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Mutual Funds is an alternative savings and have average annual growth from 2006 to June

2010 about 24%

Asset under management and ratio between AUM per household deposit

As of June 2010; unit in million Baht (LHS), % (RHS)
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Mutual fund growth is concentrated in fixed income funds by which 76% of total AUM

is Fixed income fund.

AUM of each fund types and proportion of each fund type to total AUM
As of June 2010; unit in million (LHS), % (RHS)
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Introduction

Traditional efficient portfolio and its
extension incorporating  single
factor model had been explored
and implemented in an active
portfolio management.
Performance of an investment
strategy recommended by a fund
manager, mostly, is not impressive.
Especially during financial crisis
period, optimal portfolio is not an
optimal investment as intended.
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Introduction

One possible explanation for an
unimpressive performance of the
seemingly efficient portfolio is
incorrectness In parameter
estimates called “estimation risk in
parameter estimates”.

Estimation risk due to treating
sample estimates as true
parameters had been taken into
account in  optimal  portfolio
formation via Bayesian Portfolio

Optimization process.
6
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faligeleli[aaileclgMM « Three groups of past studies
regarding portfolio selection
1. Frequentist Approach ignoring
estimation risk, i.e., Markowitz
(1952), Sharpe (1964), Kraus and
Litzenberger (1976), Kroll, Levy,
and Markowitz (1984),
Chunhachinda et.al (1997a and
1997b), Michaud (1998).
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LISl > Traditional Bayesian incorporating
estimation risk based on historical

data i.e., Stein (1962), Kalymon
(1971), Barry (1974), Klein and Bawa
(1976), Brown (1979), Chen and
Brown  (1983), Jorion (1986),
Markowitz and Usmen (2003).

. Asset Pricing Approach i.e., Harvey
and Guafu (1990), Mc Culloch and
Rossi (1990), Kandel and Stambaugh
(1996), Pastor (2000), Polson and

Tew (2000), etc.
8
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MUCEURUDIE 1o st evidences regarding estimation risk

* Investors tend to avoid risky investment if

they do not have any information
regarding risky asset returns [(Barry
1974), Bawa (1976), Brown (19797)].
If sample estimates are used to represent
true parameters, it leads to suboptimal
portfolio choices resulting in loss utility
due to estimation uncertainty. [Frost and
Savarino (1986), Jorion (1986, 1991),
Michaud (1998), Britten-Jones (1999),
and He (2007)].
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T LISl © Attempts in solving estimation
uncertainty:

— Shrinkage estimator [Stein (1962),
Effron and Morris (1973)].

“All assets are identical” property to
determine grand mean or common
mean. [Frost and Savarino (1986)].

Resample Efficient Frontier
[Michaud (1998)]
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Introduction

He (2007) revised an information
updating model of Treynor and Black
(1973) within a Bayesian framework
accounting for alpha uncertainty. By
varying level of overall active risk
budget and centering alpha on its
equilibrium level of zero, the result
indicated that pension fund managers
can reflects the overall confidence in
the ability of active management.
However, no recommendation for a
better portfolio formation strategy

had been made.
11
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Introduction

This paper aims at taking estimation
risk in parameter estimates into
account when construct an efficient
frontier using empirical Bayesian

shrinkage incorporating single factor
(index) model and comparing
Bayesian portfolio’'s performance
with  other  portfolio  formation
strategies during two financial crisis
periods.
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» Distinctions from previous studies

Introduction

— The emerging market samples.

— Informative prior: asset returns
comply with the single index model
allowing for abnormal return on
individual asset not just a known
value.

Compare empirical evidences of 6
portfolio formation strategies and
recommend the best approach.
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Iigele[i[eadfelsMM « Contributions:

1. Suggest an appropriate excess
return forecasting method for the
individual sector.

2. Suggest the best optimized
portfolio selection strategy.
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Model and
Methodology

Model

» Six optimized portfolio strategies are
explored.

1.

2.
3.
4

Traditional EV portfolio

Adjusted Beta Model

Resampled Efficient Frontier (REF)
Capital Asset Pricing Model (CAPM)
model

Single Index Model (SIM)

Bayesian Single Index Model

(BSIM) model
15
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Model and
Methodology

Estimation risk in parameters of asset
return can be treated appropriately under
a Bayesian framework with either non-
informative or informative prior distribution
to shrink value of parameter estimate
towards an equilibrium value, or grand
mean.

The informative prior in this study is that
all asset return characteristics comply with
a factor model such as the single index
model.
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If a security’s historical average return
differed from that of grand mean, the
Model and expected predictive return will be drayvn
toward the grand average by a Bayesian

Methodology adjusted factor.

Prior belief in this study is that the
appropriate grand mean is the expected
return suggested by the single index
model.

If asset historical average differs from that
of single index model, expected predictive
return will be shrunk toward expected
return suggested by the single index
model. 17
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he Traditional Approaches:
Given T observations on N traded assets.
Model and Lgt R. be asset return vector with
dimension TxN
Show below are two major factors in
portfolio optimization, expected return
vector and variance-covariance matrix.

Methodology

Mean-Variance Approach

(R m) R -m,)
-1 ’

i,j=12..n
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Resampled Efficient Frontier (REF)

Model and > Monte Car_lo method given asset returns
follow multi-variate normal distribution,

(Mo )

Determine an efficient frontier for each
simulated data

Methodology

500 Historical data sets are formed

Determined average optimum weights of
investment from all resampled efficient

frontiers
19
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Return generating process under the
Capital Asset Pricing Model (CAPM) and
Model and Single Index Model (SIM) Approach

Methodology R=R §
R=R C+U

Where: R =vector of expected excess return on each individual asset
R, =vector of expected excess market index return

vector of beta coefficient

} = coefficient vector

10
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Expected Return and Variance-
Covariance are shown below:

Model and
\leliglolololle]o\VAM 7 (2)-R,C (5)

2 2 2
g = ;Gmﬁf+gfi (6)

Jﬂj = ﬁ;o—)iﬁj (7)

If market efficient hypothesis holds, alpha or the
intercept term in the single index model will be
zero. When alpha has a non-zero value, it
indicates mispricing for the set of traded assets.
Portfolio managers can outperform the market by
determining and investing in non-zero alpha
assets. 21
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Bayesian Single Index Model (BSIM)

Within this framework, the objective is to
Model and determine ppsterior . di.stribution . of
parameter estimates, likelihood function
and prior distribution must be determined
via the conjugate function.
According to He(2007) conjugate function
and prior distribution can be defined as:

Methodology

PRIC.D)Z| 2 exp{—%rr(R - XCY(R-XO)T™ (8)

T

o] T|? exp {—%rr[S +(C-OYr N C-0)TTy
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p(C.3) = p(C[D)p(2) 9)

Where: p(C|X)~N(C,.2®V,)x|Z| * exp {—%rr(C -CHVH(C-CHE™}

'
o o
l = Lﬁ’ } = coefficient vector

r

s 0
V=

0

o,
0o 0

(vgrN+1)

pX)~IW(H,v,)«Z| * exp{f%rrHDZ’L}

IW = Inverted-Wishart Distribution
H,= S v
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Posterior distribution can be determined
by collecting terms from the product of the
Model and likelihood function and prior distribution as

Methodology shown below:

p(C.E[R)= p(R|C.Z)p(C|E)p(T) (10)
_T+K+14pp+ N+ 1 o - .
o| X 2 exp {—Efr[(("—C)’V'I(C—C)JrH}
Where: C =V, + XV)\(7;'C, + XR)
V= +XX)"
H=H,+S+CV'C,+CXXC-CVC

12
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Model and
Methodology

If an investor has a strong belief that
market is efficient and there is no
mispricing, alpha will be zero and the
model converges to the equilibrium model
CAPM.

In real world, there are some rooms to
make abnormal return by searching assets
with nonzero alpha to capitalize on
mispricing phenomenon.
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Model and
Methodology

Shrinkage Bayesian model presented in
this paper suggests that if mispricing
exists, estimation risk in parameter
estimates, and , should be taken into
account by shrinking the two estimates to
its equilibrium value with the Bayesian
adjustment factor shown below:

o -1 PR
=L}}(VO +XX)"XR

13
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Methodology

Model and
Methodology

Portfolio performances used in this
study are Sharpe’s Ratio and Expected
Utility.

Ex-ante Sharpe’s ratio is compared to
out-of-sample ex-post Sharpe’s ratio.
Data is splitted into two subperiods.

1. The first subperiod ranges from
January 1995 to December 2001

2. The second subperiod ranges from
January 2002 to December 2008.

27
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Data and Descriptive Statistics

Emerging Markets are taken from
FTSE Emerging Market list.

19 Emerging Market Index Return
adjusted dividend and stock splits from
‘Data Stream’.

Total Emerging Market Index is drawn
from Datastream coded “TOTMKEK”.

14



TABLE 1: Descriptive Statistics of index returns.

Panel A
Alpha Beta Average Retum Standard Deviation
Counzry Second Sacond Fast Second
FirSub-  Second Sub. Total FirstSub-  Second Sub- | Tota FirstSub-  Sub- Total Sub- Total Sub-
period period Period period period Period __period pesiod | Perod period | Penod period
0.00389 1.24036™ 095713 45.00™ 2007 098% | 15.59%  1934%
Tukey 0.43) (448) (716)
Russian 0.01905™ 0.003 164265 114265 23T 13667 | 192%  25% 08% | 1401%  1720%  991%
Federation (239) 054 795 (1L12)
N 000442 086336 93.12 35997 11148 | 096% 94% 003% | 9.06% l083%  675%
Eunzary 031) (5.99)
0.00393% 0B0ISE™ 058642 | 47137 7567 MSTIT | 030% 056% | 664%  B00%  433%
Maxico. 182) (8.70) 12
0.00643 093651 MIEOT 106197 162827 | 080%  061% 4% | 78%%  908%  661%
-1.52) 1031y
000869 079943™ Sy 18, 7, " " 2o o
i PR firer 69.44 1830 85.04 079%  -007% 49% | 1130%  1293%  9.41%
0.00648™ 0.00356 0.74886™ 231 11515 102 0.65% 074% | 6.14% 540%
-2.09) 092) 3
000384 0.00055 0.00849 81" U4 26N 1397 | 05T% 035% 46% | 848%  B38%  857%
India ¢113) 0.07) 143) (512)
0.00: -0.00378 } 68667 247 9356 | 053% 108% 07% 95% 1075% 62%
Poland 091y 0.76) )
0.00454 0.0034 0.00536 } 75867 24T 8T | 050%  0IT% 09% | 9.56%  112%  TE%
082 032 ¢100) )
0.00453 000724 001628 | 0431627 033934 39207 1007 33&T | 050%  -096% 95% | 684% 639%
Calumsbia 104 (-098) 274) (3.18)
000434 0.00131 00053 0514447 0.44296™ 4T 2305 044%  017%  083% | 631% 6% 602%
Peru -108) ¢113) 6) (-450)
0.00359 -0.0008: 0.00701 937 8597 5917 0.36% 082% | 1063%  12001%  9.01%
(048) (0.07) «073) 293
0.0033 0.00885 0.00422 1014027 81.50™ 4489 4336 015% 079% | 965% 1178%  675%
Argentina 054 (085) 0.70) (6.70) (6.58)
0.0001 059743 13226 9045 001%  -053%  060% | 479%
Chile 0.04) 962
000165 080756" 90.46™ sLo1™ 7743 034%  003% | TT% 10013 431%
Malaysia 034y (032)
000254 0.0065% 93,60 001% 07 | 802%  9S4%  613%
Taiwan (039 097y
000183 041318 8764 62007 /T | 025% 017% 7445 903
Philippines €024 (-3.33)
000394 081091 | 45 9116™ L1S% 026% | 1057%  13.05%
Thailand 034 [E

T e

and *** indicates significant at 10%,
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TABLE 1: Descriptive Statistics of index returns.

Panel B

Country

Information Ratio

Total Period  First Sub-period Second Sub-period

Turkey
Russian Federation
Hungary
Mexico
Brazil

China

South Africa
India

Poland
Indonesia
Columbia
Peru
Pakistan
Argentina
Chile
Malaysia
Taiwan
Philippines
Thailand

08 AG70 155 143/ ]
S!iISS 1,697 3587845

295.7651 181.6571 48.3165
300.5328 179.6849 78.2327

7 164.5916
674.165¢ 231.4469
224.0173 5055 239.0569
158.2308 2.570 -152.1374
134.6862 28.88: 174.0011

268.1393 322378 IIT T80

58.9806 -5.3772 76.1875

87.5264 81.0338 116.5557

-66.9743 358.3304

89 36.3157 -210.6151
135.1681

5397 -32.4259 -3T.2990

-109.0524 -28.7929 -76.1938
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Empirical
Evidence

The first sub-period, ranging from January
1995 to December 2001, is the base window
for the optimal weights of the first period.

Ex ante portfolio returns are computed and
recorded for the next period, which is
January 2002.

Observed out of sample or ex post return in
January 2002 for each country is recorded
based on the optimal weights from the ex
ante portfolio.

The same process is repeated for the second
sub-period ranges from January 2002 to
December 2008. The ex post return is out of
the sample observed in January 2009.

16
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From these ex ante and realized monthly
returns and average portfolio risk, the
Sharpe’s ratios of those portfolios are
compared.

A better portfolio strategy would yield a
higher Sharpe’'s ratio and Ilower
differences between ex ante and ex post
average values.

Empirical
Evidence

TABLE 2: Portfolio Performance of Alternative Estimation Methods

Monthly Exeess Portfolio Retum
Strategy TN By N N\ Epro™ N\
Tfal Period (W) Syf-Period 1 NPI)  Subfferiod 2 (SR)) | Zotal Perind\TF) SufPeriod 1 (Y1) Sy Period 2 NP2
Mean-Variznee L84% 174% 1.26% 543 -6.38% -l46%
AB .02% 047% .44% 231% 150% 14T
REF 1.04% 132% 1.21% 284% 101% 1A%
CAPM 0.02% 0.36% 0.54% 231% 150% -130%
SIM 1.94% 142% 1.27% 4% -403% 165%
BSIM 1.30% 167% 2.70% -1.07% 108% -10%
Wﬁuess PDIW \/ \/
Strategy Ex-antz Ex-post
Total Peviod (TP) Sub-Period 1 (SP1)  Sub-Penied 2 (SP2) Tatal Period (TF) Sub-Peniod 1 (SP1)  Sub-Penod 2 (SP2)
Mean-Vanance §.34% 10.36% 4.36% 0.93% 13T% 0.20%
AB 175% 139% 201% 175% 7 137%
REF 0.25% 0.25% 0.19% L03% 1.38%
CARM 175% 1.3%% 3.60% 175% 137%
SIM 9.12% 1085% 5.96% 9.21% 5.26%
BSDM 7.58% 9.12% 5.21% 7.56% 5.26%
Sharpe's Ratio
Ex-ante Ex-post
Stratezy Total Peviod (TP) Sub-Period 1 (SP1)  Sub-Period 2 (5F2) Tatal Period (TF) Sub-Period 1 (SP1)  Sub-Period 2 (SF2)
Mean-Variznee 0.1949 0.2189 0.284 -10.1538 -1.5029 -10.4492
AB .0093 0.2410 0.2038 11015 -16834 03573
REF 0.2089 0.2622 0.3830 3681 0.1648 09629
CAPM £.0073 01337 0.1974 L1013 03107 -1.2359
SIM = TG 3 = 193 0.3127°
BSIM 03147 0.2900° ‘gfl.,m -0.6091

/]



TABLE 3: Portfolio Performance of Alternative Estimation Methods: Expected Utility

Expected Utility
Total Period (TF) Sub-Period 1 (3P1)
Strategy A=03 A=] A=1 A=0]5 A=1 A=1
Mean-Vaniance 0.00553 0.00196 000263 0.00452 0.00021 000641
AB -0.00052 -0.00076 -0.00125 000548 -0.00607 000681
REF 0.00445 0.00088 -0.00368 0.00239 000208 -0.00820
CAFM -0.00048 -0.00072 -0.00118 000415 000494 000593
SIM A3 =g RIS IRVERESY =TT 01845
BSIM <\|J.06309' 0.05967° 005283 0.06438" 0.06001° 0.05026
Expected Utllity
Sub-Period 2 (5F2)
Stratezy A=05 A=l A=1
Maan-Vanance 001683 0.01376 0.008635
AB 0.00627 0.00577 0.00511
REF 0.01317 0.01083 0.00669
CAPM 0.00638 0.00594 0.00512
SIM ] 13 -
BSIM 0.06736" 0.06547° 0061707
* denates the highest Expevted-lislity given three different 3k avassienteval (A), A = 0.5.1, and 2, compared among different portfolio strategies.
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When estimation uncertainty is taken into
account, the shrinkage Bayesian strategy
incorporating single index model (BSIM)
outperforms the Traditional portfolio
selection strategy.

Allowing for asset mispricing and
applying Bayesian shrinkage adjusted
factor to each asset's alpha given that
alpha will be shrunk toward market
equilibrium condition or at zero alpha
value, a single factor namely excess

) market return is adequate in alleviating
Conclusion estimation uncertainty.
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