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ABSTRACT

The worldwide impact of the Global Financial Crisis stock markets, investors and fund
managers has lead to a renewed interest in toolsofust risk management. Quantile
regression is a suitable candidate and deservésténest of financial decision makers given
its remarkable capabilities for capturing and eyt the behaviour of financial return
series more effectively than the ordinary leastasegl regression methods which are the
standard tool. In this paper we present quantitgFession estimation as an attractive
additional investment tool, which is more efficieghan Ordinary Least Square in analyzing
information across the quantiles of a distributidinis translates into the more accurate
calibration of asset pricing models and subsequefirmational gains in portfolio
formation. We present empirical evidence of theaf¥eness of quantile regression based
techniques as applied across the quantiles ofrretistributions to derive information for
portfolio formation. We show, via stocks in Dow é&snindustrial Index, that at times of
financial setbacks such as the Global Financiasi§ra portfolio of stocks formed using
guantile regression in the context of the Fama-dfrdhree factor model, performs better
than the one formed using traditional OLS.

Keywords: Factor models; Portfolio optimization; Quantile megsion



1. INTRODUCTION

From the introduction of Modern Portfolio Theory BW) by Markowitz, (1952), the
analysis of historical series of stock returns basn extensively used as the basis of
investment decisions. Diversification, as propobgdPT, has been used for minimizing
risk, which works on the analysis of the covarianerix of the chosen universe of stock
returns. Prior to the development of modern commgutitechnology, this was
computationally demanding and short cuts were dgesl, such as Sharpe’s single index
model (1963). A heuristic which focuses on the eiogl estimation of systematic risk,
which has a parallel focus in the modern finana®satral paradigm: the capital asset
pricing model (CAPM). Independently developed bgklTreynor (1961, 1962), William
Sharpe (1964), John Lintner (1965) and Jan Mo4496q).

Fama and French (1992, 1993) extended the basidvAmclude two additional factors;

size and book-to-market as explanatory variablesxplaining the cross-section of stock
returns. SMB, which stands for Small Minus Big,dissigned to measure the additional
return investors have historically received fronvesting in stocks of companies with
relatively small market capitalizations. This adhl return is often referred to as the
"size premium." HML, which is short for High Minusow, has been constructed to
measure the "value premium" provided to investorsirivesting in companies with high

book-to-market values (essentially, the book vabfighe company’s assets as a ratio
relative to the market value reflecting investovaluation of the company, commonly

expressed as B/M).

Ordinary Least Squares regression analysis, has theewvork-horse for all the regression
forecasting estimates used to model CAPM and itatians; such as the Fama-French
three factor model or other asset pricing modelsh\Wie introduction of alternative robust
risk measures such as Value at Risk (VaR) or Camdit Value at Risk (CVaR), which
are now standard in risk management, more emphasibeen laid on the lower tails of
the return distributions. The way in which OLS @nstructed requires it to focus on the
means of the covariates. It is unable to accountHe boundary values, or to explore
values across the quantiles of the distributions lalso a Gaussian technique, with an
assumption of normality of the covariates, whictegsloot sit well with the abundant

evidence of fat tails and skewness encounterethamdial asset return distributions. This



feature of asset returns is even more acute instioiesevere financial distress like the
Global Financial Crisis (GFC). Quantile Regressisjntroduced by Koenker and Basset
(1978), has gained popularity recently in finanseaa alternative to OLS, as this robust
regression technique can account for the lower @sd the upper tails of the return
distribution and automatically accounts for oudlieor extreme events in the distribution,

and hence quantifies more efficiently for risk.

In this paper, we introduce quantile regressiora asol for investment decision making

and also show the applicability of this techniqoedbust risk management. We show the
effectiveness of quantile regression in capturihg tisk involved in the tails of the

distributions which is not possible with OLS. Wealuse a basic portfolio construction
exercise using the Fama-French three factor matethe components of the Dow Jones
Industrial 30 stocks index from a period runningnfir2005-2008 and show how quantile
regression based risk estimates can reduce theslegsch we can incur when using OLS

based methods as portfolio construction tools.

2. QUANTILE REGRESSION

Linear regression represents the dependent variabla linear function of one or more
independent variables, subject to a random ‘distueb’ or ‘error’ term. It estimates the
mean value of the dependent variable for givenl¢eokthe independent variables. For this
type of regression, where we want to understan@géhéal tendency in a dataset, OLS is a
very effective method. OLS loses its effectivenes®en we try to go beyond the mean

value or towards the extremes of a data set byoexgl the quantiles.

Quantile regression as introduced in Koenker ands8# (1978) is an extension of
classical least squares estimation of conditioneammodels to the estimation of an
ensemble of models for conditional quantile funasio The central special case is the
median regression estimator that minimizes a sunabsolute errors. The remaining
conditional quantile functions are estimated by imining an asymmetrically weighted
sum of absolute errors. Taken together the ensewifbkstimated conditional quantile
functions offers a much more complete view of tffeat of covariates on the location,

scale and shape of the distribution of the respuasable.



In linear regression, the regression coefficiergresents the change in the response
variable produced by a one unit change in the predivariable associated with that
coefficient. The quantile regression parametenedtes the change in a specified quantile
of the response variable produced by a one uniiggn@ the predictor variable.

The quantiles, or percentiles, or occasionallytiies, refer to the general case of dividing
a dataset into parts. Quantile regression seelextend these ideas to the estimation of
conditional quantile functions - models in whichagtiles of the conditional distribution of

the response variable are expressed as functiarissefved covariates.

In quantile regression, the median estimator mingmithe symmetrically weighted sum of
absolute errors (where the weight is equal to @o5estimate the conditional median
function, other conditional quantile functions amstimated by minimizing an

asymmetrically weighted sum of absolute errors, reltbe weights are functions of the

quantile of interest. This makes quantile regressobust to the presence of outliers.

We can define the quantiles through a simple atera expedient as an optimization
problem. Just as we can define the sample mearheasdlution to the problem of
minimizing a sum of squared residuals, we can defire median as the solution to the
problem of minimizing a sum of absolute residudlse symmetry of the piecewise linear
absolute value function implies that the minimiaatdf the sum of absolute residuals must
equate the number of positive and negative ressdtiais assuring that there are the same

number of observations above and below the median.

The other quantile values can be obtained by miingi a sum of asymmetrically
weighted absolute residuals, (giving different viisgto positive and negative residuals).

Solving

(1)

where is the tilted absolute value function as showrrigure 1, this gives the

sample quantile with its solution. To see that grizblem yields the sample quantiles as its



solutions, it is only necessary to compute the ctiveal derivative of the objective

function with respect to, taken from the left and from the right.

p-(u)

Figure 1: Quantile Regression Function

After defining the unconditional quantiles as arirojzation problem, it is easy to define
conditional quantiles in an analogous fashion. tegsares regression offers a model for

how to proceed. If, we have a random sample, , we solve

(@)

we obtain the sample mean, an estimate of the ulitcmmal population mearty. If we

now replace the scalar by a parametric function !  and solve

! (3)

we obtain an estimate of the conditional expeatdfiimction# $% .

We proceed exactly the same way in quantile regmes§o obtain an estimate of the

conditional median function, we simply replace #ualar in the first equation by the
parametric function ¢! and set to-. To obtain estimates of the other conditional

guantile functions, we replace absolute values by and solve



! (4)

The resulting minimization problem, when ! is formulated as a linear function of

parameters, can be solved very efficiently by lirgagramming methods.

This technique has been used widely in the pasad#edn many areas of applied
econometrics; applications include investigatiohsvage structure (Buchinsky and Leslie
1997), earnings mobility (Eide and Showalter 198eichinsky and Hunt 1996), and
educational attainment (Eide and Showalter 199Bjari€ial applications include Engle
and Manganelli (1999) and Morillo (2000) to the lpens of Value at Risk and option
pricing respectively. Barnes, Hughes (2002), apptjigantile regression to study CAPM,
in their work on the cross section of stock markétrns.

3. THE FAMA-FRENCH THREE FACTOR MODEL

Volatility is widely accepted measure of risk, whis the amount an asset's return varies
through successive time periods. Volatility is maesmmonly quoted in terms of the
standard deviation of returns. There is a greask involved for asset whose return
fluctuates more dramatically than another othere Tamiliar beta from the CAPM
equation is a widely accepted measure of systemmestk¢ whilst unsystematic risk is
captured by the error term of the OLS applicatibl©APM. Beta is a measure of the risk

contribution of an individual security to a welldrsified portfolio as measured below;

)+,

b (5)

where

rais the return of the asset
rv is the return of the market
1, s the variance of the return of the market, and

cov(ra, 'm ) is covariance between the return of the markdtthe return of the asset.



Jack Treynor (1961, 1962), William Sharpe (1964hn]Lintner (1965) and Jan Mossin
(1966) independently, proposed Capital Asset Ryidiheory, (CAPM), to quantify the

relationship between beta of an asset and its gporaling return. CAPM stands on a
broad assumption that, that only one risk factoccasnmon to a broad-based market
portfolio, which is beta. Modelling of CAPM usingLS assumes that the relationship

between return and beta is linear, as given intemué?).

3(3,5!' 3 345758 (6)

where

rais the return of the asset

rv is the return of the market
r¢ is the risk free rate of return
7 is the intercept of regression

eis the standard error of regression

Fama and French (1992, 1993) extended the basicMC#Pinclude size and book-to-
market as explanatory factors in explaining thessreection of stock returns. SMB, which
stands for Small Minus Big, is designed to meaghesadditional return investors have
historically received from investing in stocks aingpanies with relatively small market
capitalization. This additional return is oftenaetd to as the "size premium."” HML,
which is short for High Minus Low, has been consted to measure the "value premium”
provided to investors for investing in companiesthwhigh book-to-market values
(essentially, the value placed on the company bgwattants as a ratio relative to the value

the public markets placed on the company, commexiyessed as B/M).

SMB is a measure of "size risk", and reflects timwthat, small companies logically,
should be expected to be more sensitive to makyfaidors as a result of their relatively
undiversified nature and their reduced ability bs@b negative financial events. On the
other hand, the HML factor suggests higher riskosxpe for typical "value" stocks (high
B/M) versus "growth" stocks (low B/M). This makesnse intuitively because companies
need to reach a minimum size in order to execut@itial Public Offering; and if we later
observe them in the bucket of high B/M, this isalsuan indication that their public
market value has plummeted because of hard timdsudat regarding future earnings.



The three factor Fama-French model is written as;

3(3,5! 3 35 59:<5= .>?5758 (7)

where gand h, capture the security's sensitivity to these twditazhal factors.

Portfolio formation using this model requires thstrical analysis of returns based on the
three factors using regression measures, which tijeanestimates of the three risk
variables involved in the model, i.e. , sa, ha, and the usual regression analysis using
OLS gives us the estimates around the means distigbutions of the historical returns
and hence doesn't efficiently quantify the behaviamound the tails. Modelling the
behaviour of factor models using quantile regressioves us the added advantage of

capturing the tail values as well as efficientlyalysing the median values.

4. DATA & METHODOLOGY

The study uses daily prices of the 30 Dow Jonesdindl Average Stocks, for a period
from January 2005-December 2008, along with the &&mench factors for the same
period, obtained from French’s website to calcuthte Fama-French coefficientslable

1, gives the 30 stocks traded in the Dow Jonesshnidil Average and used in this study.

Table 1 : Dow Jones Industrial 30 Stocks used in éhstudy.

3M El DU PONT DE NEMOURS KRAFT FOODS
ALCOA EXXON MOBILE MCDONALDS
AMERICAN EXPRESS | GENERAL ELECTRIC MERCK & CO.
AT&T GENERAL MOTORS MICROSOFT
BANK OF AMERICA HEWLETT-PACKARD PFIZER
BOEING HOME DEPOT PROCTER&GAMBLE
CATERPILLAR INTEL UNITED TECHNOLOGIES
CHEVRON INTERNATIONAL VERIZON

BUS.MCHS. COMMUNICATIONS
CITIGROUP JOHNSON & JOHNSON WAL MART STORES
COCA COLA JP MORGAN CHASE & CO. WALT DISNEY

(Available at http://mba.tuck.dartmouth.edu/pagesifty/ken.french/data_library.html#International)



The approach here is to study the behaviour of¢han distribution along the quantiles,
using quantile regression. The coefficients for thk three factors of the model are
calculated both by virtue of their means using @Io8 in their quantiles applying quantile
regressions. While OLS calculates the coefficieaartsund the mean, quantile regression
calculates the values for the .05, .25, .50, .%b.8B quantiles, at 95 percentile confidence
levels? After studying the behaviour of the returns aldheg quantiles of the distribution,
we use the three factor model for portfolio forroati We use a simple Sequential
Quadratic Programming routine with the help of MAAR, to minimize risk and
mazimise return for portfolio formation. A hold gogriod of one year is taken to roll over
the weights calculated from the previous year'smmet to the stock returns of next year to
explore the outcomes of portfolios selected usinig tmethod and to compare their
effectiveness with portfolios formed using OLS.

5. QUANTILE ANALYSIS OF FAMA-FRENCH FACTORS

We use OLS regression analysis and quantile regressalysis to calculate the three
Fama-French coefficients. Figure 2, gives an exarop the Bank of America stock’s

actual and fitted values obtained from the two esgion methods for the year 2008.
Exhibit-a from Figure 2 shows how the actual atiedi values run through the mean of the
distribution for OLS and the next two exhibits, bdac shows the use of quantile

regressions in efficiently capturing the lower anpgber tails of the return distribution.

Figure-3, Figure-4, and Figure-5 provide a thrematisional area plot for the quantile

estimates for all the stocks for the year 2007sehiggures show how the values are non
uniform across the quantiles and the effect carease in the lower and upper quantiles, a
feature that is ignored by OLS. The figures presleatquantile estimates of beta, the size

effect and the value or book to market effect respely.

This analysis shows that the three-factor model pewvide even more useful risk
information, if it is used in combination with quae regressions, as we display in the next

stage of our analysis in which we form portfolios.

2 GRETL an open source software is used for OLS arah@a Regression estimates plus STATA.
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6. PORTFOLIO FORMATION USING THE FAMA-FRENCH THREE
FACTOR MODEL

We now proceed to portfolio analysis using the ehiactor model and OLS and quantile
regression estimates. As stated earlier; quardgieession provides better estimates along
the tails of the distribution and hence accountsgigk more efficiently than OLS. We now
introduce an additional advantage of quantile regjom whereby its estimated coefficients
can be combined by certain weighting schemes tll yigore robust measurements of
sensitivity to the factors across the quantilesppgosed to OLS estimates around the
mean. This approach was originally proposed by Girah Lakonishok (1992) in a paper
which featured simulations to establish the facibf quantile regressions in equity beta
estimations. Their results show that the weighteetage of quantile beta coefficients is
more robust than the OLS beta estimates. We vgtl ti@o weighting schemes for robust
measurement of size and book to market effects dbase the quantile regression
coefficients. The resulting estimators have weightsch are the linear combination of
guantile regression coefficients.

We will use Tukey’s trimean as our first estimator:

& (@ABGaE 25 @AGhE 8 @ABGhFE ¢ (8)
% ( @ABGR g5 QAGR: 8 @ABGRE ¢ )
=5 ( @ABGsa £ 5 @AGHE § @ABGRrE ¢ (10)
75 ( @ABCHrE D QAGAE 8 @ABGEre s (11)

These are the weighted average of the three geasiimates. We will test this along with
another robust estimator with symmetric weightsecing all the quantile estimates, i.e.
0.05, 0.25, 0.5, 0.75, 0.95.

o (@A@GADER @QABJAE 8D @QAGKE & @ABJAre 2 QAQ@SNGE: (12)
% (@QAQGSHER @ABRE S5 QAGRE § QABRr: b @AQK8E ¢ (13)
=2 ( @A@Gred @ABRE S @AGRE 2 @ABRrel @AQGTEs  (14)
75 ( @AQGAbEa @ARMLE 5 QAGAE 2 QAR el @A@FNGE:  (15)



The portfolio problem using the Fama-French thigtdr model, requires a solution for
minimum risk and maximum return. The return ané oéthe portfolio is as presented in

equations 16 and equation 17.

H8IJ3K, ( | MNO3, 36 P59MNO:< P 5= >? P57P (16)

HQIR( | ST33 3P 59 ST3:< P 5= ST3>? P (17)

This forms a classical portfolio optimization pref of minimizing risk (equation 17) and
maximising the return (equation 16). We apply heeguential quadratic programming
which is also referred to as recursive quadratimg@amming and is used for solving
general non linear programming problems. (For tetaefer to Robust portfolio
optimization and managementFrank J. Fabozzi, Petter N. Kolm, Dessislava
Pachamanova, page 284-285). We leave the mathamadétails of the algorithm for the
sake of brevity. MATLAB'’s optimization toolbox issed to execute the algorithm, with,
additional constrain of maximum 10% weight per a$sewell diversified portfolio and
minimum of 0% daily return on the portfolio formgtb prevent optimization from

generating optimized weights for negative portfegturns).

We generate portfolios using historical data faeéhconsecutive years, 2005, 2006 and
2007 with a following hold out period of one yeardach case. We use OLS and quantile
risk measures with Tukey’'s trimean and symmetricghts to generate three different

portfolios. We then roll over the weights as cadtedl by these respective routines to the
next year and calculate the realized return aridfasthe next year for each of the three
portfolios. Risk for the rolled over period used ashold-out sample is the actual

diversifiable risk calculated using the covariantehe daily returns of the stocks and the
weights of the selected portfolios.

We then compare the realized return and risk ferréxt year obtained from maintaining
the portfolio through the hold out period using ®Blearpe Index so as to analyse which

portfolio performs better in times of severe finahdistress.



Table 2, Table 3, and Table 4, give the weightsegetied from the historical data of the
years 2005, 2006 and 2007 respectively. W1, W2, réfBesent the weights for quantile

regression coefficients using Tukey’s trimean, tluantile regression coefficients with

symmetric weights and the OLS coefficients respetyi

Table 2: Portfolio Weights from Year 2005 Data

Asusiaiem | ,,9,e000 | 60272000 | 0985920°0
WBANIBM | 00TE9TO'0 | 02TSTZ00 | 06E86%0°0
uozZL3A 0000000'0 | 00000000 | 0LEESTO'0

Y99L PANUN | ogpyye00 | O¥BOSEO0 | 0159920°0

o%d 0LES£90'0 | 09802900 | 0S96SE0°0
9ziid 0000000'0 | 00000000 | 0.T2Z8T0O0
YOSORIN | 0ee9ee0'0 | 05609500 | 062¥7E0°0
00BN | 06,65/00 | 0T0.590°0 | 009T9¥0°0
aven 0£L0620°0 | 0S.¥ZE00 | O¥¥2920°0
PooJ e | 05/65£00 | 0¥S9050°0 | 0682290°0
NVOHOW L | o78/5200 | 08562200 | 0S602€0°0
rsr 099vT20'0 | 09608£0°0 | OTEVZS0'0
wal 0£9TT200 | 0Sv6220°0 | 09SSTZ0'0
el 0T9ELE00 | 0/ZELE00 | 0T88020°0
lode@ 8WoH | ge)5010'0 | THzEB00'0 | 09T¥8TO0
dH 0SG8£.0°0 | OSYT690°0 | 06872.0°0
WO 0000000°0 | 0000000°0 | 0000000°0
JUI091g
RIBUD 0SEY9TO'0 | 02890200 | OTLZ0E0°0
i, 0/9/6T0'0 | 06E.8T0'0 | 0.690T0°0

AINOdNA 3 | ye0rz00'0 | S62£2000 | 0TEZ0ZO0

BIOO®0D | 06p9z50'0 | OSVSTSO'0 | 0890290°0
dio mo 00069200 | 0/9T¥90°0 | 0S0ZI¥0'0
uoiAsy9 0/8T/20°0 | 00¥/220°0 | OT6TETO0

reindialed | ges79e00 | 069€SE0°0 | OTS6E20'0
Buiseg 09/£890°0 | 06¥2/90°0 | 06689500
vod 0S€99¥0'0 | 06E£89¥0°0 | 0ZETISE00
131V OSTZTZ00 | 0SS6S50°0 | 0S6..70°0

X3 UBUBWY | 0zp/420'0 | 0£29.200 | 0T9¥820°0
VooV 06062700 | 0SEYSTO'0 | 0£90TZ0°0

we 0262290°0 | 0S0T9S0°0 | 0ES6T00
0015 ™ ZM EM

Table 3: Portfolio Weights from Year 2006 Data

AsusiaMeM | ogpeTyo'0 | Ov8SLE00 | OVESTHO'O
WBNIEM | 06562100 | 098T¥¥0'0 | 060SEV00
UozZLBdA 08/1620°0 | 02/2620°0 | 08LTOS00

U99L PAUUN | 0zT0er00 | 08222v00 | 0001200

O%d 0987200 | OV/EE€L00 | 0S5/2990°0
18zi)d 0622£20'0 | 0T9TEZ00 | 09TLEZ00
YOSORIN | 09T00£0'0 | 08628200 | 00990200
OO BN | 09es£200 | OV29€20°0 | 06622200
aven 0/2/6V0°0 | 0SES6V0'0 | 0ESSSS0°0
Poo4 HeM | 000p00T'0 | 000000T'0 | 000000T'O
NVOHOW AL | o1ey5T00 | 0S9¥STO0 | 00289T0°0
ree 0996.70'0 | OVS65¥0°0 | 09¥E0¥0°0
wal 096VEE0'0 | 0/8TFE0'0 | 08S9EE00
el 00S09T0'0 | 0S69ST0'0 | 08962100
lodag 8WoH | geppezo'0 | 0/950£0'0 | OVOVLZO'0
dH 0£96020°0 | 08896T0°0 | 0T966T0°0
WO 09125200 | 02208200 | 069ZEE00
10919
elouan) 0v90¥Y0'0 | 0S862v0°0 | 0.08¥E0°0
uoxx3 08£S2T0'0 | 0960£TO0 | 0S0Z¥T00

INOd N3 | o155y£00 | 0LESSE00 | OVSESE0D

BI0OO®0D | 0,9//¥0°0 | 0960600 | 00..0S0°0
dio mo 0£0/820'0 | 00268200 | 0TE0VZ00
uoIASuD 0TSSOTO0 | 0.¥2TTO0 | 06992100

rendiared | opey9100 | 0¥O0LTO0 | 06E88T00
buisog 0v0T0Z0'0 | 00690200 | 05225200
vod 06816200 | 01996200 | 0855620°0
131V 0S9/6€0°0 | 06T¥8E00 | 0£Z99E0°0

X3 UBSUBWY | 06Ge£20'0 | 088E¥20°0 | 08E£920°0
VoIV 00TSETO'0 | 080¥¥TO0 | 06¥¥STO0

we 06¥82£0°0 | OVZ9EE0'0 | OS6TOVO0
$001S M ZM EM




Table 4: Portfolio Weights from Year 2007 Data

AousidI_M | 19,9200 100000°0 ¥0420°0
HENEM '2LTE00 1000000 102v€0°0
UOZUIBA iSSYE0'0 10L£L0°0 IZEEE0°0

Y98L PAUUN | »g0ze0'0 i9v2.0°0 ¥OTED'0

o%d 10000T 0 10000T 0 £5820°0
19zl 'LLEE00 100000°0 iL0SE0'0
YOSORIN | 615200 i£5920°0 0£¥20°0
00 ®MIN | jzozv00 100000°0 STEVO'0
aoen 1020900 J0000T 0 /509200
Pood WM | 6TTH00 100000°0 1T89¥0°0
NVOHON dl | :zg110°0 1000000 1152100
rsc J0000T°0 '§820°0 10000T°0
wal iS0L£0°0 J0000T°0 1L8EE0°0
S i00020°0 7€290°0 '82210°0
lodag 8WOH | 20200 1000000 19T¥20°0
dH £1¥20°0 i£2990°0 191220°0
WO 1/2600°0 100000°0 i79270°0
pIMIRE =]
[eIauan) 167920°0 1ZPYT0’0 £8/20°0
i, i065T0°0 1086€0°0 £85T0°0

ANOd A3 | .gzs200 1000000 '89620°0

BI0D®0D | 841,00 J0000T 0 16G8.0°0
dio nio 'S60T0°0 1000000 IT8TTO0
uoinsyg 199210°0 £0690°0 IE5270°0

seidisied | Z5ez0g '£G/£0°0 TrE20°0
Bursog IS89€0°0 1000000 '€0L£0°0
vod '€0610°0 100000°0 '2L6T0°0
131V ISTT20°0 '66700°0 '9¥£20°0

X3 UBUBWY | 15201070 1000000 1260100
VooV TIET00 100000°0 /691700

we '6E¥S0°0 J0000T°0 £TI0v0°0
S4001S ™ M M

Table 5: Final Risk and Return for all the three types of weights after a roll over

period of a year

98917/5€°0
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yoar panun | CEVZIITO 1) 69zez020 | Trv9z95€ 0- % |3 5 < |8
9%d 01eZv0l0 | zpeoteeT0 | v¥696TLTO- |38 @ |8
o 3 o
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Sharpe Ratio 1.72266282 1.52938198 1.97117930

2008

Quantile Regression (Trimean) Quantile Regresssymnetric Weights | OLS
)
Return Risk Return Risk Return Risk
-0.35877338 0.02189977 -0.28532662 0.02118938 90FR?2 0.02202203
Sharpe Ratio -16.56516722 -13.65431927 -16.52600367

Table 5, provides the final risk and returns afiehold out period of a year. The risk
(standard deviation), is the total portfolio risk&laulated using the covariance of daily
returns of the stocks and the relevant weightsuiiReis calculated using the first and the
last day’s prices for the stocks for the particylaar; the annualized rate of return. The
Sharpe ratio values indicate the efficiency of pwtfolios formed through the three

different regression estimates. We can quickly ys®athe effectiveness of the portfolios
based on the Sharpe ratio, which is the excessrefia portfolio divided by its risk.

We analyse the return and risk profiles of thefpbids based on the Sharpe Index and also
on the basis of their risk. For the years 2006, 2007 we can see that the portfolios
formed using OLS do well, as these periods coinueidle at time when market was stable
and there were no major losses of the scale tlwaireed in the year 2008 as a result of the
GFC, yet even so, during these periods the paoddiormed using quantile regressions

performed reasonably well.

Figure 6 shows the returns for all three portfolfos the three observation years, (the
return lines for portfolio 1 and portfolio 3 areraist overlapping due to similar returns).
These years range in period from pre GFC to thetansd establishment of the GFC. The
returns of the portfolios present a rational pietuconsistent with these varying
circumstances. We can see from Figure 6 that thee ttest portfolios performed almost
equally well in the year 2006, as the distributiinthe returns in the prior historical
analysis period, in which the weights were formiegl, the year 2005 were less skewed
towards the lower tails; as they were in yearsrpiaothe financial crisis period. We can
further conclude from Figure 6 that as we appradcker to the financial crisis period, our
symmetrically weighted quantile regression coeéfiti portfolio begins to perform better
than the other two methods; given that during iheetof financial distress the return

distributions are more skewed towards the loweds tand portfolio selection methods



based on OLS and the Tukey’s trimean quantilesuai@ble to capture these extre

characteristics of the return distributions, anddeeunable to give a proper measure ol

risks involved. Our portfolio analyses show theful applicability of quantile regressic

analysis, as a tool for the quantification of ttel trisks involved with the retur

distributions of financial asse
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Figure 6: Portfolio Returns across Year




Our main focus is the period of immense financiatrdss and downturn in equity markets.
We are testing here, whether quantile regressics atsde to predict the heavy risks and
whether its application helps to reduce the logkas occurred during this particularly

extreme hold out period. The analysis of portfohe$d during the year 2008 clearly shows
that the portfolio formed with symmetric weightsrn the quantile regression coefficients,
which automatically covered both the extreme lowad upper bounds of the return
distributions performed better than the other twethnds. This portfolio saved around 2%
of the relative potential losses to the investor.

The analysis shows that a well distributed quamélgression analysis of historical returns
can give better estimates of the inherent riska #tandard OLS analysis. We also show
that the weighting scheme tested here proves nifgetige in capturing information from

the extreme quantile coefficients that receive marghasis than that given in the other

two methods considered.

7. CONCLUSION

In this paper we have introduced quantile regresama tool for investment analysis and
portfolio management. Our study shows that quantdgression can provide more
effective use of information in the entire disttilon than is the case with estimates from
the customarily used OLS. We can achieve moreieffiaisk measures using this robust
regression technique. The technique becomes plarticuiseful when we want to analyse
the behaviour in the tails of the distributionsreturns or to capture a more complete
picture of the risk of a financial instrument. Camalysis suggests that further research
using quantile regression in the context of theliagpon of linear asset pricing models
and their empirical effectiveness in extreme madaatditions for portfolio formation is

likely to be fruitful.
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