyemtes of return; the variance of
weekly rates of return is smaller than the variamic@onthly rates of return; etc.
Similarly, they also prove that the magnitudeskefraness measures follow the same
relationship. That is, skewness of daily ratesetiirn is smaller than that of weekly

rates of return, which is smaller than the skewéssonthly rates of return, etc.

In this paper, we theoretically and empirically aestrate that if, however, the rates
of returns are annualised using effective annualisgnot nominal annualisation),
the relationship developed in Prakash, deBoyrienidaand Smyser (1997) is
completely reversed. That is, for effective anmaids of return, we show that the
variance (as well as skewness measure) of an asediaaily return is larger than
that of an annualised weekly return; and the vaaaas well as skewness measure)
of an annualised weekly return is larger than t¢iian annualised monthly return;
etc. Therefore, it is obvious that whatever pdidfallocation achieved using
nominal rates of return (as done by Chunhachindh eind Prakash et al.) may be
quite different. In this paper, we investigate plogtfolio allocation using the
effective annualisation of the rates of return find that the allocation using the
nominal rates of return is quite different than wwva obtain using the annualised

rate of return.

In this paper, we refrain from providing extensiterature review as well as
details concerning the methodology used in podfallocation. The literature

review can be found in Chunhachinda et al. (199d)Rrakash et al. (2003).



Similarly, we replicate the procedure used by Claghinda et al. (1997) in their

section 2, page 145. The paper is organized sl

The theoretical development of the effect of anisatibn is presented in
section 2. In section 3 we describe the datacekkfor our empirical
investigations. The empirical results of annudlisaeffect are discussed in section
4. The empirical findings using 37 global equitgtexes are also presented in

Section 5. Some concluding remarks are includeskeition 6.

2. The effect of annualisation on variance and skeaess of the rates of return

probability distribution 2

Assume thatl?’jand P, are respectively the expected price (a random

variable), and the known price (non-random numbeprevail in time periog and

j-1, then the one-period random rate of return duttie intervalj¢1) toj will be ®

- P-P,
= P (1)
or P - (L+F)P, =0 )

Puttingj = 1,2,...... ,T and solving recursively we get

P =P L+5)(1+T) . L+ T7) 3)

=) T
or In—-=>"In(1+1))

and InR] = Zln R, (4)

where |50T denotes the holding period (from OTpwealth ratio.



The interest is in the probability distribution mffeg . Prakash, de Boyrie, Hamid

~ T
and Smyser (1997) show that expression (4) give¥ byn R} = Zln R, is

=

T ~
asymptotically normally distributed, therefores I_'Il R; will be lognormal with
J:

T T
parametersg = Z u; and &= Z sz wherey; and af are the mean and variance
i=1 i1

T ~
of R (1 =1,2,...,T). That is, the probability density functiof x = I_'Il R, is given by
J:

_ 1 Lo .
f(x)—Xf\/ZTexp{ 2fz(lnx o) } O0<x< (5)

The mean, variance and skewness of the probathisityibution ofx are

given by
Mean: M = ex;{ﬁ +f—22] -1
Variance:V = exp@8 + £2)|explé?) -1 (6)

SkewnessK = [exp({ 2)—1]3/2 +3[exp(£ 2)—1]1/2
Now suppose that we hameperiods within a year and wish to study the

skewness of the correspondigftectively annualised returns. The gross return for a

T —_—~
given period can be expressedxas I_l R, where the sub-periogs- 1...T are
j=
taking place “inside” that given period. We muer determine the probability
T _ " T
density function ofx" = {I_l RJ} or the probability density function OBROT]
j:

assuming that the returns are independent andédéntistributed. For example, if

X is a monthly return, that i3,= 30, we then have = 12 and can think of the sub-



periodsj as days within that month for instance. Let uindey =g(x) =x". We can
use the well known change-of-variable formula ttedmine the density function of

y, denoted b¥(y), as

f,(y) =

& X [a(y)] (7)

1

l .
_1 y" l. Substituting these into equation (11) and using
n

Sincex = yn, then
dx

o
equation (4), we obtain
1 21 1 1 2 i
fy(y)=ﬁyn [—)fex —252 In| y» -6
ynévam

e UM

(8)

Note that equation (8) is also the probability dtgrfsinction of a lognormal
distribution with parameters andno.

That is,

y= x"= {'l_l ﬁj} — lognormal 0, n?&?). 9)

If we assume that?{j pertains to one day and sinknel?ej 's are independently and
identically distributed, therj= Tu and&® = To?, or
Rl ~ Lognorma(é' =Ty, &% = Taz)

Thus, we can rewrite equation (9) as

T _ n
X" ={ RJ} — Lognormal (T, n°T&?). (10)



Following the procedure given in Prakash, HamidBaigie and Smyser (1997 ), we

can obtain the mean, variance and skewness girti@bility distribution ofx" as:

2 2
Mean:M' = ex;{nT/,H n -;U ]—1

Variance:V' = exp@nTu + nzTaz)[exr(nzTaz)— 1J (11)
SkewnessK' = [exp(nzTa2 )- 1]3/ 4 S[exp(n Tg?)- 1]1/ ’
Recall that we defin@ as the investment horizon ands the multiple required to

annualise the return (for exampleTiE 30 them = 12), we have-T = 360.

Substitute this relationship into equations (119,oktain

2
Mean: M’ = ex;{360u+ 36ha ]—1

Variance:V' = exp(720u +36ma?)|exp36ma? ) -1 (12)
SkewnessK' = [exp36002) -1 + Jexp36ma?)-1]"?
It is evident from equations (12) that with effeetiannualisation, both the variance
and skewness of the probability distribution aritsy increasing functions a.
Hence, after effective annualisation, the dailymes have higher variance and
skewness than the weekly returns; weekly returagrare variant and skewed than

the monthly ones; and so on. We conclude thatffectively annualised rate of

return
V[(R) [ > VIR > VIR 2>V R S VIR > v R @9
where the difference between the superscript amdubscript denotes the

investment horizon. Similarly the same inequadsyobtained for variance will be

maintained for skewness expressed as:

sK|(RY™|> sk|(R))? > sk |(Re) 2| > |(R)* | > sk |(Re)2] > sk (™) (14)



Thiese results are just the opposite of what Prakasel. Found in their study.
Thatis for raw as well as nominal rates of rettmmthehaviour of skewness and
variance are as follows:

For variance:

V(RY) <V(R®) <V(RP) < V(R®) < V(R) (

For skewness:

K(RY) £ K(RS) < K(R) < SK(RP) < K(R®) “
(10)

The data

We use world markets index data from July 1993 &y1005. In contrast
with Prakash et al. (2003) who used only 17 coesfnive include 37 countries
spanning over the five continents. We also usetipas well as weekly returns in
order to investigate the effect of annualisatiopantfolio allocation. The price
series for each country index were obtained fromaSieeam and subsequently
converted to return series. The countries consitiare
Developed countries:
Austria, Belgium, Denmark, Finland, France, Germasneece, Ireland, Italy,
Netherlands, Norway, Spain, Sweden, Switzerland, Alkstralia, Canada, New
Zealand, US, Japan, Singapore, and Hong Kong.
Developing countries:
China, Indonesia, Korea, Malaysia, Philippinesweai, Thailand, Argentina, Brazil,

Chile, Mexico, Venezuela, Portugal, Turkey, andaRdl

3. The empirical verification of the effect of annuaisation on variance and

skewness



According to expressions (13) and (14), the vaeand skewness for effective

annualised returns should increase as the investmeizon decreases.
[Insert table 1A here]

For the EAR returns in Table 1A, the variance dm@hgiess measures are
exactly as predicted by the theoretical constritiat is, all the computed values of
weekly variances and skewnesses are higher thamibathly counterparts. The
computed values of variances and skewnesses forrEfdims are completely in
conformity with the theoretically predicted diresis. That is, the weekly measures
in both cases are higher than their monthly copaigs for each country. In
addition, the results of the W-test show that thk mypothesis of normality is
rejected for each of the capital markets. In fimtweekly EAR results, the
probability of significance is near zero for eadld @very one of the 37 capital
markets. In case of monthly returns, the treralse maintained, but the results are
somewhat weaker in comparison to weekly EAR returns

[Insert table 1B here]

For the nominally annualised returns, the sumrstaiystics are presented in
Table 1B. Under nominal annualisation, as in acdsdfective annualisation, the
variances computed from annualised weekly raw mstare generally higher than
the variances obtained from annualised monthlyretarns. However, we can not
draw the same conclusion for skewness measurdsde TB shows that roughly half
of the countries in our sample have their weekbwaless measures outweigh their
monthly counterparts. In terms of W-statisticautess we also find a very different
picture from the case of EAR returns. That is,rfominally annualised weekly
returns, there is only one country in our sampdenaly, Austria, where we can not

reject the normality null hypothesis at the fiveqaat significance level. However



for the nominally annualised monthly raw returns, @an not reject the normality

null hypothesis. for 15 out of 37 countries in sample

5. Empirical results — multi-objective goal progranming portfolio allocations’
Using the procedure described above, we obtaipdhiéolio allocation for the
twenty-two developed and fifteen developing coastrmarket indices. Thus, we
consider the portfolio allocation among thirty-sevearket portfolios.

As mentioned earlier, we refrain from providing tierature review as this has been
covered exhaustively in the papers by Chunhachiétdad (1997) and Prakash et al.
(2003).  Furthermore, since we are using exactlg same procedure as

Chunhachinda et al. (1997), we refrain from repegtine same as well.

5.1 Portfolio allocation among the markets in develped countries

In Table 2A, we provide the optimal portfolio alaimn among the
developed markets for annualised weekly returrnegusoth effective annualisation
and nominal annualisation. For illustration puggose only report the optimal
portfolio allocations for two sets of parameterwes. They area=1 ando=0
representing mean-variance portfolio allocatio ar 1,b =1, the mean-
variance-skewness portfolio allocatfon

[Insert tables 2A here]

The differences in allocation of the weights irfeliént markets are
pronounced if we take the effective and nominaluatisation on the weekly returns.
For example, in the developed markets, under magance preferencaE 1,b =
0) and effectively annualised weekly returns, tteeenine out of 22 markets where

the weights are allocated with Austria (30.79%gn@ag the highest allocation

10



followed by Denmark (28.55%). However, in cas@ominally annualised weekly
returns, the allocation spreads over eight developarkets, with the highest weight
in Demark (28.00%) followed by Ireland (21.02%)huB, it is obvious that the
return annualisation method does have an impattieallocation weights among
different markets.

For mean-variance-skewness preference allocagieri(b = 1), we find a
startling result. For effectively annualised weeldturns, the allocation of the
weights happens only in Singapore (100%). For naltyiannualised weekly
returns, the allocation of weights is spread ower developed markets, with almost
half of the allocation goes to Italy (47.57%), émlled by about a quarter of the funds
goes to Switzerland (27.10%). That compared tonav@aiance preferenca € 1,b
= 0) allocation the number of countries where tleggims are allocated in many
markets, under mean variance-skewness preferancé,p = 1), the number of
countries with no weights has dramatically increask addition, the effective
annualisation results in allocating all the fund®me single market while the
nominal annualisation spreads the resources oxenfarkets.

Table 2B illustrates the optimal portfolio weiglaisiong developed markets
for both effectively and nominally annualised madwyitteturns.

[Insert tables 2B here]

In the developed markets, under mean-variancemete 4 = 1,b = 0) and
effectively annualised monthly returns, the polymrgoal programming technique
selects 15 out of 22 developed markets in the @btoortfolio; with US leading the
allocation at 26.78%, followed 20.50% allocated&nmark. In case of nominally
annualised monthly returns, the optimal portfolicludes only eight countries, with

Denmark (33.97%) getting the highest allocation 6&d(27.76%) the second

11



highest. Under mean variance-skewness preferancé (b = 1), we find the same
startling results as in the previous case Thahé&preference for skewness reduces
the optimal allocation to only one market, nam@hgece (100%). However, under
effective annualisation the funds are allocatetthtee markets (Hong Kong, 56.15%,
Switzerland, 40.97% and Austria, 2.87%). Thusagain conclude that the
annualisation method as well as the investmenkzboniesults in very different

portfolio allocation with and without the preserfereference over skewness.

5.2 Portfolio allocation among the markets in desloping countries

The weight allocations of assets in the developiagkets are presented in

Tables 3A (annualised weekly returns) and 3B (alisethmonthly returns).
[Insert table 3A here]

Under the mean-variance prefererge (L, b = 0), for the effectively
annualised weekly returns, only one country, napaljonesia, failed to be the part
of the optimal portfolio as no weight is assigned.t Other than this, the optimal
weights are fairly evenly allocated among otheredigying countries, with China
getting the highest weight at 12.89% and Thailénd4%) the lowest. For the
nominally annualised weekly returns, only eight @15 countries are selected, and
the weights are unevenly assigned. The optimdfgioris dominated by three
countries, with Portugal getting 48.07%, followgd22.01% in China and 16.07%
in Turkey. Nevertheless, the fact remains thatrwiue use the effectively
annualised weekly returns, more countries are dezdun the mean-variance
preference framework. In case of mean-varianceas&ss preferencaE 1,b = 1),
the spread of weights in the effectively annualisegkly return is over five out of

15 countries, with the highest allocation goindridonesia at 58.45%, and lowest to

12



Brazil at 0.51%. On the other hand, the optinmatfplio contains seven countries
when the weekly returns are nominally annualis€dat portfolio is dominated by
China (80.54%), with Portugal making a distant selcat 7.86%.

[Insert table 3B here]

In Table 3B, under the mean-variance prefereacel(, b = 0), the allocation
with respect to the number of countries does nahgh very much when we use the
effectively annualised monthly returns rather tt@weekly returns to construct the
portfolio. Here, 13 out of 15 countries become péthe optimal portfolio; only
Philippines and Thailand are left out. Portugdl.83%) has the highest weight
followed by Mexico at 15.00%. The lowest weightcept the two which have no
weights assigned (Philippines and Thailand), iggassl to Malaysia at 0.50%. In
both effectively annualised weekly returns as asleffectively annualised monthly
returns, the number of countries selected in th€fqdio is quite large compared to
the number of countries selected in the developadets. However, with the
nominally annualised monthly returns, only six oftit5 countries are included in
the optimal portfolio. Again, the highest weightses to Portugal (45.23%) and the
second highest is China at 22.01%.

In case of mean-variance-skewness preferemsel(b = 1), the portfolio
weights in case of the effectively annualised miyntbvers three out of 15
countries, with almost all the resources concestrat Philippines (97.78%). In
case of nominally annualised monthly returns, thigngal portfolio has four
countries and is dominated by China (90.28%). Utitke mean-variance-skewness
preference, the number of countries allocated azeoo weight is greatly reduced
compared to the base case of mean-variance pregeré@nce again, we confirm

that the annualisation effect distorts the portf@lilocation in developing markets.

13



5.3 Portfolio allocation among all markets: develped and developing
countries

The portfolio allocation for assets in all 37 deped and developing
markets is presented in Table 4A (annualised weekiyns) and 4B (annualised
monthly returns)...

[Insert table 4A here]

For mean-variance preferenee<1,b = 0), the allocation for effectively
annualised weekly returns covers 21 countries thighhighest weights on Austria
(29.67%), Denmark (22.38%) and Italy (12.63%).cdse of nominally annualised
weekly returns, the optimal portfolio is spreadrol2 countries with the same three
countries, namely, Austria (25.18%) Denmark (2%%2nd Italy (16.78%), leading
the pack. In this case, the nominal annualisaésms to reduce the numbers of
markets in the optimal portfolio.

[Insert table 4B here]

We observe a similar phenomenon in Table 4B: g& ad effectively
annualised monthly returns, the allocation of asse$pread among 19 countries
with the highest allocation on Austria (25.83%)jr@h(18.89%) and Ireland
(13.85%). Note that the change from annualiseklyeeturns to annualised
monthly returns slightly reduces the number of retlselected and changes the
composition of the optimal portfolio. In case afminally annualised monthly
returns, the number of countries in the optimalfpbo reduces to 12. This time US
has the highest weight at 21.02% and Denmark srskat 20.61%.

For the mean-variance-skewness framewark {,b = 1), the optimal

portfolio selections show a very different picturén the case of effectively

14



annualised weekly returns, only two countries atected (China and Netherlands),
with almost all the funds, 99.99% of them, allodatie Netherlands; whereas in case
of nominally annualised weekly returns, three défe countries (Ireland, 56.30%,
Spain, 31.03% and Norway, 12.67%) are chosen ipdiiolio. For effectively
annualised monthly returns the optimal mean-vagasiewness portfolio includes
four countries, namely Greece, Japan, China argppines, with the highest
concentration of assets in Philippines (92.41%n the other hand, if nominal
annualisation is used, the optimal portfolio cetssof two distinct countries, Hong
Kong (60.53%) and Switzerland (39.47%). When vke &l markets into
consideration, the preference towards skewnesssseraduce the number of
markets in the optimal portfolio and allocate mafsthe assets in one single market,
namely, Netherlands, 99.99% in case of effectiaglyualised weekly returns; and

Philippines, 92.41%, in case of effectively anrsedi monthly returns.

6. Concluding remarks

In this paper, we provide the theoretically pregticbehavior of variance and
skewness for effective annualised rates of retimrihe case of EAR, the theory
predicts that the variance as well as skewnessledgtkease as the investment
horizon increases. In other words, variance atasetkewness for daily rates of
return, when effectively annualised, will be gredban the variance and skewness
of say, weekly effectively annualised rates of metuOur empirical results support
these theoretical findings.

Like previous studies by Chunhachinda et al. amadtdsh et al., we use
polynomial goal programming for the portfolio al&don for developing as well

developed markets. We find that the annualisatfaeturns in portfolio selection

15



changes not only the allocation weights, but thaloer of markets in the portfolio
as well. These differences become more pronouwbet we move from weekly to
monthly to annual returns. In essence, we carnhedyhe impact of annualisation
changes not only the assets (capital marketshiudltocation as well. This

phenomenon is observed for developing as well @sldged countries.

16



References

Chunhachinda, P., Dandapani, K., Hamid, S., Prakash (1997) Portfolio
selection and skewness: evidence from internatistioak marketsJournal of
Banking and Finance, 21(2), 143-167.

Lai, T. Y. (1991) Portfolio selection with skewneasnultiple-objective
approachReview of Quantitative Finance and Accounting, 1(3), 293-305.

Markowitz, H. M. (1952) Portfolio selectiodpurnal of Finance, 7(1), 77-91.

Meric, I., Meric, G. (1989) Potential gains fronteémational portfolio
diversification and inter-temporal stability andasenality of international stock
market relationshipslournal of Banking and Finance, 13(4/5), 627-640.

Prakash, A. J., Chang, C., Pactwa, T. E. (2003)c8rf a portfolio with
skewness: recent evidence from US, European, atinl American equity
markets Journal of Banking and Finance, 27, 1375-1390.

Prakash, A. J., de Boyrie, M., Hamid, S., Smyser\\\1(1997) Effect of
intervalling on rate of return probability distritimn, The International Journal
of Finance, 9(4), 820-833.

Roy, A. D. (1952) Safety first and the holding eatsEconometrica, 20(3),
431-449.

Sharpe, W. F. (1964) Capital asset prices: a thebnyarket equilibrium under
conditions of riskJournal of Finance, 19(3), 425-442.

17



AUSTRIA
BELGIUM
DENMARK
FINLAND
FRANCE
GERMANY
GREECE
IRELAND
ITALY
NETHERLANDS
NORWAY
SPAIN
SWEDEN
SWITZERLAND
UK
AUSTRALIA
CANADA

NEW ZEALAND
us

JAPAN
SINGAPORE
HONG KONC
CHINA
INDONESIA
KOREA
MALAYSIA
PHILIPPINES
TAIWAN
THAILAND

mean return
Weekly Monthly

0.39779
0.5714¢
0.49628
4.8083(
0.60957
0.6971¢
2.83460
0.6409:
1.86210
0.6841¢
0.91178
0.7788:
5.05000
0.61353
0.40092
0.48248
0.54102
0.57659
0.48511
0.9637*
1.29400
1.6570(
2.27630
13.0660(
3.02470
1.4567(
1.94280
1.9741(
3.66420

0.25782
0.2466:-
0.30972
1.2392(
0.28935
0.2951¢
0.83984
0.3351¢
0.46948
0.2449:
0.39896
0.4039:
0.57565
0.28020
0.18497
0.29689
0.30703
0.33530
0.23460
0.2705¢
0.48093
0.8290¢
1.30470
1.9148(
1.61020
1.6393(
1.35020
0.8489!
1.94100

TABLE 1A Summary statistics - EAR

variance
Weekly Monthly
1.21930 0.46682
8.7801( 0.3638:
1.74980 0.49773
2593.8000 15.7880!
6.48160 0.57808
10.6580! 0.7424:
251.64000 7.89030
10.2870! 0.6080(
486.96000 1.93950
31.4100! 0.3690:
32.55000 0.86344
17.5880! 1.2632(
9493.50000 2.13380
11.10700 0.51049
3.82800 0.26161
2.54440 0.60239
3.79310 0.50360
441080 0.83190
3.01520 0.33359
17.3710! 1.0806(
138.77000 3.54580
84.1040! 8.9512(
142.51000 43.92500
33440.0000 46.8290!
146.63000 28.48000
84.9810( 85.6580!
165.17000 101.43000
105.00001 8.6225(
318.85000 56.56100

skewness

Weekly

1.95080
13.8190(
2.54310
18.7530(
9.21100
10.9540(
9.60000
17.3300(
20.20800
21.2180!
15.96800
17.0600(
24.67700
13.78900
14.63300
5.92940
7.56390
7.90930
6.57130
8.1449(
21.72900
13.1300t
9.20840
18.9900(
8.85110
14.8720(
12.23900
11.4490(
8.12060
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Monthly

1.10190
0.8584!
1.32930
5.5329(
1.21860
2.5956(
5.59260
1.6444(
2.89370
0.6526¢
1.24710
3.7738(
3.00030
1.94640
0.50711
1.29130
1.01190
1.81090
0.55625
2.1404(
5.12840
4.6530(
7.76300
5.8098(
4.08380
8.0525(
10.60800
4.1979(
5.07520

kurtosis

Weekly

7.92120
233.46001
12.57400
372.5700
110.40000
148.6600!
105.11000
370.51001
435.76000
488.4800
290.18000
352.69001
611.55000
221.57000
286.63000
63.72500
85.86900
103.65000
69.80400
93.1270!
510.41000
203.81001
106.43000
381.27001
106.41000
272.1200
168.26000
169.2600!
77.56000

Monthly

4.05720
3.9684(
6.18460
39.5220!
4.35430
15.1060!
42.00500
7.4406(
14.47700
3.4884(
4.51810
26.6400!
16.10000
11.05900
2.58520
4.81190
4.59200
7.87790
2.78820
8.6361(
35.17100
26.5310!
70.08700
43.1540!
21.25900
74.0570!
117.68000
22.7880!
31.82300

W-statistic

Weekly

10.38600
13.8510(
11.05500
14.4240(
13.45000
13.7060
14.07900
13.8950(
14.43400
14.2910(
14.14300
13.9920(
14.51600
13.92700
13.60100
12.40400
13.03500
12.96500
12.79300
13.5060(
14.34300
14.0560(
13.71700
14.2370(
13.49700
13.8890
13.93600
13.7490(
13.71700

Monthly

5.03980
3.6440(
4.90560
9.3566(
5.38810
6.8707(
9.20010
5.7642(
7.85010
2.6849(
5.47330
7.8718(
7.65850
5.94080
2.88570
5.44510
4.18730
6.24050
2.82050
7.1725(
9.08850
9.2876(
9.75190
9.3177(
9.05240
9.8858(
10.07400
8.8331(
9.41940

Wee

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00r
0.00
0.00
0.00
0.00
0.00
0.00
0.00



ARGENTINA
BRAZIL
CHILE
MEXICO
VENEZUELA
PORTUGAL
TURKEY
POLAND

2.61990
2.73640
0.64915
1.89920
3.0268(

0.70840
6.7114(

3.20950

0.82221
1.53740
0.35699
0.61526
1.7448(

0.32258
4.4022(

1.27750

120.15000 6.05130
101.37000 30.94900
7.60390 1.23590
79.55400 2.23100
202.84000  39.7290!
29.35800 0.88979
483.06001 353.8200!
181.45000 25.32400

10.18200

20.88000
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6.48700
6.97150
9.25950

8.3571L(

5.6821(
7.85440

3.72900
6.35960
2.31540
2.36570
5.7254(

2.29770
7.3482(

6.45510

49.35400
62.62700
121.87000
126.64000
86.1910!
473.47000
40.5680!
79.36100

20.76400
51.13300
10.17600
11.67800
43.6850!

11.75100
64.1090!

50.30200

13.50500
13.36000
13.18300
13.66300
13.6550

14.00800
13.2700(

13.53900

8.28480
9.37700
7.00330
6.85380
9.2923(

6.64590
9.7366(

9.44450

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00



AUSTRIA
BELGIUM
DENMARK
FINLAND
FRANCE
GERMANY
GREECE
IRELAND
ITALY
NETHERLANDS
NORWAY
SPAIN
SWEDEN
SWITZERLAND
UK
AUSTRALIA
CANADA

NEW ZEALAND
us

JAPAN
SINGAPORE
HONG KONG
CHINA
INDONESIA
KOREA
MALAYSIA
PHILIPPINES
TAIWAN

mean return
Weekly  Monthly

0.0697¢  0.0997:
0.07291 0.10553
0.0954f  0.1361¢
0.15575 0.22246
0.0700¢  0.0999:
0.05875 0.08383
0.1004°  0.1459:
0.09748 0.13833
0.0715:  0.1055¢
0.06658 0.09315
0.0893:  0.1300¢
0.09264 0.13584
0.10429 0.14987
0.07982 0.11475
0.05467 0.07813
0.06915 0.10165
0.08205 0.1206
0.05914 0.088169
0.0700: 0.09915:
-0.00101 -0.002759
0.0301° 0.04865:
0.06180 0.098109
0.1261:  0.2258¢
0.04150 0.04473
0.0773(  0.1176¢
0.01374 0.01978
-0.0212¢ -0.0282!
0.03217 0.04333

TABLE 1B Summary statistics — nominally annualisedeturn

variance
Weekly Monthly

0.5801:
0.70034
0.6980°
2.55450
0.7863(
0.90043
1.9369(
0.79417
1.1537(
0.77091
1.0084(
0.89519
1.54790
0.70155
0.54750
0.67948
0.74695
0.82815
0.6791:
1.20020
1.2356(
1.67890
4.9474(
6.56570
4.4950(
2.83070
2.0685(
2.19940

0.3010¢

0.3304°

0.3644!

0.9858¢

0.5938(

0.5253¢

0.277-
0.7242-

1.0196
3.7352(
2.5235(

1.3093(

-0.1967¢
-0.05076
-0.5593¢
-0.27073
-0.0306(
-0.14429

0.28524

1.26990

0.41970

0.37247 -0.41326

0.32230

0.45946
0.74502
0.31785
0.21895
0.37597
0.37958
0.49031

0.52518
-0.1766(
-0.13365

2.79250
-0.0620¢
1.53960
-0.1783!
1.20420

skewness
Weekly Monthly

-0.0826:
-0.5101¢
-0.16191
0.3280¢ 0.3206¢

0.3439¢ 0.4925:

-0.24315 -0.79025
-0.2636°

-0.6402:
0.01148

-0.6154!
0.37556
0.1701«

8.5074(
0.89579

6.6416(

1.2806(
0.49157
0.9191¢
0.34699
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-0.62508

0.29858

-0.37730

-0.48274

0.04213
0.19587 -0.24478
0.07625 -0.39013
-0.10234 -0.40089
-0.15739
-0.47999
-0.28199
-0.4556:

-0.19811
-0.8191
-0.34948
0.31147
0.42398
0.45864
0.77794

0.42090

kurtosis

Weekly

3.1989(
5.31610
5.5681(
5.65480
4.5032(
5.18200
5.2990(
5.97230
7.2748(
6.55160
6.0065(
4.48370
7.55980
5.69970
5.03370
4.02500
5.60510
4.75820
6.6897(
3.96260
8.2715(
5.49480
132.8300!
18.39600
10.2720(
20.25200
8.5182(
5.46090

Monthly

2.9181(
3.88080
3.8194(
4.11970
2.8499(
4.02180
4.2020(
3.86170
3.1461(
3.82670
5.0158(
4.07360
3.82980
3.99710
2.8094
3.0163
49721
3.4381
3.487¢
2.7833
4.929:
5.0792
61.5890!
4.83720
8.3359(
7.33090
7.8794(
3.65710

W-statistic
Weekly Monthly

1.4716(
5.57550
5.6663(
6.15200
4.3028(
5.61630
6.2304(
6.36790
6.7120(
6.98470
6.4547(
4.13530
6.56470
5.70010
4.92480
2.74750
6.38160
4.91760
6.5350(
4.01580
7.5084(
5.49970
12.3190(
10.12200
8.0972(
10.54700
7.7885(
5.76190

0.0561¢
2.40340
1.6286(
1.86240
-0.0271¢
1.80640
1.6119C
2.18810
1.5310(
3.21270
2.6739(
0.70311
0.36564
1.10500
1.692
0.40807
3.1047
0.93048
2.426¢
1.2379
3.842¢
3.3389
8.83¢40
2.39920
4.7401(
5.06020
4.2684(
1.58540

Prob<\

Weekly

0.0705¢
0.00000
0.0000(
0.00000
0.0000:
0.00000
0.0000(
0.00000
0.0000(
0.00000
0.0000(
0.00002
0.00000
0.00000
0.00000
0.00300
0.00000
0.00000
0.0000(
0.00003
0.0000(
0.00000
0.0000(
0.00000
0.0000(
0.00000
0.0000(
0.00000

M

0

0
0
0
0
0
0
0
0
0
0
0
0
0
0
A
0
0.l
0
0.l

0
6.l
0.l

0
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THAILAND
ARGENTINA
BRAZIL
CHILE
MEXICO
VENEZUELA
PORTUGAL
TURKEY
POLAND

\

-0.00275
0.01840
0.07791
0.03523
0.0561¢

-0.00371
0.0589¢
0.18519
0.0704¢

0.00417
0.02933
0.12965
0.05763
0.0825¢
0.01978
0.0865¢
0.27534
0.0969:

3.73140
2.76070
2.96240
0.91838
2.2253(
4.00330
0.7890:
7.95330
2.8163(

2.20420
1.43720
1.88290
0.57641
1.1734(
2.40730
0.44171
4.61520
1.5420(

0.46284
-0.23701
-0.35838
-0.13104
-0.2947!
-1.23730

0.0802:

0.15600

0.0155:
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0.45786 5.83060
-0.23066 6.48960
-0.08693 4.45570
-0.16433 4.75260
-1.0738( 6.9221(
-0.27303 19.66200

0.0267- 5.8383(

0.84752 9.90150

0.2108¢ 4.4498(

4.38810
3.52210
4.47730
4.26520
5.6056(
5.34300
3.1133(
5.46040
4.6287(

6.72100
6.33900
4.74480
4.59810
6.6420(
9.67400
5.4000(
7.82340
4.7867(

3.15890
-0.33564
2.27380
1.52720
4.1555(
3.72950
-0.2893¢
3.79590
1.9877(

0.00000
0.00000
0.00000
0.00000
0.0000(
0.00000
0.0000(
0.00000
0.0000(
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TABLE 2A
Polynomial goal programming: developed markets withualised weekly
returns

Effective annualisation

(EAR) Nominal annualisation

Parameters

a 1 1 1 1

b 0 1 0 1
Optimal portfolio composition
AUSTRIA 30.79% 19.93%
BELGIUM 3.68%
DENMARK 28.55% 28.00%
FINLAND 11.25% 5.57%
FRANCE
GERMANY
GREECE 0.89% 3.02%
IRELAND 21.02%
ITALY 47.57%
NETHERLANDS
NORWAY
SPAIN
SWEDEN
SWITZERLAND 27.10%
UK
AUSTRALIA 12.22% 2.12%
CANADA 4.71% 10.03%
NEW ZEALAND 6.71%
us 9.49% 4.64%
JAPAN 6.41%
SINGAPORE 0.23% 100.00%
HONG KONG 16.08%
Optimal portfolio statistics (all are unit varian
mean 54.33% 10.99% 9.46% 7.70%
skewnes 2.21 21.71 -0.12 0.27

Note: The weight in the goal programming model ewiation from maximum
return isa,

the weight on deviation from maximum skewness is

b.
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TABLE 2B
Polynomial goal programming: developed markets waithualised monthly
returns

Effective annualisation

(EAR) Nominal annualisation

Parameters

a 1 1 1 1

b 0 1 0 1
Optimal portfolio composition
AUSTRIA 9.29% 9.48% 2.87%
BELGIUM 2.19% 1.76%
DENMARK 20.50% 33.97%
FINLAND 1.64% 5.19%
FRANCE
GERMANY
GREECE 4.52% 100.00% 0.50%
IRELAND 8.94% 16.57%
ITALY 3.82%
NETHERLANDS
NORWAY 0.82%
SPAIN
SWEDEN 3.61%
SWITZERLAND 40.97%
UK
AUSTRALIA 8.33% 4.77%
CANADA
NEW ZEALAND 6.79%
us 26.78% 27.76%
JAPAN 1.23%
SINGAPORE 1.48%
HONG KONG 0.04% 56.15%
Optimal portfolio statistics (all are unit varian
mear 63.87% 29.90% 12.51% 10.50%
skewness 0.78 5.57 -0.04 0.17

Note: The weight in the goal programming model ewiation from maximum
return isa,

the weight on deviation from maximum skewness is

b.
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TABLE 3A
Polynomial goal programming: developing marketdwaihnualised weekly retut

Effective annualisation

(EAR) Nominal annualisatic

Parameters
a 1 1 1 1
b 0 1 0 1

Optimal portfolio composition
CHINA 12.89% 4.98% 22.01Y 80.54%
INDONESIA 58.45%
KOREA 9.49% 5.23%
MALAYSIA 3.53% 0.97%
PHILIPPINES 4.40%
TAIWAN 9.13% 32.75%
THAILAND 2.44Y%
ARGENTINA 7.32%
BRAZIL 9.80% 0.51% 3.86% 2.91%
CHILE 8.12% 1.74% 3.24%
MEXICO 6.28% 2.60% 3.33%
VENEZUELA 8.60%
PORTUGAL 5.00% 48.07% 7.86%
TURKEY 8.15% 3.32% 16.07%
POLAND 4.85% 0.43% 1.15%
Optimal portfolio statistics (all are unit variance
mean 61.05% 8.02% 9.53% 11.24%
skewness 2.72 18.99 1.23 50.88

Note: The weight in the goal programming model ewidtion from maximum
return isa,

the weight on deviation from maximum skewness

is b.
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TABLE 3B
Polynomial goal programming: developing marketdwaihnualised monthly
return:

Effective annualisation

(EAR) Nominal annualisatic
Parameters
a 1 1 1 1
b 0 1 0 1

Optimal portfolio composition

CHINA 5.23% 1.76% 21.24% 90.28%
INDONESIA 4.19%

KOREA 2.75% 0.46% 9.21%

MALAYSIA 0.56%

PHILIPPINES 97.78% 1.71%
TAIWAN 4.44%

THAILAND 2.78%
ARGENTINA 8.36%

BRAZIL 4.98% 4.82% 5.23%
CHILE 4.25%

MEXICO 15.00% 2.75%
VENEZUELA 6.49%

PORTUGAL 37.31% 45.23%

TURKEY 1.83% 16.74%

POLAND 4.60%

Optimal portfolio statistics (all are unit variance

mear 68.91% 13.70% 15.26% 21.04Y
skewness 1.33 10.57 0.67 36.65

Note: The weight in the goal programming model ewidtion from maximum
return isa,

the weight on deviation from maximum skewness

is b.
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TABLE 4A
Polynomial goal programming: all markets with anmasal weekly returr

Effective annualisation

(EAR) Nominal annualisatic

Parameters

a 1 1 1 1

b 0 1 0 1
Optimal portfolio composition
AUSTRIA 29.67% 25.18%
BELGIUM
DENMARK 22.38% 23.52%
FINLAND 3.31% 4.14%
FRANCE
GERMANY
GREECE 1.91% 1.67%
IRELAND 0.08% 56.30%
ITALY 12.63% 16.78%
NETHERLANDS 99.99%
NORWAY 12.67%
SPAIN 31.03%
SWEDEN
SWITZERLAND
UK
AUSTRALIA 2.23% 8.19%
CANADA 1.19% 0.30%
NEW ZEALAND 4.70%
us 4.26% 6.18%
JAPAN 3.92% 4.52%
SINGAPORE 1.60%
HONG KONG
CHINA 3.25% 0.01% 3.21%
INDONESIA
KOREA 1.49%
MALAYSIA 1.52%
PHILIPPINES 1.32%
TAIWAN 1.99%
THAILAND
ARGENTINA 1.61%
BRAZIL 1.68%
CHILE
MEXICO 0.83%
VENEZUELA 2.06%
PORTUGAL
TURKEY 1.85%
POLAND 0.82%
Optimal portfolio statistics (all are unit variance
mear 74.62% 12.25Y% 59.69% 70.66%
skewness 1.79 20.38 1.71 972.88

Note: The weight in the goal programming model ewidtion from maximum
return isa,
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the weight on deviation from maximum skewness is
b.
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TABLE 4B
Polynomial goal programming: all markets with adisg monthly returr

Effective annualisation

(EAR) Nominal annualisation

Parameters

a 1 1 1 1

b 0 1 0 1
Optimal portfolio composition
AUSTRIA 6.75% 4.31%
BELGIUM 0.86%
DENMARK 25.83% 20.61%
FINLAND 0.15% 0.78%
FRANCE
GERMANY
GREECE 4.79% 2.21% 4.69%
IRELAND 18.89% 9.90%
ITALY
NETHERLANDS
NORWAY 1.81%
SPAIN
SWEDEN 5.07% 9.69%
SWITZERLAND 39.47%
UK
AUSTRALIA 13.85% 11.79%
CANADA
NEW ZEALAND 7.73%
us 3.07% 21.02%
JAPAN 3.66Y% 2.49%
SINGAPORE
HONG KONG 60.53%
CHINA 2.89% 1.72% 5.18%
INDONESIA 1.86%
KOREA 1.12%
MALAYSIA
PHILIPPINES 92.41%
TAIWAN 2.76%
THAILAND
ARGENTINA 3.29%
BRAZIL 3.44%
CHILE
MEXICO 0.79%
VENEZUELA 1.89%
PORTUGAL
TURKEY 0.95%
POLAND 1.75%
Optimal portfolio statistics (all are unit variance
mean 56.84% 129.91% 33.59% 50.09%
skewness 0.28 8548 0.07 23.33

Note: The weight in the goal programming model ewidtion from maximum
return isa,
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the weight on deviation from maximum skewness is
b.
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Endnotes:

! The nominal annualization will not have any effestthe variance and skewness of the rates of
returns because nominal annualization just chatihgescale of the distribution whereas effective
annualized rate will change the variance and skesun&/e define

EAR = (1+ periodicrate) -1
2 The explanation from the start of the sectioncoation (9) has been generously borrowed from
Prakash, de Boyrie, Hamid, and Smyser (1997)adh fve use the same symbols as have been used
by them to maintain continuity.
% Intervaling is defined as the length between tatagoints over which the returns are measured,
e.g., a day, a week, a month etc.
* At what time the process terminates is of no cgmeece. It can continue indefinitely. The process
can either be continuous or discrete. However angituous process can be approximated by
infinitesimally small discrete jumps.
> As mentioned earlier, we refrain from providitg titerature review as this has been covered
exhaustively in the papers by Chunhachinda etl@8P7Y) and Prakash et al. (2003). Furthermore,
since we are using exactly the same procedure ashabhinda et al. (1997), we refrain from
repeating the same as well.
® Results from other combination valuesaaindb are not reported in the paper but are available to

readers upon request.
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