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et might be due to

fble evidence that
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Chapter 1
Introduction

Performance measul e . i fstisuent of the asset management
industry. From thousandisg i X i gabrinvestors will seek the best
performing mutual fun . , = e 1960s, funds performance
had been measured by. e S o 0 ifincar Tcgression of asset excess

. .
T from returns from

return against
taking risk. The pgs

can represent fund mgfageflalfSigfiih Theth g8 Of odern'imance literatures starts with

Orgh fege ” P CTICTA [ 5. hat this abnormal return

Jensen (1968, 19§9)'s gfneght Pf the.alp gl return against market
’ 1 AoV W their three-factor model
with additional righ’ facgPrs | 3 it WQutperforms the existing
CAPM model. Jeega ffandf " & (1997) added more risk

factors to the model, m:

(return) factor. Then

g it tnefonr1s odeli

Later, many of #ldvaigbd-measre: "_- f'ids performance are invented.
Daniel, Grinblatt, Titman and

samples. W sginers+42000)—again.-breaks 18 Anormal return into
P

a9 s st — i

dglecompose the abnormal return into
timing and stagk pi gon ability from their fund

stock holdinS#xipe s Myatlence that supports
the value of !ﬁvt mu fra gement. Dete ipktion of above fund

pcrfonnance is bas on OLS estimation of factors model regressmn ﬁn},rway. Baks,

a}rﬂﬂ frame:work to crﬁale a new advanced mutua und pe

ormancge maasure:

named “Bayesian Alpha”. onseﬁcmly, many acggespic researches amedf jfh

B B RENSRHAIINHIRY

adding to performance predictability, while Jones and Shanken (2005) use the
Bayesian framework (0 incorporate prior beliefs about the aggregaie performaince ol
mutual fund manager to estimate fund performance.



It is obvious that measuring the persistence of mutual funds performance had
been the goal of many academic researches for many decades. Active management
fund managers are expected to consisier
to rely on the past performance @ ek the: giment choice. The asset managers
also rely on this past perfO™QabGe ¢ )?m i, abilities to generate excess
return, i.e. positive alpli§ tonly i ‘ﬁ“ satisfy investing in any

funds since the perforMance of fhe : ough time. This is because,

outperform a benchmark. Investors have

apart from alpha, MVCStors a0 #95¢ abgut e W@l-fund performance persistence
that evaluates an_gji® .}rr Qefarps gy fhe fer ssucS'slirounding the mutual
funds performance p# ] ' own and Goetzmann
(1995), Carhart 1997)/F1igh, LisfibeZfamt B, T9OBMGocmann and Tbbotson
(1994), Grinblatt agf Ti NPkl gkhauser (1993), and

Malkiel (1995), for thgftotal refir sisten o Ve Briods ranging from 10 to

31 years. Brown aplf Goglzmfinn (1996):f =) & adjusted performance
of mutual funds persisg§f b the _ S ,\’ to funds that lag the
S&P 500. Malkiel (1995)ffinds ff _:-w:;'f- g8kcgte have underperformed

benchmark portfolios ey b c-'.f;;f;‘rﬂ ctio ens8d. Elton, Gruber, and Blake

(1996) find that risk-adjusted performance apersist. Carhart demonstrates that
common factors_ in stgg mv almost completely explain

persistence inigg - v mutual funds® mean and 5. 'Un the other hand,
Sirri and Tufafle .

o

“ plitionship between
the past perfo e and the HOWs that :F se the performance

persistence to dissipate quickly. More recently, Bollen and Busse (ZUCIS) examine the

: ort-run
W : s arterly
e empln Ba}r'es approach, using

monthly data to support the existence @ the short-run pergisic

QIR TN YanH e

Noner.heles& a number of studies have emerged to examine the persistence of the UK
fund perlormance. The importance quesiion is whether the muiual fund performance
persistence also exists in other markets. In 2002, Charles River Associate’s report,
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“Performance persistence in UK equity funds”, demonstrates that the answer is
inconclusive by reviewing contemporary academic literatures about the existence of

the performance persistence in hg report briefs that Quigley and Sinquefield

in UK market. The question dbo: isSterffcobfw®d performance persistence in
the UK still remains. Mogs-re - Fletchersand-torbes (2002) find significant

persistence of UK unitpmels»ilién, pecfon gialuated relatively to a model

based on d by Jensen), but the

persistence is eligaj ‘ e iively to the Four-Factor
model. They also sig up ; i f UK and US researches. In
the UK, the pej ' R X

benchmark.

Ones coyl® notife theditera inySsticafluc M persistence in UK unit

befarmance relative to the

trusts performance gthodology of Brown's and

Goetzmann's (1995) as' rell asdCHr Evel though researchers start using
more Bayesian econafhetrié ind per meéasurement, there has not been
any study which employs | :{_’.:J ¢ the fund performance persistence
in the UK. Th - efore | s wh Bavesigaframeworks, instead

results in the UK

Elf Gr{ﬁﬂ . Conomeincs-metnoaoloey —Can—aso- -,.-l--..-p-,-_-_‘l‘ ke
market even' Ay ch m hesUS.
e '
This disgeftation atfcTpteie xammetic unit m;@-.rfennancc persistence

in the UK. I bcgm y constructing daily eight passive assets which will be used in

DTNy

deml“nks Then, the performance predictabilities of the Bayesian and frequentist
alphas are examined. Also, to su;‘urt the results froffaghe above test, whetfigdfth

calc

RN



1.2 Objectives
1. To apply Busse and Irvine (2006) procedure to determine the Bayesian alpha
in the UK market.

2. To test whether Bayesi | ture funds performance more
precisely than the fred ‘ é:

he Bayesian alpha

0% frequentist alpha.

unit trusts sold in

1.3 Scope of the

This thesis,
London Stock Exchang 3F) 0 .
factors used to esii ‘ta i 8 hist daj - shares sold in the
UK for the past 15 yeq tqv'"‘.‘l ks Y

i

bl 0 years. For the data on

iesian estimation.

: ysts 0 e UK market and the same
methodology from Bus#€ andil paplr seeks to strengthen the
international uut—ﬂf-sample i h ade0f using Bayesian framework to
estimate the fung ex 0 : measprement, as well as

to re-examine tHie & T market.

t 1) b

-k =
== i

ﬂﬂﬁl?ﬂﬂﬂﬁwmﬂi
RIAINTU NN INYAE




Chapter 2
Literature Review

attention moves (0 W nanbeu.peigists. Recently, several studies
- . ©0 estimates the fund
performance. Ho at ademio-diferature fagns, on US markets, while
the number of the pesformande /pers bdies in UK is still limited.
Using UK data, tgfre apf sefergll papessanle e W unit trust performance
persistence, but the Jfe i LA b
technique in fund¥

Wkfits of using the Bayesian

=d as well.

2.1 The mutual fund = ' ‘

Initially, Jensert (1968) offers inMces to measure risk adjusted
mutual fund returns t::-:»m,:;.i ﬂ, .’“ narke m, the Capital Asset Pricing Model
(CAPM). The,interge ‘ £sS I against market
return, denogg s alpha, was widelv uses d pofformance measure.,
Using CAPM, b otors, the market risk
(beta) and fun-:[igijnanag ol w e alrhi. ter,ﬂna and French (1993)

1 idding size and book-to-market factors so that the alpha reflects

(1993)
m:ﬁ mewnd the

our-factor model”.

develop the m

the

explord a

Fama“d French model into the widely cited “
Since the study conducted W Grinblatt and Tigman (1992) did not takiggize,

NIRRT AR

database containing a more significant number of firms (almost ten times the number
of firms used by Grnbiatt and Titman (1992)), taking size, book-to-market and
momentum effects into account, and considering a longer time period (twenty years

IC

fato: t



instead of ten). The performance measurement method used by Daniel et al (1997)
forms benchmarks by directly matches the characteristics of the component stocks of

the portfolio being evaluated. Using thi§ approach, Daniel et al (1997) decompose
et th Jedoghs thg different aspects of performance:

average style (AS), chara 1 " , / S characteristic timing (CT)
dithaifonds cxhibi Aseleﬂﬁon ability, but no

characteristic timing a nents appears statistically

significant, but is in Tact S#fE opder as thedilfetgnce 1n fees between active and
passive funds. Weve g/ [CArhs ) C o iodsi. they conclude that
performance persis gt  duetto 'thie, tisc "9f, mOmieRtum strategies by the

o
\ .
ATMRNE K1

fund managers, Tather gifar at picking winning
stocks. Then, Weggh ‘ _
database which was g6t pfev
holdings with a dg#fbas of 1L

other characteristics cg

from D nic %! (1997) using a new

: of mutual fund
] | . §, turnover levels, and
BB e 1975 to 1994 period
hat otigerform a broad market index
ue 1 the higher average returns

indicate that mutual funds

by 1.3 percent per yeam

associated with the characteristicsof-Stocks L he funds, whereas the remaining
70 basis pointg is due anits in ’ he,arhcir characteristic
benchmark pagfglios. - .._)

In Summme measure is
& ] ﬂl . 'M . -
quite simple; if L!ﬂmutu explau,m by taking risks (the

factors), the residual part of return should then represent an abnormal return provided

TnERTwEIRT

most at“-am measure fund performance.

asolumAngde

(1996), Goetzmann and Ibbotson (1994), Grinblatt and Titman (1992), Hendricks,
Paiel, and Zeckhauser (1993), and Malkiel (1995) test the persistence of mutual fund
total returns over time periods ranging from 10 to 31 years. Grinblatt and Titman




(1992) find evidence that differences in performance between funds persist over time
and that this persistence is consistent with the ability of fund managers to earn

abnormal returns. Hendricks, Patel eckhauser (1993) find that the relative

performance of no-load, growth ' tated Al funds persists in the near term, with

(funds with returns ‘_n;iu gttt peal, cven when performance is
adjusted for re a0 is .v ROy fa A Go Whiod that relative risk-
adjusted performag ‘ | ‘ersis ence is mostly due to
funds that lag the S§P 5§

persistence phenggfiengglis ; ' 188 avoid. Malkiel (1995)

for investors is that the

finds that funds in agfres m a ’ k portfolios even before

deduction of exp#fises, Fhat Wi . ahle M§nce persistence existed
during the 1970s, W 1515 iy during the 1980s. Elton,
Gruber, and Blake (199 find JRdtrisk-s f0kmance tends to persist; funds
that did well in the pst teldordo well utuf®. Using Jensen’s alpha as a

¥

measure of risk adjusted perfoss hows that, primarily, 1-year alphas
provide inforggatiopaiiol perfor portfelios based on past
performanceignifeantiv-eutperform-equall 2johied po ;;Tfl: of funds. Carhart

(1997) devel®p ‘ £\ Sadd demonstrates that

e |F =
common factursm | stock retom [ESEMent X penses st completely explain

persistence in Cl:]l.llI mutual funds’ mean and risk-adjusted returns; his results do not

A VNN

twegthe past and the subsequent cash flows or the future performance (e.g. alpha).
Sirri and Tufano (1998) mvesu‘te the mutual f@ags past performancfdin

RN IR AT TRY W

performing funds at the same rate. Although consumers of equity funds
disproportionately fiock to mgh performing funds wimle faiing to fiee lower
performing funds at the same rate, Berk and Green (2004) develop a model showing



that investments with active managers are unable to outperform the passive

benchmarks since investors competitively supply funds to managers and there are

decreasing returns for managers in deploying their superior ability. They claim that
this evidence explains the absencelpEpekfpgnghcg persistence across the mutual fund
universe. Bollen and Busse (3% » : ’, nefit gifhilar to that of Berk and Green
(2004) and ask, “What &tk ] _,_m__ ' :ﬁm persistence in mutual
fund performance is S it acrcae heir capital investment to

the best performing Tlind mestic equity growth
funds, they employs#th o d the market timing
models developed byt MefSon 2nd Merton (1981),
and combine stock selgfliogfagt jhwin by g Uie three additional
two market timing

models. The result sk : top.decil® of, flmds Mgenerates a statistically

5igﬁ|ﬂﬁ€ﬂ.ﬂt abnorma In g £ sberar ., ‘ el "-"1 -F 9 basis Pﬂiﬂt& When
modifying the tests, thp hortsfe 1 r8iste ce ph eRof @isappears.
In summary, o e ain (s ancey ‘He mutual funds, many

academic researches inveftigafgianswhethes fince persistence exists and
how long the persistence mam _-J } m g dology usually based on principal
she the lgser should still be

‘ é}nlio refurn must

| il portfolios then
regress the portf lia return n fm}&miﬁvﬂ alpha as an

that, from time {Q time
the loser, in otRer?

be positive.

evidence of fund pcrfﬂnnancc persistence.

> f 1 SRUNTHEIAT -

Pésmr and Stambaugh (2002) @cmonstrate that awmate of either aIp

PRIRSNIUANTING M4

mc]udmg the non-benchmark assets, new Sharpe ratio estimates are typically four to
five times more precise than usual estimates. Furthermore, 30% of funds that rank in
the top Sharpe ratio deciles based on the benchmark estimates fall into the bottom



two-thirds of the rankings based on the new estimates. Also, the difference between
Fama-French and CAPM alphas is substantially reduced when the non-benchmark
assets are included. Empirically, howeyeg estimated alphas for the majority of equity

funds are negative when the g dchdhngficMssets are either included or excluded,

For the benefitsatangiie a i MoPBaks, Metrick and Wachter
(2001), and B ]s to assess mutual fund

, usseand_ipane~(2006) offer
performance. Baﬁw aghle D). foegses on an investor’s prior belief
about fund o7 il / ian [ 3 ne MH“T pn wherein an investor
Wnd whep Dot N

ate of alpha is positive.
For 1,437 domesti gtds “in1 x calculate the posterior

e that a mean-variance

investor would requy el skap ica Bafief Ie possibility of managerial
skillto be inducgPnotf inflest in# actively m; ged ndWBusse and Irvine (2006)
integrate Bayesian egffmaffor’ and-the-teeh(ict ofR48t0k and Stambaugh (2002) to
produce a new furd pe ancelme: “\*“ f‘ ive non-benchmark assets

returns leads to a moré predifeimicthod of \g future performance compared to

the standard ﬁ'equennst g of time-varying parameter models

improves prﬁtah siafl BBeLling
For' Japphication—to—the Spersistenovtestmiiung Jand  Verbeek (2007)

incorporate Badfest "edfbrmance persistence
— ; ¥
as describe in Bollen and BUSSeN2005)NUsing thc cntire xﬂple of US equity fund

over the period uf 984-2003, the result supports the idea that past performance of
mu b3

. VRN

dﬂllﬂuh&ﬁquﬂﬂﬂ}' outperform the bottom deciles across all subsamples, and they
also found the short-run persrstcrﬁ in abnormal pgffgmance as documenf@dby

RIS AN IRE IR

Besides, Jones and Shanken (2005) investigate whether learning across funds
relates to mutual fund performance or not. They use Markov Chain Monte Carlo
method to explore the beliefs an investor might arrive at under different assumptions



10

about actual management skill, an investor's initial level of skepticism about
abnormal performance, and the number of funds observed. The result indicates a

substantial learning across funds with signifigant on investment decision.

i ! : 1998) examine that
the world-betas 1s a nggfling® ion of dor ol lity. They also find that
Pacific and North ~righ TiF ean A : fficient, while the

European markets, espfCiall¢ UK volatilitih+f8 rioh relgtedio international CAPM
beta. This indicates gifat, hifsedibn th ,,_.3'.".{"".* : Ab! Wnd US have different
"’ ;
risk component. 'y &‘ ‘..m”.
Cl e ¥

For the performancgibersisisniéeift-UKSMlen andWan (1999) find evidence of
raw return persistence inUK fiaged funds 131%unds from 1989-1995 and

fﬁff;ﬁbﬂg ge, OLS, and Spearman rank

correlation coeffigient Dersjs

four different test; wmncrs

for longer than

one year. Fletchereand-Forh 2} examine the-persistenees1n peformance of UK
unit trusts betweshl 3 : et with the prior
research of mumaﬂunds and nmtStrusts, “the“waper finds c%nce of significant
persistence in the perfgrmance of portfolios, which are formed on the basis of prior
year UGS ¥
and vaﬁu

with pnﬂcsearch However, when performance is evaluated relative to the Carhart

trms

sistent

model, this persistence in pcrfonnanca‘ eliminated.

ﬂﬂﬂtﬂﬁiﬁ&%ﬁ?ﬁﬂ M

pers:stence in the relative rankings of trusts over consecutive l-year and 2-year
intervals, which is fairly robust to the performance measure used. However when
persistence is examined by comparing trust performance to an absolute benchmark,



11

the persistence is largely driven by repeat underperformance. The second main
finding is that there is significant persistence in the performance of portfolios formed

on the basis of prior year excess regumps, which cannot be explained by cvaluating

main finding is that the pefSi§icnocin perfopis inated when peﬂcnnance is

estimated relative to -UAERCAITAR e conditional performance
measure is used, Lhig@za 10_gigmificant ormance. The evidence in the

paper suggests thal the pggs is not a manifestation

of superior stock.s tors that are known to

capture cross-sectiQp! diff

Keswani and $#0li 5) €3 mifc Wht Bnance persistence within a
peer group of comgetingfmuyfual funds 7_ - 'g 1- Seomposition. The U.K.
mutual fund industry | y ar k% hbdhyse funds compete within
strictly defined spéforsffTagl cont {. a1 gtfpighs Slhted to the intensity of
competition within afpec ‘. F ant \ 0 ¢ 2l jor-level persistence. The
choice of variables‘is bage | "-1 = cOmpetitive a sector is, the
less likely it is to be #harg " 2 inWts funds’ performance. The

:-A-*.-.

variables used to capture intrg ﬂ, Ctor Tivaln bilae number of funds in the sector, the

concentrationgf fug : 3t in

s ]

he sector, and the

proportion off Wature funds—inthe sec 3k fQPust evidence that

persistence isehighe tsMumtier management is
-

higher. I 'ﬁl

In summary,_ although the literatures examine the existence of unit trust

I HB TS

fherefore, the question remains whether the fund performance measurement
which applies well in the US will halfé the same ability igsshe UK?

ammnmummmw

ve been
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2.5 Problem summary
Over the years, there have been many improvements to the alpha

determination as well as of performance persistence existence.

Nevertheless, these strong litcrgiNEaS\BClE flogle_mostly using the data on the US
market. For other marke NG i€ et
are still ambiguous e ant of the market is not

Bayesian framewoTR as_injuetEdBy Pdstor, i l‘l needs to be tested
before it can be ga®talizgt agfoss/gourk 83, B 8siT8eps) %alhe cxistence of mutual

fund performance pgfisigCefin/ 1y Mgive, using this Bayesian

ﬂuﬂ?ﬂmﬁwmﬂi
RIINTUUMIINYIAY



Chapter 3
Data and Methodology

3.1 Data
This thesis uses thesdSly pficuiiligps in order to optimize the

The unit trust s i V) rofal e k(K is taken from the
' - Nelicom July 1, 1997 to
specialized fund, in

Datastream consi it
June 30, 2007. To. bad

the following Investme; | _ 5\ (DT, grs: UK All Companies,
UK Equity Incomef’K Sgha T niesy#nd . Ik I shows quantity of
included unit trusts foggfck iod. '. )\
The share d#fabaslF cq¥e : is MAStream’s FBRIT list
‘ y “ wfﬂ,
(2293 shares) using QY efuty] ’:‘_"*, ’; ¥ va -‘ i market to book value

from July 1, 1992 to u:m" 0, 204 ,,

return index of 48 sectors’that -'f ‘-"r“r'”"‘*'."

e 1 ‘, ry factors, I use the total
To compute daily excegs-petm and on the market returns, I use
: 5_;..“ o,
the UK one-men
month, as the ‘Hsledree=rate=Fa r-the-mark et portfolio-n s{nme
returns from thé*B '
==

h Treasiiry | “rdte, divic othe prading days in the

A1s¢ FTSE all share

L

..--l—
The prior for, in equation peres tund E-xpcﬁ. I take annual fund

expenses ratios fmm e www.morningstar.co.uk. They are assumed to be equal for

8| ik wwﬁ‘wmﬁﬁ“"“
qmmnmumfmmw
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3.2 Variable preparations

From the raw data, a daily passive assets return database are constructed

these factors.

The first fuur ELW : '- N
The to /th¢ FESE\% getuTepcoxies for the market

returns.
The Characterifific
I construct the ch@facteristig=b pasurey r‘n d CMS, as described in
Pé4stor and Stambaugh #2002} with-a-c uen instead of a monthly. The
factor captures the return “f-”-’ we b : ks with low HML betas and stocks
with high HMI, betasg Itiple regr includes-MKT and SMB as

independent Vanables—Atthe end of June-each-year al FBR¥I.clocks are sorted and
. A ) N
assign to thre®sfze"g " THed, nine combination

'

==
groups are constiigted denote'® Friatng incrgasing values of size (S,

M, B) and book-to-market (H, M, L). I construct beta spread within four groups,
whic

‘ et n y HML
be }'p i of each

gmup wnnstmcted by gumg lnng £1 uf low-beta pnrt["a]_m and short £1 of the high-
beta portfolio, and the daily CMS idithe equally-weighigsaverage of the four dfigghd

RIASNAUANTING AL

I use the 48 industry sectors’ total return index provided by the DataStream to
construct three industry factors (1N 1-3) which is the first three principai component
vectors, at a daily frequency. 1 first compute the cross-product matrix from the
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residuals obtained by regressing the excess returns of the 48 industry portfolios on the
other benchmark and non-benchmark assets. [ extract the three eigenvectors

jues from the cross-product matrix to form

corresponding to the three largest Eiggs
e .' ghrge industry factors, IND1-3, I then

a mean square of one.
3.3 The alpha co

mm—-‘ N~ —-—*="
Bayesian | fop ik

the principal components m

normalize the rows of thepsl!

al fund performance

measurement in_the*®5S, 2 i Bus: Alle, (78Q), In this UK study, to
assess the distinctiopg#erweén Fafetiap ahd fregue @tion outcome, the alpha
estimations are*Perfogft o gannersyi using feguctitist approach and the

Bayesian approachin gfchfmpdel _Th alphas in unit trust
performance predictiglf arg N

Using the § gh (2002), the mutual
fund alpha estimatiog :'v =11 condut iy e lhdels based on the eight
variables specified # the i ectidn eac ‘\‘w.‘ god8l, the eight variables are
separated into benchmgfk agt<htp-benc ts. Wistor and Stambaugh (2002)
' precisely by using information in

conclude that the alpha can _Dg ¥

returns on non-benchmse .one believes those assets are

priced by the; benchmark.
The ck:' S

in Péstor and Sﬂ

three, and four paSsive assets in CAPM, Fama-French, and C art four-factor models

as benchmark ass from benchmark uls the unit trusts return might be
AUBAREAE -
Péstc es 10 sive as non-
benchmark assets in each pricing m@del. The first is Wﬁfmnnal n:turn

arti

Titman (1997). The other three passive assets capture the dynamics of industry
specific returns and are related to the industry portfolios.

' pricing model. As

k
l.-u

(2 this study uses one,
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For the models used in this thesis, CAPM, Fama-French, and Four-factor
model, the choice of being used as a benchmark or a non-benchmark asset is different

for each factor. For the CAPM, snchmark asset is the market factor while

the remaining seven factors -aresiop=by @rkassets. For the Fama-French model,
the three benchmark agselSSaECSihe marks / size factor, and the book-to-
market factor while “thesother fiv s ark assets. For the Four-

Factor model, the fo are—theemasket factor, the size factor, the

book-to-market, and_thgerfogs€ thtry fécior “the gther four are non-benchmark

assets.

3.3.1 The fo

Alpha is off . e. Normally the alpha is
computed by reghessipf SeC eturns of any passive

assets, or in this cas

(D

Wherer, ,, igt ' b ¢+ 18 @ kxI vector
containing the excess fy Mlc 7, and ay is the fund’s
alpha.

The role of scesi rrelajes gins with regressing the non-
benchmark , the < pha for each non-
benchmark pgsgfpe "intimcronmnon-
benchmark pasilr:ﬁ asscreisg o nun-'ﬁ}chmark passive assets
15 written as

TG ICIL I (Tt

benc k alpha that can be :nmrprcte.d as general abnormal returns due to the non-
banchmﬁrk assets.

ammnmummmw
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Then, I extract the exposure of unit trust returns to all passive assets by
regressing excess fund returns on both benchmark and non-benchmark assets. The

regression of the fund’s return on all p + k) passive assets is defined as

3)
Where §4 can be i selection skill, andc,
are the fund’s exposureisiaeths
Substitutin
Tat =6, etUse 4
Lastly, the 04 , selectivity, and
the influence from the
(3)
The equallty pding how additional
information about : oy : assets, which are
seemingly unrelated § g s¢ vthey @ 56 | felated by a definition.

Further, alpha can be de g@lection skill and the model

mispricing from the non-benc assets. fation (5)’s first term (4, ) is the

selection skill part. The secafd! gquation represents the model

Jthel non-benchmark
-

mispricing Pat A
jtrust‘s return to

assets (obtainﬂ‘

1

particular nonibenﬁ ; . H‘n
Typically, dard performance measures above are e®ated directly from
the time series of re gl the unit trust and fM benchmark and non-benchmark

Qﬂ HANHATHE NG

horizon returns provide more precisegstimates of the nﬂente of correlated SW

AAARIATURATINEGE

rcturns a, in equation (5) should provide better accuracy of the performance
predictions associaied with unil tust sector, Pastor and Stambaugh (2002) explain that
a more precise estimator of ay could be obtained by evaluating the right-hand side of
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equation (5) and a more precise estimator of ay could be obtained by using a longer
sample period. Therefore this thesis also estimate frequentist measures that use long-
history passive asset in addition 0 the) fpq) entist alphas from passive asset returns

e g ol - , ‘ge two different frequentist

measures for each moteksilie. only benchmark assets over
——

- .8 w long-history measure

of benchmark and
Then, equation (3) is

estimated using onlygfhe ‘ time with the unit
trusts. After thagfequaffond(s; ines the non-be ylphas in equation (2)
with the stock seleci®ity, *." ind 1y TARLL ‘ 1 i cts in equation (3).

Both of #eque tist flphas for -,-“"'. ’ & \ eStimated yearly in every
annual period from §ly #997 to ad '; lune 2808%Msing benchmark and non-
benchmark passive assg | :
July 1992 for the long-histo Jy TSIO!

3.3.2 The Bavesr Dk h j'-ﬂ-v* J
Péstorapd 8 gtiopf tp estimate the fund

B7 fo \ e standard version and since

pe:forman e passive assel rei hissmethed-<pafs across the whole
time-history, MO : | g #dition, the Bayesian
measure incorpdrgtes a flexible set Of prior beliefs about f agerial skill and the

vahn:hty of the asvs B icing model. Then, aysa and Irvine (2006) test for the

same N of notations as P:ismr and Stamhaugh (2[!02} and Busse and Irvine (2006).

_ ._ ?an- ‘
q‘ ] 1[!] ﬂ
q e Bayesian measure uses the z:nm-c tm:m msmry of the same benc

non-benchmark asset returns to estimate the posterior distributions of the elements of
equation (5), similar to the long-history frequentist measure.
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For the Bayesian estimation method, the similar framework from the

frequentist alpha estimation is used. However, Bayesian alphas are estimated using

the Bayesian estimation instead of th : rggression In general, to use the Bayesian
estimation, the prior i 'I e, ified. Therefore, the regression in
equation (2), (3) and (Smcededul ¢ the of their prior distribution, as
follow. A conditional prieistabiiti é@@z} is specified as

. N Sy (6)

Where E 15 the marginal model
erage of the diagonal
' Sets in each model).

the benchmark and

mispricing prior 3
element of I (the avgs®

For equagi®n (3

non-benchmark ass

(7)

ﬁ to all aﬁlﬁssets classified to Hehmark and non-benchmark assets,

HEINERINEATT -

for each IMA sector. In details, c,equals to average factor loading of the




Then, combining the prior specified in equation (6)-(8) with fund, benchmark,
and non-benchmark returns produces the estimates of the posterior distributions of the

elements of equation (5). The posteripn distribution of ay is independent of 64 and

can , o the posterior mean of oy \equafiof. simply evaluating the right-hand

use the following methegd

(G o)

Where (ff

9)
g, the estimated posterior
of non-benchmark ajgha # hbenchmark asset returns
against benchmar] 1 ac) 2 other elements is the

estimated posterior offion ,.u hifs _r )63 difte \is Aidentical matrix.

52 i
u=[a . _ [ 1) with Sxk+l)
0 0l

dimension, let iequals g a _ nd r, equal to columns of
benchmark asset returns with : ® period. G = (Z'Z)"1Z'ry, define
Ty @s a column of nag Kronecker product operator.
vec(A) is an S N Mo, pen o

The

(Au@‘-t- Z'a1a), (10)

Where (5‘4‘6 N C ,43) is Elx trix that contains the estimated

mﬂmm NEIN -
N e Er ]

with 9 rows and r, and rzare columns of non-benchmark and benchmark,
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&,
accordingly, asset returns vector with m observations in a period. ¢, = |:c:] with 9x ]
0

dimention.
Finally, the estima : ] jons of the elements of equation

(5) designating the post

(11)

-used as the Bayesian

mEm—
i .c LT

estimates of alphges

This pos
are estimated of every

period (yearly) frgy | g benchmark and non-
benchmark paSsive gffetyf refughg Sinck Mnl W2, "ignifar to the long-history
frequentist alpha. | - "N

I estimate thegh and non-benchmark
asset data from Jj / k eriod and using eleven
different skill prior ygia ‘ : nd eight model mispricing
prior variances ranng. m 105 a' 10 ‘ @berthmark model as describe

earlier. The intuition ofar g Skill prior. e]l MM pricing variance is discussed

in chapter 4.

3.4 Performigtth %
Usinghglpl hRdh section 3.3, this

subsection n:lt:smﬁﬂl s the petology " st whether Bayesian

alpha described 1n Busse and Irvine (2006) can improve the accuracy of unit trust’s

NV

The predictability test int‘ds to examine thr the Bayesian Was

A TIASAIUAAT N TRY

performance persistence. Since Bollen and Busse (2005) found the short-run

peisisience in supeiior performance muiual funds by using tic Bayesian alphas shoit-



run predictability test from Busse and Irvine (2006), this study also conduct the same
test—the test for the performance predictability in a short interval (3 month).

To evaluate the statistical :ax- ance of the performance persistence, The

le "_r‘y- afaggnsghip between the ranking and the

Bayesian posteriosd# ! l e xay “slibsedWeit ordinary OLS alpha
rather than the su yesiag alphd. | “Sapcaghghmark model in both
the ranking-period s i ok . Il
This procedure is déflicaffd § sse.andIrvitl (2006), NotByhat ordinary alpha is
calculated easily by pg# ar cbn

factor(s) associated

ankiny hperiod ordinary measure.
) iticular unit trust and the

‘ vl \
In earlier perfg ‘ e pernstenee JMeratives| Besdichers generally focus on

two features in assessin
whether relative performfancel g ;;ﬁm

' persisterict ost-pefipd Tanking tests determine
phe period. The second feature is
the significant positive pe.rfu ﬂ” };, :: E e I' e To nm whether unit trusts
have performange pegsi post-ranking period alpha

between the NiD and bottom deciles (d1—d10" @ig-period alpha for

the top decile fM .
s
Every end|of June, unit st e deciles mlﬂrﬂnkl-ranklﬂ] based

on the mean of the Bayesian posterior alpha distribution or frequentist alpha estimated

CHUATRER TN

q"ﬂng deciles rank for all unit trusts, I examine the difference in post-ranking
period alpha between the top and ‘tl‘.nm deciles (d1#840) and the post-ranking-

qQ RIRSNITRARIINLIRE

q via the Spearman rank correlation coefficients between the ranking-period decile
ranks and the post-ranking-period aipha decile ranking. The resuit wiii be shown and
analyzed in the chapter 4.




However, to examine whether Bayesian or frequentist alpha contributes to

persistence, the performance persistence test methodology used in this section created

by Busse and Irvine 2006 is justy gng of many accepted methodologies. The
advantages of this methodolqgy I the persistence relatively and also
specifically serves thesspl yrgghe persistence in short-run.
Alternatively, the perfemm i [besew#ffiined in an absolute manner

simply by regressing the-g ‘ : oitfoliacgensizucted based on Bayesian or
frequentist alphas; and thef comSider the al ha gk 8.its significance as the proof
of performan s
subsection.

3.4.2 The abngfma

equentist alpha
The study igfthisgsulgbcets

Brown and Goetgfianny 19

Whsed on Bavesian and

el o8Blogies of Hendrick et al,

Mludte the persistence in unit
\

trust performance mgisurg | \@lphas. The famous Brown
o

and Goetzmann (1995) use s to evaluate performance

| g
persistence which are portfg io constrmnct comibinations of the winner and
loser, and then looking for stafiSHc;signi bmloha of cach portfolio. To make a

consistent wi e gce in this subsection

use 10 decilés-pertiolio constructed based on Bavestan-orfregnentst alpha instead of

the 2x2 comM¥isation
e

portfolio using Bayesian alphas s aepankyne critcria delivary abnormal return and

xhib®whether investment
L}

whether Bayesian ¢?'matcs contribute evidences of unit trust performance persistence

RS WeT

@fvery end of June, unit trusts are sorted into decile portfolios on their
Bayesian alphas or standard fre uan‘st alphas, determidi@hfrom section 3.2 badééfon

QEHARIBTATIARD

3.2. Then, I gather unit trusts in each decile to form ten equally weighted portfolios of
ten deciles named “decile portfolio” and evaluate the portfolio’s post-ranking
performance.



Using the monthly data from July 1997 to June 2007 (10 years, unit trusts are
sorted into deciles), I examine the persistence by, first, calculate the monthly (decile)
portfolios’ equally-weight returns over

g subsequent 12 months for all decile
: eries of the portfolio returns

portfolios, then, estimate the alpha | 3 enfirg’ tighe
using OLS regression against . aty four A, 2 ;The result will be shown

e decile portfolio is

positive and statistical -_ | 9 l@i::!-fi-'.i'::n«:n‘:, of the

sector.

UK Zero. This excl
are definitions for efich
“UK All Cumpames” '
equities wluch have

e, The following
ent Association.
itheir assets in UK
gMwth, “UK Equity
1 hich aim to achieve a

yield on the distributable} e i .-fuf.i P of the ‘.‘ "SERALL Share yield, “UK
Smaller Companies” is " St at le 4% of \their assets in UK equities
of companies which form th#boytomr F0 o E jpitalization, “UK Zeros” are

fenominated, and at least BD%_
ivalent instruments. Since all

funds investing at least 80% of thé
of their assets in zero dividend pref

calculation in this thesis are perfomme ach pe: n-d cm:tmns about
260-262 observ s 1,672,571
observations.
Period L 2
1997-1998 292 169 75 0
1998-1999 193 g, 50 0
EME‘I’J Vi ‘Wﬁfﬂ.ﬂﬁ
2ﬂﬂ2 533 339 114
2{}(]3- 622 400 ‘ 130
wm«fmm SJ‘W]’WIEI’M d
Zﬂﬂ? ZIDGE 921 198 112

6226 3952 1364 869




Chapter 4
Empirical Results

i its i aRkiski¢ foglid of the alphas predictability test and
the test for abnormal regusi e the de )J ing Bayesian and frequentist
alpha as a criteria. ,.'_= o't c&m reported in section 4.1;
and the results for the fest. nt - ' rtfolios are reported in

section 4.2,

There aregfirec #Mari iis con e Selion i.c. the difference
between, bottom degh . hand the Spearman rank
correlation. The #pea al correlation c My Table 2 indicate the

relationship between Aalng-period Bayesian alpha
and the ranks in pos 4 al | alpha. The relationship
evaluated by the Spez e fdik Correlatio hdictes the statistic significance.
The difference between top_as balpha (d1-d10) and top decile alpha
(d1) in Table 3gnd 44 bthe rglationship that is the
ability of the\ou
performance Suefist phasTHe tables report the
average, by sll:fillwlb O Variances, o andeder mispricing pﬂ variance, o, , of the
statistics for the -:t?bmanﬂn of the two t jor variance. Skill prior variance
rang to the

=k WS TNENINEINT -

prﬁ:lu e worth of the non- bcnchmark assets to pruduca abnormal returns fﬂr each

misnam =L
ane] B uses the Fama-Frencl ee-factor mﬂdcl };ancliuac aﬂc tg L

factor model. The Bayesian results in Table 3 and 4 are determined by equally
weighting the ordinary alphas in post-ranking period deciles for particular prior

variance.

1 0On

i alpha to persist their
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The results in Table 2 report that the Spearman Rank Correlation coefficients
averaged by each Bayesian prior variance or each version are statistically insignificant

for all three pricing models. Two-(ai an test based on decile rankings are

significant at the 10% and 5%gi¢’ ’ £laflope of 0.564 and 0.648, respectively.

This result denotes a  guelNQEARIS YPredigiphLis? een Bayesian Alpha and

Rilikyis greater for the Fama-
French and Carhart modgle*hapTot the CA | SIS thﬁ},f remove more of the
abnormal perfors - erefore the greater
predictability in theggh gerial stock selections

skill persists more thagfhe ghngrgfal'rchir A8 ok it Aw i Wpassive assets.

Although g skilffpri Aflcst d1-d10 in Table3
and Figurel, it bringgfabofft e ‘ g in Table2. This result
holds for all threg#nodglS. Jecall (38 ioYeCBnes more diffuse, the

Bayesian measure of) gfanagerif] Sk} ok Mllitifactor alpha (estimated
using both benchmark fnd péhsBernchi assets @ The similar predictability

associated with a range’of sKilipfofingid ambunt of managerial skill for

among included unit uust : f.?’ m WAy, ‘ prior variance decreases, the
Bayesian measuge o ' por mean of -1 multiplied
by the fund’s\expenseTano SO the TvESIOn cehomid o T o phht fund expense as
fund selection Beek)? X

—

'
By varying Jthe model THISPrICymessRar Variance, Lhﬂelaticnship between

mispricing uncertaingy and Spearman are identical in all three models. The results in
p i

Panel d 2 i @8l gcouga gy gt future
ordin Iphad 0¥ the mispficihel Pdo i ﬂ teldﬂlr fict more
accu_rat”“ for precise model mispricing priors, that is, stronger priors that the non-

benchmark assets do not produce abn‘eﬁmal returns.

VLER e R e

the Spearman correlation. The results in Table3 and Panel B and C of Figure 1 show
that, for Fama-French and Four-factor model, Bayesian alphas tend to better predict
future ordinary alphas for more diffuse model mispricing priors.
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In the relationship results of Table2, and 3, the Spearman and d1-d10, the
Four-factor brings in the largest magnitude, followed by Fama-French and CAPM.

This trend holds for all skill prior vari d model mispricing prior variance

combination.

The weak relationship ts from Busse and Irvine
(2006), which reports greategamagt 1 in US mutual fund
ave the magnitudes

discussed later.
1 of spearman

market. These weak relati
that are close to the rela
Furthermore, Keswani as®
correlation among raw retuis.
The performa
The CAPM results in Befiel 4 off T ghit ANt dalive performance,
emphasis that the non-bencjgfna g asge t"' ‘ hreturns in a CAPM
context; while the Famadfrengh ag | the H ‘ 188 Panel B and C

e ing p decile ‘."':'g-: pricing model.

i - ! F
show significant positive pegformg !' lpha of the top decile

also indicates the unit tru€t pegibrmangE plrsisit | e} iat1%e abnormal returns
from CAPM conforms with e st from R and4Susmel (1998) which

reports a negative alpha for UK -;1:3".:.;...,,___ Begstimates using international -
--"‘" = 'W

CAPMasa bcnchmﬁ.

4.1.2 Frequ

=N

This section almt:v e results from Bayesian
alpha in section 4.1 able5 rcpnrts relationships between entist alphas in

and r.he iha in ﬁstﬁ ii . in caﬁo the
The frcquenust alphas in Panel 4§ B, C of TableSgalso indicates a weakgy j

mﬁmmmmmmﬂ d

m cl and whether long-history passive assets are used. In all three models, the
Bayesian alpha generally predict future ordinary alpha more accurately than both
standard and long-history frequentist predicts future performance.
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In contrast to Busse and Irvine (2006), the long-history results, for all three
models, indicate weaker relationship between past and future performance than the
standard alpha predict future performange, The Spearman and d1-d10 of the long-
history frequentist results in all til .'.: ¥ wer than the results of the standard

frequentist. In theory, incorpaialiag e Jonges hisi to make estimation should

cannot reject the theory

predictability than - _slapddidDrod 1y B gy b lied that Pdstor and
Stambaugh (2002248 Ve b R
the persistency in_ ‘

The freqiientis @apodel in Panel C and the
Fama-French modgfin Py B predic rc petfohnance Mo accurately than the
CAPM frequentist mfhsugls,) Whiteh, noted carlier with the
Bayesian alphas. |

of UK unit trusts, but

ﬂﬂﬁl?ﬂﬂﬂﬁwmﬂi
RIAINTU NN INYAE
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4.2 The abnormal return of the decile portfolios based on Bayesian and
frequentist alpha
The important content prmrided by the results in this section is the alpha,

Since from ir v ;- ~sim tstanding performance
i of 10° and model
st relationship to sort
unit trusts into decile gi#ftfa 12, a8 w e]] as use the standard
frequentist to sort®init toufts ftgidecile po & ~--" W8t ranking.

Table III repgfts va fo aitiol
frequentist ran o g. JArt Ev' : how egatively statistic

predictability, 1 use=sl aygsrip” ol

mispricing prior va an®t of 0 .,',

hin both Bayesian and

significance, excepggfhe ecile port .' |\ Bayesian alpha. This
i e - i

indicates abnormal loss

I‘.I { ; " - - . -
Bayesian or the freqtntis 48 ;' he se : itex ithin one year interval.

8 formed using either the

Anyway, the results shg o 1 al ¥} n in the superior decile
portfolios. This kind of re:sult 5 : ™of Fletcher and Forbes (2002) who
reports significantly negs “ T2
UK unit trusui‘a uartile pe yase : then examine
the returns of *e |

and the Fuu:-Fac[@m

ﬂummmwmm

guartile portfolios, by sorting

rifolios returns

ammnmummmw
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Table 2: Spearman Rank Correlation Coefficient
The Spearman correlation measures the statistical significance of the relationship
between the ranking-period Bayesian alpha posterior mean decile ranking and the
post-rankmg period ordinary alpha d&c e ‘ng The Spearman correlation also
alphias §¢ subsequent ordinary alphas. In
Panel A, B and C, for each combjmA % _ :' ariance and model mispricing
prior variance, unit trusts g it a#d on their Bayesian alpha
posterior mean during an_af® g€ results in this table, the
ranking-period Bayesian g ..;i‘;. and non-benchmarks
depends on estimates m ' he average within the
ordinary alpha in each ing period using the
same set of benchmarks thats 1 e, 1 on-benchmarks. Each
statistics in the table®Presept jHe/mganl; With ™afparameter (skill or
model mispricing prior Jfiang€) /o 3 v 0 BMthe other parameter. I
estimate all alphas ug#® dap¥ gftufng. THE cst "of_ranking-period Bayesian

alphas in Panel A™uses gt fogack () ‘ fyehon-behchmarks (SMB,
HML, UMD, CMS, ang/INRJ—3J. Stima’ Kipz-Plsiod Bayesian alphas
in Panel B uses thregiencifnagis | SMP, and hApd fige non-benchmarks

(UMD, CMS, ang mu) 3 g@hking-period Bayesian
alphas in Panel C uses §#fur Qgn e3¢ M8 2@ MD) and four non-
benchmarks (CMS, #£d ¥D1 A Fuo-fllcd Spéarmn (St based on decile
rankings is significant at (€ 10,594 atid 1° 9§ forkorBlations of 0.564, 0.648,
and 0.794, respectively.j

Panel: C
ach  Four Factor

40,189
hdBY5
%895

'@ﬂ??ﬁ

895

0.1626 E'.' 1?45

lE-i}E 0.1627 0.1895

TEEWE;VNI El‘]@ﬂﬁ

E 07 0. 164(1 0.1755 0.1900




31

Table 3: The difference between the post-ranking-period ordinary alpha (daily
percentage) for the top and bottom ranking-period deciles (d1-d10)
D1-D10 indicates the economic significance of using Bayesian alpha as fund selection
tool as well as the evidence of unit trust performance persistence. For the results in
this table, the ranking- pennd Bayesign BIph#is jare estimated using benchmarks and
' 1.5} heyparticular Panel. The statistic in
10-year average of ordinary

the tables report the post-rankd
alphas from every unit tru

ordinary alphas from everyuiits ithj ‘ adeetlc. | compute the average
within the ordinary m‘ﬂﬁcl quarter post-ranking
period using the sa ; e [T theaayesian without the non-
benchmarks. Each staus, i the table rephesey H“ an associated with that
parameter (skill or mgge™mispficinas an er.2 q“"-'- bination of the other

parameter. I estimate all gifhasg/Misinig dailyire c Sgfimation of ranking-period
- A afses : EhanMgBycn non-benchmarks
(SMB, HML,
alphas in Panel B us :
benchmarks (UMD e
Bayesian alphas iff Pan s 1

four nnn-benchmarks 4 I l . \ A
l w \
L

Bayesian by s T =
1E-13 Q0152 —0.0%° 0.0195
0.0195

%95

g-period Bayesian
AdWHML) and five non-
of ranking-period
ML and UMD) and

Panel: C
our Factor

-

—
Bayesiany model
lE 11 0.0155 ﬂ GIES 0194
0.0155 0.0194
ﬂﬂmwmwmﬁ
18
lE-IJ4 0. ﬂ14y 0.0188 0.0197

Q\W’]ﬁ\?ﬂ’iﬂJNW\'mmﬁEl
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Figure 1: Performance predictability of Bayesian alphas with non-benchmarks.
The figure shows statistics that describe the extent to which Bayesian alphas predict
subsequent ordinary alphas. For each combination of skill prior variance and model
mispricing prior variance, unit trusts gre sgrted into deciles based on their Bayesian
alpha posterior mean during an gs i \11 nking geriod. For each decile, I compute the
Rguanery/pfi-pinking period. The vertical axis in

ordinary alpha over the follg®g
the figure shows the diffgre fost-cafting-period ordinary alpha (daily

percentage) for the top-ant™eatom ranking-p€ped®eciles. I estimate the ranking-
period Bayesian alphas-using-one beghmark(MRI) aad seven non-benchmarks
(SMB, HML, UMD, CMS, and-#ND1- ,,_____-__‘ benchmarks (MKT,
SMB, and HML)-sn@™1Ve non prichmi , e g IND1-3) in Panel B,

and using four benchmask® (ME F, SMB M

(CMS and IND1=#T 1n EBgfic !f imiate) §

using the same set ofg#€nchmayky that I Wse e Bay ‘
stigpfite # g A urnSgdhweight the standard
: les I¥\ The Sgfimation of ranking-period

non-benchmarks ki 1
: : ) o
Bayesian alphas ingfanel# \1\ K3 afdiscven non-benchmarks
i'!. atior
1‘[ L I :
s

1 __4 four non-benchmarks
gmkiri®Period ordinary alphas
c$i@ihalpha estimation, but no

alphas in the post-raghfingf

(SMB, HML, UMD, CMS, f . pef 13 ing-period Bayesian
alphas in Panel B hr B \agd HML) and five non-
benchmarks i» @stimaiion of ranking-period
Bayesian alphas ifi Pangl' C & AMBY HML and UMD) and
four non-benchmarks & , d

CAPM alpha: Top-
bottom decile daily

Ml

1E-1 skill prior variance

Model mispricing prior variance e
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N Al Panel B: Fama-French

Top-bottom decile ———
daily percentage

0.00021
0.000205

0.0002 P

1E-03

Model migrich .n..',; \cB

DA

Four-Factor alpi
Top-B ‘.

1E-15 Skill prior variance

1E-05
Model mispricing prior variance
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Table 4: The post-ranking period ordinary alphas (daily percentage) for the top
ranking-period decile (d1)

The d1 are also evidence of unit &
table, the ranking-period Bayesign
benchmarks depending on.gSg)
tables report the 10-yea ‘

ce pcrsmt&nce For the results in this

stimated using benchmarks and non-
pafticular Panel. The statistics in the
alphas from every unit trust

‘_ﬁﬂ"'

within the top decile. 1 ’ e-@rdinary alpha in each decile
over the following quarier post-ranki i fig-the-same set of benchmarks that
I use in the Bay, -:J-“:: - °ne! *'--.-.. statlstlc.?: in t.he taPlc
represents the mesw®#€Socigied joiih thht paranister. (sKT™eemodel mispricing prior
variance) over all compifatigaof tHe jothe itec, Ye§hmate all alphas using daily
returns. The estfitions®T pAnlaAg-pel MQalph®Wn Panel A uses one
benchmark (MKT) gpfseyef b ifenchihar b HMERUMD, CMS, and IND1-

Panel B uses three
ks (UMD, CMS, and
as in Panel C uses four

3). The estimgf@f of
benchmarks (MKT, SV

IND1- 3) and the g8t fof : Baycsiap 2lphs
benchmarks (Mi o=t L a __“ oemchmarks (CMS, and
IND1-3). : LR
‘ Panel C:
i Four Factor
Bayesian by
1E-13 / 0.0170
1E-10 0.0170

1E-07 0.0170

i PN P70176
qAe——— e Y016 2 009170

]

LEA o170

Bayes e |
lEui -0.009 0.0164 ﬂ‘ﬂ 0170
-0.0093 ﬂ ﬂ]64 0.0170
1E—ﬂ" -0.0093 0.0170

ﬂuﬁﬁﬁnﬂﬁﬂwmﬂﬁ
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Table 5: Performance persistence of the frequentist, including non-benchmark
assets

The table reports the statistic that descrlbes the extent to which frequentist alphas
predict subsequent ordinary alph Vit jirusts are sorted into decile based on their
frequentist alphas and long-higs iy alphas using one benchmark (MKT)

and seven non-benchmarks PO HM EMS, and IND1-3) for CAPM,
using three benchmarkg-(\IRESSNIB! ' ddg/PN N ang five non-benchmarks (UMD,
CMS, and IND1- 3)-fes -—‘=h~.. d€L-ef using four benchmarks (MKT,
SMB, HML, and UMBE : - and IND1-3) for Four-
factor model. I estimate-the quentist alphas and all post
ranking-period oreiff We¥marks that I use in the

Bayesian and long-hise \ _M- non-benchmarks. The
two different freq#ntisfeficaslipéy/for ehchy #standard measure that
uses only benchmagig#sef > confeny peciO8@Sythe unit trust returns, and
the long-historygtasupt” dgfclbgd carhier. A nglistorYalicasure uses the same
set of benchmark an wark as: - E lan measure. I estimate all
alphas using daily comj ¢ o the ordinary alpha in
each decile ow i quarter .p Alklg Plciod™sing the same set of
benchmarks that L} hg' B4 i \horisBenchmarks. I estimate all
alphas using dailyffretuy s.“ 5k bag8d on decile rankings is
significant at the”10%4P % fhad 18;iopk of 0.564, 0.648, and 0.794,
respectively.

ong-history
0.1503
0.0152

-0.0885
.......... Carimnan ‘ L]

D200

.‘ U1 Q
é § ATTIAT (1 18 'Tlﬂ
3 g dl 410 unzz? 0208
0.0186

ﬂﬂﬁl')ﬂﬁl‘ﬂiﬂﬂ'ﬂﬂﬁ
Q\W’]Mﬂ’iﬂJNW\’MHWﬁU




36

Table 6: Alpha (abnormal return) of decile portfolios sorted based on Bayesian
and standard frequentist alpha.

At the end of June for each period from 1998-2007, unit trusts are sorted into equally
weighted decile portfolios as annual ranking periods. The sorting criteria are Bayesian
and standard frequentist alphas. Thep Tcdlghls
for every month. The table shows Uic\Ral: - -gltumates of Carhart (1997) model for
each decile portfolio. The degi i '
OLS over the entire time S8

Panel A: anﬁia% = —
Ranking period pe e is _ o hsina

Portfolio a UMD  R-squared

DI -0.0005. ‘ (0 S 00226  0.9099
D2  -0.0016 = 0006 % @873 N, 02 00195  0.9351
D3 -0.0011 ! S/0T4 183N, D05 00171  0.9361
D4 -0.00154-3.8781 0.0008 ) 0'08 0.0043  0.9500
D5 00013 4179 F pqody’ <} S SR0S, 00012 00092 09610

D6  -0.0014, 0.0000 00073  0.9526
D7 -0.0016 0.0030  0.0041 09492
D8  -0.0017 0.0067 0.0020 09344
DI -0.0017 0.0086 00055  0.9227
DI0  -0.0023 0.0073 _ 0.0036___ 0.9003

Panel B: Standard Freque king

Ranking pcrinn:! Srfn il
Portfolio UMD R-squared
Dl 0.0237 0.9317
D2 0 L. 0.0190 0.9299
D3 -2.5010 0.0138 0.4299  0.1039 A 0.0163 0.9324
D4 -0.0015 ‘ 0.0001 - 0.0742  -0.0014  0.0088 0.9525

D 13 B : yoa _ 0.9496
D ﬁxiﬁ.ss VEH n ﬂi’% u.i?s 0.9434°
D7 1 0 P> o L Y 0.B400¥ () 0033 0.9418

D$ “ 0.0015 -3.1977 0.001 0.4332 00438 -0.0010 0.0019 0.9276
DY 0.0018 -3.5954 u,ooé 0.4540 0.068M -0.0074 0.0031 @ 0.924
$ L~ * ),0F ,*Mi-‘ 0036} (0.4k




Chapter 5
Analysis and Conclusion

5.1 Result analysis

This thesis applied e ubthe " and Irvine (2006), which
demonstrates superb Shesun fture pe n&ahﬂity from Bayesian alpha

in the US market dey, : apd Stambangh-(2002), to examine the worth of

the Bayesian alpha in_ e ke _ ével Hhc veégults show neither improvement

in future perfo ] nce. btence for the unit trust
in the UK. For thegfiturg/e; oftnfnce-predigt » patison between frequentist
and Bayesian alpha, fi#fre j€ / fich » \ jthe two types of alpha. The
source of indiffegfhce come from aye 1 gimation methodology

developed by Pistg
performance megg¥ire
From the Ba

calculation is outpits offithe fraduéntists lion. $@ if there is any enhancement
{- Bayasian- alpha;

E\mA\not be suitable for the
prior supply to Bayesian

from application of ovehent should come from the

Bayesian framework and 'ﬂ' ‘;,ﬂ .'
and the only.-agditig

the precisenesseof-the measure Howeve: -even-though-the-empitical results of the

spearman cofslatio fidisatt that the Bayesian
e et

framework does|improve the'predie WOt a major improvement. So it is still

added to the prior assumption,

expected to improve

inconclusive whcﬂ:? the additional information really enhances the predictability or
not. ine. es some
AT Y W =
expe.ng and the subsequent performance, using the same methodology as the
predictability test except using fuﬁ expense as a rafilng criteria in the rifjldng

RIS IUHB TN IRE

suggesting that fund expense itself provides no predictability. When compared to the
similar resuits from the US in Panei B which reports a iot bigger Spearman correiation
results at 0.612, 0.188 and 0.552 for Model CAPM, Fama-French and Four-factor
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respectively, the UK figures are all less than 0.1. This should be noted as a

dissimilarity between an environment in the UK and US.

ame Bayesian alpha prior
pcement as it can in the US

since the fund expense. o Hiitle plere "‘ ilityfnrtthKma:kct

Table7: The pe

Panel A, with the UJ Hic4 tllet descAbe, the extent to which fund
expenses predi ordinary.alpl ol T dghinto'degiles during an annual
ranking periodBased gh 1{fxp¥née rafic: tiidadilc\he mehn ordinary alphas of
the following quarts ‘}r period arc computell PanelB'showsthe results from the same

test as in Panel AJ¥ut paifforg s US'e Vil ss&andlirvine (2006). A two-
tailed Spearman test._ fed On deai ki sl callicanh at the 10%, 5%, and 1%
levels for correlationgfof: pectively.

Panel B: US

Spearman d1-d10
0.612 0.0085
: 0.0060

0.0090

ﬂumvmmwmm
ammmmummmw



39

5.2 Conclusion

There has been a development in fund performance measurement which uses

Bayesian technique to estimate the fund alp

Using the Bayesian framework can

lead to a more accurate performan e /US market, as described in
Busse and Irvine (2006). Since that there are several
differences between the UK 4 onclusive existence
of unit trust performance ‘_:_T'__n_—;:,c whether applying

Bayesian technique to u ‘ i pe ' s provide a more
accurately performance “ : : I

This thesis exte blbey.r PaSOR, e, Staiiibagh (2002) to
calculate both Bayesi | B, whether Bayesian

estimates improve unit

étsistence from
frequentist measures in the M8, performance and

@nd an absolute

the persistence are condughtd i ‘
manner. For the relative narneyy Brisse dnd-Trvip: ) 8t methodology is

employed to evaluate the lau"f hship e en i ' offhe deciles sorted on

ranking-period Bayesian or frgfuenfjstatph ! ks W post-ranking-period
which is based on an ordinary a]pha orthea gamer, the abnormal returns of

portfolios r.:unstructeq based Qg

lu 1-' WF
=L : ﬁmf to test for

the performance pers; «tehce of each portfolio. b
The empiricallsey Shuiddicate that

- : -
tm- f these rs Amates eﬁiuces a better

uture performances, when the rv:turns on passive non-
outstanding

an% e
Moreover, ai nqlimg to ranking-period

performance and future performance are @veak and insignifiegnt. Although the

ARIASN TN TN Y

ay the significance of the Bayesian performance measures is a little dominated

incorporating history da
1ethod for predicting

benchmark S _are cor

equiin

e relationships between the

by the lrequentist e,



In the test for the abnormal returns of portfolios formed using either the
Bayesian or the frequentist alpha as the selection criteria tend to similarly have

abnormal losses in the subsequent yeags.; The results emphasize the indifference

between the persistence of the Bayogigtiand] tHe frefluentist results.

The reason that the Ba¥

the fund expense itsell has ng expense would not

be an appropriate pria#® Or Bastsiaf, fotforne ]'

At this point, th#® inysfigsf ’ ' Bayesian alpha as a
selection criterion whengfnvgftigh “ : erforming Bayesian
estimation needs mgg¥ wogk f + o | kqubtiStBne and the results

show that the outcomes f#6m Bothfmeéthods até\qdife sinilar ta®ach other.
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Appendix
The descriptive statistic of ‘Total Expense Ratios’ in UK All Companies sector, UK
Equity Income sector, UK Smaller Comp : ero sector, and overall
across the four sector. \ | /

Descriptive At uity=t"eawsifer UK
statistic npati ®. Hcos E-hh:?.‘ Zero
mean
standard dev
kurtosis
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