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Abstract

An investor aims to achieve high yields when investing in risky assets. The primary
concern of an investor is to select assets that meet his return-risk requirement. The
number of investment opportunities has risen to a considerable extent over the past two
decades. As a result, financial markets across the globe have experienced spiraling upward
growth in recent decades, with strong capital inflows. It is, therefore, becoming more
critical for fund managers and investors to pick the assets for portfolio formation carefully.
Diversification provides low-risk exposure as opposed to the risk of investing in a single
asset or a group of a handful of assets. It helps to reduce volatility in the portfolio returns,
which is mainly required when returns of some assets in the portfolio experience a sharp
drop.

Portfolio optimization is a process of constructing a portfolio by splitting the capital
to be invested optimally based on the return-risk profile of the investor. The present
thesis proposes optimization models that aim to mitigate risk in the portfolio, where
different risk metrics applied to measures risk. We primarily study two types of portfolio
optimization models, namely enhanced indexing and robust portfolio selection. The key
focus of the proposed models is on minimizing the risk and analyzing the trade-off between
the expected return and its associated risk. We have carried out an extensive empirical
analysis of all the proposed models on the financial data sets taken from a variety of
markets across the globe. We adopted the in-sample and out-of-sample approach in the
empirical experiments, where we have used the return data of the in-sample period for
constructing the portfolio and used the out-of-sample return data to test the viability of
the portfolio.

In Chapter 2, we propose an enhanced indexing portfolio optimization model that not
only seeks to maximize the excess returns over and above the benchmark index but simul-
taneously control the risk by introducing a constraint on the weighted conditional value
at risk of the portfolio. The constraint in the proposed model hedges the risk described
by weighted conditional value at risk of the portfolio.

In Chapter 3, we present an enhanced indexing model that attempts to outperform the
benchmark index by aiming at a specific quantile of return distribution plus some alpha
return using quantile regression. The conditional value at risk metric in the model con-
trols downside risk in a portfolio. Constraints on short-selling and portfolio rebalancing
with transaction and holding costs are built in the models to integrate real-life func-
tionalities. The proposed models are linear or mixed-integer linear programs, and hence
computationally tractable.

Chapters 4-6 of the thesis focus on analyzing robustness in input parameters in portfo-
lio optimization models. We address two types of uncertainty in the model: one that
arises by the probability distribution of returns, and another is inherited in returns itself.
Portfolio optimization models typically assume that each scenario is equally probable or
follows uniform distribution. This conclusion, however, is not true to hold in reality. In
our research, summarized in Chapter 4, we introduce the worst-case portfolio optimization
models within the robust optimization framework for maximizing return through either
the mean or median metrics. The risk in the portfolio is quantified by Gini mean differ-
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ence. We put forward the worst-case models under the mixed and interval+polyhedral
uncertainty sets. The uncertainty is considered in probability distribution followed by
return of the portfolio.

In Chapters 5 and 6, we concentrate on modeling the uncertainty in the returns itself.
There are quite a few reasons to research this kind of uncertainty. The out-of-sample
returns of an asset may widely vary from its in-sample returns. The portfolio optimization
problem, when solved with the historical in-sample returns (construction period), may
not yield a portfolio that performs well in the out-of-sample period (investment period).
Moreover, the formulated optimization models require to note the returns from market
at discrete time points. Generally, we use the closing prices of the asset on a daily or
weekly basis to compute its return. Regardless of the time for computing return, some
vital information is lost by not taking into account the intra-day /intra-week variations in
return. To address these concerns, it is but natural to consider uncertainty in returns of
an asset in the in-sample period of the portfolio selection. In this thesis, we address the
uncertainty in returns of assets by varying them in symmetric bounded intervals.

In Chapter 5, we propose the robust portfolio optimization models for reward-risk ratios
utilizing Omega, semi-mean absolute deviation, and weighted STARR ratios.

In Chapter 6, we propose a robust portfolio optimization model involving second-order
stochastic dominance in constraints. A portfolio optimization problem equipped with
stochastic dominance constraints and the returns varying in the bounded intervals about
their nominal values yields optimal robust portfolios ideal for rational and risk-averse
investors.

Chapter 7 concludes the work with some future directions.



T federe & 3eged SITEHA # aREqRal # o aa T74F 3T Rear ured e gl
TH fAawe 1 grafAe ”iar 30 aRaufal &1 999 Fer § S 3T argaE-ana s
YRl I G HIAT &1 TSl ar gerehl 7 fder & 3wl 1 §&aT Hhr g6 deh ol
g1 FcSIde, gieram ¥ & Iy SRl # gTel & Sehl & Aol Yol YaTg & A1 gofd
I 3T G3T &1 SHIT, B3 Fetrhl IR Al & forw dEwiferar e & forv aRaufay
Y T § Gololl Tk Heca ol &1 a7 g1 Tehel TRHUTT IT HEE X IREUCIEAT & FH
H o & af@w & Judia Jfadewer $7 QT vea Har &1 g8 dEnifoar Red F
HERAT B FH A A Heg IRl § 519 GEHITIA A $o aReudl & Red & o
fRTae &7 3eqoa gar 8, St A=y &9 ¥ 3ETS B

qIChIforaY fiCeATgare fHaees & Reed-REh WhEe & MUR W 9gal Haer & fow gei
a1 [Jfaa Ft Tk GEHAT & AT T v GiHAr &1 adH T DT F sfieAsInT
Alsel &I g&aid fhar § raesr 3eged dicwiferdl # @A & A S g, el s
& A & v A i@ Mg oy 8 &1 §F AET T § & TR & GCHifaar
JTCCHATEARIT ATSH T IETTT A o, [oTHHT AT & TABES 33T 3R AeTe gicwhifarar
T | FEATAT AlSel H LT BHE ANEA H FA e AR 30faa Reet 3R saa 3
SIEH & o SAAR-g¢ 1 fARAN0T H¥elm g g7 giardr R & fafdest Ikt & faw arw
o Ser ¥l W @l gEdifad Alsell &1 ATS Aeqoaeed favelvor fhar g1 gHAe
Fegract=d AN # go-duel 3R IT3C-3HTh-Huel TSRV dY YT, ST §HA GCHIforT
& T & AT sA-der 3t & NeaT 3er o1 39T fFar § 3 NEmforr fir sgagrian
T 8T e & ToIT 3M3e-3iTh-dqar Reet Ser &1 393t fRar g

IEAT 2 H §H T UAgiEs ssiager iEwmiforat sfifCeaArsaies Afse & 9&did ad § o
T Fad TUAE 2 & FIW N 30VF T 30F Neod 1 3RFawm +& & 9908 Far
g, Iy & gy giewfad & dfts HfEuaa deg te Red W & &weaaece 8§ AfEH &
fRIfa & 81 weafaa Alser 7 diéwiferat & afes Hfseawa 3oy ve Rew Sf@s &t
HH T g

I 3 H gH Faesd RIUT HT 39ANT e UTdh TAgEs ssiaaer gicmiferar
HifCeATZANT HISel FEJT Il & S Reat fAeror & v fafdse Farege IR $o 3ew
Reet 7 e F3F oA $3FH T T6cR T & T AT ¢ Hiseeial dog e Neh
AEHIORIT H FARRIcHS SNTEH H AT Hm gl Alc-Afeier AR qcwiforar Reefder
deteeT 3R QIS NI & WY aFafad Hisel I aFAfdF Shael # Thihd aa & faw



AlSe # ST a1 &l YEAdd HAiser 3@ a1 fABa-quites @ @dw §, 3R safav
FFYATA §T § gFeael gl

NEAH & 4-6 AT oAl HCeAS R Alsed # FaYc AYGs! H Jsaeead H
fI2QYUT aR W eAreT higd X &1 &7 Alsd & &l YR T 3ARTdar & gafa &=
g T S Reat &1 FHIEaT [TeR0T § 3c9e+ giem 8, 3R gawr Reat & & fowraa & Aerar
g1 Ao AifcAsaRe Afse 3MHAR W AW ¢ F 93+ aReed ga@ &7 & ganfad
€ I TA fIAROT T HTEAIOT AT &1 §AN MY A eqy 4 § F@aT H g8 30qd a1
3 ARCFT & AIH § Read A HWhdH Fel & TIT AT fefepelst @ & o)
T8 e FRufa arer dEwiforl siefeheret Alser &1 9=y & §1 dimifat & SifEw #@
et HieT BhiE gart fAuia o arar g1 gaa AT 3k Sexaer + dichege sifafadar
JT & dgd T T AT arel Alser 1 30T @il EHifordt & Rea & Taregdr faavor
# faffadar w faar fRar srar g1

e 5 AR 6 F &7 Nea & 3fafRgaar & ar & Al e | eae dfgd & gl
50 TE I IARTAN W A A F AT $o SR §| fHell aREufT &1 313e-30%-
Huer Nt sa9s &9 ¥ 386 -39 Reed & Feed & Tavar &1 NEwmfet sfifteasae=
FAEAT o9 Ufaef@e sa-dud Reor (F&AT0r 3af®) & @y ga Far Sar g, aF &
giehiferar T8 e TohdT § S 3M3e-ATh-due 3afe (g 3afe) & T gede &ear
g1 S8 HelEl, TR 3CeATSHRA Alsd IHFdd FAT W3t W IRk & Rt Ale et
HI HETHAT g1 AHAAIR W, §H 5THT argdr F 0T el & fov Sfasw a1 areafgs
TR W AU & TATYST HrAdr o 39AT W &1 Read o mdr off gag g I &
CICE @Hscd‘j\Ucl SAPRT §Gof H 3¢I-3 / ¢r-godig Afauar3t & €T H g7 W
r STl §1 31 Rt & g ael & far diéwifodl a3 & ga-duer 3afer 7 faer wafy
F ReoT & AATddT W AOR HAT Tariasd g1 39 NET 7 g7 aRaufadi & ReT &
JfATRaaar & GHfAT 133 3RS F HRT-37019T Fh T R ¢

A 5 H §A AW, A AT BHW 3R fes TR 3qard 1 3946 A g Aars-
REF Ut & fov A Newifoa sfifteaAsaie Alse 1 g&daa #d ¢

I 6 H §H Tah Yo NIEHIfAT AHifCcHSART HAlsel FT YEAId Fd & Torgs Sremaiy
g FA & e AT nfAe §1 Thffes ifAca amemsid & oF v diéwifey
HifCeArgaeret AT 3N 37 AHAT Aol & aR H 99 auer dA et Neot adhdera
3R STH-TfReT ARt & fAT el HIgd NEHIATT Jred HIm g

Iy 7 Afesy & Fo WAt & ary N &1 Ty Henrerdr g




Table of Contents

Certificate

Acknowledgements

Abstract

List of Figures

List of Tables

List of Abbreviations

1

2

Introduction
1.1 Literature Survey . . . . . . . . . ..
1.1.1 Return-Risk Models . . . . . .. ... ... ... ... .......
1.1.2  Stochastic Dominance . . . . . .. .. ... .. ... ........
1.1.3 Index Tracking and Enhanced Indexing . . . . . . . . .. ... ...
1.1.4 Robust Portfolio Optimization . . . . . . . ... ... ... .....
1.1.5 Quantile Regression . . . . . . . .. ... ... oL
1.2 Notations . . . . . . . . .
1.3 Existing Models in the Literature . . . . . . .. ... .. .. ... .. ...
1.3.1 Weighted CVaR Model . . . . . ... ... .. ... ... .....
1.3.2 Gini Mean Difference Model . . . . . . . . ... ... ... .....
1.3.3 The Median Portfolio Optimization Model . . . . . . . .. ... ..
1.34 Omega Ratio . . . . . .. ... .
1.3.5 Semi-MAD Ratio . . . . ... ... .. ...
1.3.6  Weighted STARR Ratio . . . . ... ... ... ... ... .....
1.3.7 Second-order Stochastic Dominance Model . . . . . . . . ... ...
1.3.8 Quantile Regression Model . . . . . . . . ... ... ... ..., .
1.3.9 Enhanced Indexing Models in the Literature . . . . . . . . .. ...
1.4 Performance Metrics . . . . . . . . . ...
1.5 Statistical Tests used in Analysis . . . . .. ... ... ... .. ......
1.6 Analysis under Different Scenarios in Market . . . . . . . .. ... ... ..
1.7 Rolling Window Strategy . . . . . . . . . . . ...
1.8 Organization of the Thesis . . . . . . .. .. ... ... ... ... ...,
Enhanced Indexing using Weighted Conditional Value at Risk

2.1 Motivation and Objective . . . . . . . . ...
2.2 The Weighted CVaR Enhanced Indexing Model . . . . . ... .. ... ..
2.3 Data Sets and Methodology . . . . . . .. .. ... ... 0.
2.4 Out-of-Sample Analysis. . . . . . . .. .o
2.4.1 Single Window Analysis on First Data Set (C2DI) . ... ... ..
2.4.2 Performance Analysis under Different Scenarios in Market . . . . .
2.4.3 Rolling Window Analysis on Data sets (C2 DII) - (C2DV) . . . ..

Vil

iii

xii

xviil



viii Table of Contents

Quantile Regression based Enhanced Indexing with Portfolio Rebalanc-

ing 51
3.1 Motivation and Objective . . . . . . . . .. . .. 51
3.2 Enhanced Indexing Models with Rebalancing . . . . . . .. .. ... .. .. 52
3.3 Empirical Analysis . . . . . .. .. 54
3.3.1 Analysis without Short Selling . . . . . . ... ... ... ... ... 55
3.3.2  Analysis with Short Selling . . . . ... ... ... ... ... ... 59
Worst-case Analysis of Gini Mean Difference Safety Measure 65
4.1 Motivation and Objective . . . . . . . . . . ... 65
4.2 Safety Measure Portfolio Optimization . . . . . . .. .. ... .. ... .. 66
4.3 Robust Optimization with Mixed Uncertainty Set . . . . . . . . .. .. .. 68
4.3.1 Mean-GMD Safety Model . . . . . . ... ... ... ... ... .. 68
4.3.2 Median-GMD Safety Model . . . . . .. .. ... ... ... 69
4.4 Robust Optimization under Interval+Polyhedral Uncertainty Set . . . . . . 70
4.4.1 Mean-GMD Safety Model . . . . . . ... ... ... ... 70
4.4.2 Median-GMD Safety Model . . . . . .. ... ... 73
4.5 FEmpirical Analysis . . . . . . ..o 74
4.5.1 Mixture Distribution . . . . . . . ... oo 75
4.5.2 Interval4-Polyhedral Uncertainty Set and Numerical Comparison of
Uncertainty Sets . . . . . . . . ... 84
Robust Reward-Risk Ratio Portfolio Optimization 87
5.1 Motivation and Objective . . . . . . . . . . .. ... 87
5.2 Robust Reward-Risk Ratios . . . . . . ... .. ... ... ... .. ..., 88
5.2.1 Robust Omega Ratio . . . . . ... .. ... ... ... ... .... 89
5.2.2  Robust Semi-MAD Ratio. . . . . .. ... ... ... ... ..., 92
5.2.3 Robust Weighted STARR Ratio . . . . . ... ... ... ... ... 92
5.3 Cutting Plane Algorithm . . . . . . . . .. . ... ... L 93
5.4 Empirical Analysis . . . . . . ... 95
0.4.1 Datasets . . . . . .o 95
5.4.2 Methodology . . . . . . . .. 95
5.4.3 In-Sample Analysis . . . . . . .. ... 96
5.4.4 Out-of-Sample Analysis . . . . . ... ... ... L. 96
Robust Portfolio Optimization with Second Order
Stochastic Dominance Constraints 107
6.1 Motivation and Objective . . . . . . . . . ... 107
6.2 Robust Second Order Stochastic Dominance Portfolio Optimization Model 108
6.3 Cutting Plane Algorithm . . . . . .. . ... ... o 111
6.4 Empirical Analysis . . . . . ... .. 112
6.4.1 Data sets and Methodology . . . . . . . ... .. ... ... .... 112
6.4.2 Time Efficiency of the Cutting Plane Algorithm . . . . . . . .. .. 114
6.4.3 The Out-of-Sample Analysis . . . . . . ... ... ... ... .... 114
Conclusions, Limitations, and Future Work 119

7.1 Conclusions . . . . . . . 119



Table of Contents

1X

7.2 Limitations
7.3 Future Works

Bibliography
Appendix

Curriculum Vitae

121
121

123

133

135



Table of Contents




1.1

2.1

2.2

3.1

3.2

4.1

4.2

4.3

4.4

4.5

0.1
6.1

List of Figures

Rolling window strategy with N windows, 7" in-sample period, and 77 out-
of-sample period . . . . ..o 24

Out-of-sample cumulative returns of optimal portfolios from (GWCVaR),
(MM), (EWCVaR) and (SSD) models on data set (C2 DI) (a) S&P 500

for risk level Uy /K, (b) FTSE 100 for risk level Us/K3. . . . ... ... 38
Cumulative returns of S&P 500 index from November 1998-December 2005
depicting four scenarios in the market. . . . . . . . ... .. ... ... .. 40

Out-of-sample weekly cumulative returns of optimal portfolios from the
benchmark index (blue), QU (red), and MEZ_» (purple) on data sets (a)
(C3 DI) for 7 =0.8 and 7 = 0.2 (b) (C3 DXII) for 7 = 0.7 and 7 = 0.3
(c) (C3DXV) for r=0.75and 7 =0.25. . . . ... ... ... ...... 58
Movements of market index (a) ASE (b) PSI-20 (c) S&P 500 (d) FTSE
100 during the respective periods of the financial turmoils as mentioned in
the text. . . . . . 62

Returns of market index S&P Asia 50 (C4 DIII) in one specific 27 weeks
in-sample period from 13/10/2017 to 13/04/2018 to indicate different dis-

tributions followed by returns . . . . . . .. ... .o 75
Out-of-sample downside risk of (C4 DIII) for (a) (uGM D) and (RuGM D)
models and (b) (MGMD) and (RMGMD) models. . . . . . ... ..... 78
Cumulative returns of market indices corresponding to (C4 DI), (C4 DII),
(C4 DIII), and (C4 DIV) depicting different phases of markets. . . . . . . . 79

Out-of-sample cumulative returns of UP-DOWN phase of (C3 DIII) for (a)
(uGM D) and (RuGM D) model and (b) (MGM D) and (RMGM D) model. 80
Out-of-sample downside risk of UP-DOWN phase of (C3DIII) for (a)
(WGM D) and (RuGM D) model and (b) (MGM D) and (RMGM D) model. 81

Trendline fitting in FTSE 100 from 15/01/2018 to 13/05/2019. . . . . . . . 99

Out-of-sample downside risk of optimal SSD, RFy 001, RFPo005 and REy o1
portfolios on data set (a) (C6 DI) (b) (C6 DIV). . ... ... ... ... 116

x1



xii

List of Figures




2.1

2.2

2.3

24

2.5

2.6

2.7

2.8

2.9

2.10

2.11
2.12
2.13

2.14

3.1
3.2

3.3

3.4

List of Tables

Tolerance sets and corresponding weights used in analyzing (GWCVaR)

model. . . .. 34
Out-of-sample average returns (x 1073) for a single window analysis on data
set (C2DI). . .. o 36

Out-of-sample performance ratios (x1072) for a single window analysis on
data set (C2 DI), where the first and second sub-columns record SR and
UPR, respectively; -’ is used for instances where SR is not defined. . . . . 37
Out-of-sample Weighted STARR ratio (x107%) and STARR ratio (x107?)
for a single window analysis on data set (C2 DI), where the first, second,
and third sub-columns represent Weighted STARRg;, Weighted STARR 5o
and STARRg 1, respectively; -’ is used in instances where the Weighted

STARR ratio or STARR ratio is not defined. . . . . . ... ... ... ... 39
Out-of-sample statistics (x1073) for different phases of market in data set
(C2DII). . . . 41

Out-of-sample cumulative returns (x 10~%) of optimal portfolios from (GWCVaR)
model with tolerance level set S3 and corresponding (C'VaR,) on data set
(C2DID). . ottt 43
Out-of-sample cumulative returns (x10~%) of optimal portfolios from (GWCVaR)
model with tolerance level set S2 and corresponding (C'VaR,) on data set
(C2DID). .« oo oo oo e 44
Out-of-sample cumulative returns (x10~%) of optimal portfolios from (GWCVaR)
model with tolerance level set S1 and corresponding (C'VaR,) on data set
(C2DID). .« oo oo oo e 45
Out-of-sample cumulative returns (x 10~*) of optimal portfolios from (GWCVaR)
model with tolerance level set S3 and corresponding (C'VaR,) on data set
(C2DII). . o oo oo e e e e 46
Out-of-sample cumulative returns (x 10~*) of optimal portfolios from (GWCVaR)
model with tolerance level set S2 and corresponding (C'VaR,) on data set
(C2DII). . o oo oo oo e e 47
Tolerance sets and corresponding weights used in analyzing (WCVaR) model. 47
Out-of-sample cumulative returns (x 10~%) of optimal portfolios from (WCVaR)
model with tolerance level set S3 and corresponding (CVaR,) on (C2 DIV). 48
Out-of-sample cumulative returns (x 10~*) of optimal portfolios from (WCVaR)
model with tolerance level set S2 and corresponding (C'VaR,) on (C2 DV). 49
Out-of-sample cumulative returns (x 10~*) of optimal portfolios from (WCVaR)
model with tolerance level set S1 and corresponding (C'VaR,) on (C2 DV). 49

Out-of-sample weekly average returns (x1073) for (C3 DI)-(C3 DXV).. . . 57
Out-of-sample weekly SR, (x107?) for (C3 DI)-(C3 DXV); ‘- indicates that
the ratio can not be calculated for the instance. . . . . . ... .. ... .. 57
Out-of-sample weekly STARR ratio (x107%) for (C3 DI)-(C3 DXV); =’
indicates that the ratio can not be calculated for the instance. . . . . . . . 57
Out-of-sample weekly UPR (x107?) for (C3 DI)-(C3 DXV). . ... .. .. 58

xlil



Xiv

List of Tables

3.5

3.6
3.7
3.8

3.9
3.10

4.1

4.2

4.3

4.4

4.5

5.1

5.2

5.3

5.4

2.5

5.6

p values of t-test at significance levels 0.01, 0.05 and 0.1, indicated by ***,

** and *, respectively, for optimal portfolios from the (QU ET) model with
T =0.7, 0.75, 0.8 against the benchmark index for data sets (C3 DI)-(C3
DXV). © oot 58
Out-of-sample daily statistics (x107%) of S&P 500 under different conditions. 59
Out-of-sample weekly statistics (x107%) for (C3 SDI)-(C3 SDIV). . .. . . 60
p values of t-test with significance levels 0.01, 0.05 and 0.1, indicated by
ok K and *) respectively, for optimal portfolios from the (SQU ET) and
(QUET) model with 7 = 0.7, 0.75, 0.8 against the benchmark index for
data sets (C3 SDI)-(C3 SDIV). . . . . . .. .. .. . 61
Out-of-sample weekly average returns (x1073) for (C3 CSDI)-(C3 CSDIV). 62
p values of t-test with significance levels 0.01, 0.05, and 0.1, indicated by
Rk and *) respectively, for optimal portfolios from the (SQUET) and
(QUEI) model with 7 = 0.7, 0.75, 0.8 against the benchmark index for
(C3 CSDI)-(C3 CSDIV). . o o o oo 63

Statistics of returns of market index S&P Asia 50 from 13/10/2017 to
13/04/2018 . . . . . 76
Out-of-sample statistics(x107?) of (C4 DI), (C4 DII), (C4 DIII), and (C4
DIV) on rolling window analysis under mixed uncertainty set Qu. . . . . . 7
Out-of-sample statistics(x1073) of (C4 DI) and (C4 DII) under mixed
uncertainty set Py, for the four phases data based on the market directions. 82
Out-of-sample statistics(x1072) of (C4 DIII) and (C4 DIV) under mixed
uncertainty set Py, for the four phases data based on the market directions. 83
Out-of-sample statistics (x107%) of (C4 DI), (C4 DII), (C4 DIII) and (C4
DIV) on a single window analysis under mixed and interval+polyhedral
uncertainty sets. . . . . . .. L Lo oL 85

Time (in seconds) taken to solve (ROM EGA) model by the cutting plane
algorithm and the standard LP solver on (C5 DIII) where ‘—' indicates
that the LP solver fails to obtain the optimal solution of the problem after
running for 45 minutes. . . . . .. ..o 97
Optimal values of (ROM EGA) model. Note that for I' = 0, the optimal
values of (ROMEGA) and (OM EGA) models are the same, for any value
of 7o o 98
Market phase of FTSE 100 using trendline (dates in dd/mm/yyyy format) 99
The out-of-sample statistics (x1072) when I' = 5 for data sets (C5 DI), (C5
DII), (C5 DIII), and (C5 DIV). Here, (ROM EGA1) and (ROM EG A2) are
the robust Omega models for 7 = 0.1% and 7 = 1%, respectively. Similar
nomenclatures are followed for the other two models as well. . . . . . . .. 101
The out-of-sample statistics (x107%) when I' = 10 for data sets (C5 DI),
(C5DII), (C5 DIII), and (C5 DIV). Here, (ROM EG A1) and (ROM EG A2)
are the robust Omega models for # = 0.1% and 7 = 1%, respectively.
Similar nomenclatures are followed for the other two models as well. . . . . 102
The F,2 statistic (the p values are in parenthesis at significance levels 0.01,
0.05 and 0.1 indicated by *** ** and *  respectively) for optimal portfolios
from the non-robust and robust models with # =1%. . . . . ... ... .. 103



List of Tables XV

2.7

2.8
2.9

6.1

6.2

6.3

6.4
6.5

The zovag,, statistic (the p values are in parenthesis at significance levels
0.01, 0.05 and 0.1, indicated by *** ** and * respectively) for optimal

portfolios from the non-robust and robust models with # =1%.. . . . . . . 103
Out-of-sample statistics (x107%) under different market phases. . . . . . . 104
Out-of-sample statistics (x107%) under different market trends. . . . . . . 105
Time efficiency of the cutting plane algorithm; all times are in seconds and

-’ indicates out of memory message on MATLAB. . . . . . .. .. ... .. 114
Out-of-sample statistics (x107?) from the rolling window strategy at I' = 5

for data sets (C6 DI)-(C6 DV). . . . . ... ... ... .. .. ... ... . 115
Test values (with p values in bracket at significance level 0.1, 0.05 and 0.01

indicated by *, ** and *** respectively, for SSD-Ryo1). - - . . . . . . .. 116
Out-of-sample statistics (x1073) under different market phases. . . . . . . 117

Out-of-sample statistics (x1073) under different market trend with best
values highlighted in bold. . . . . . . .. .. ... ... ... ........ 118



xvi List of Tables




Concepts:

EI
IT
QR
RO
SD
SSD

Models:
LP
MILP
QPP
SDP
SOCP

Performance Metrics:

CVaR,

MAD
SDV
SMAD
SR
STARR
UPR
VaR,
VAS

List of Abbreviations

Enhanced Indexing

Index Tracking

Quantile Regression

Robust Optimization

Stochastic Dominance

Second order Stochastic Dominance

Linear Program

Mixed Integer Linear Program
Quadratic Programming Problem
Semi-definite Program

Second Order Cone Program

Conditional Value-at-Risk at tolerance level ~y

Mean Absolute Deviation

Standard Deviation

Semi Mean Absolute Deviation

Sharpe Ratio

The Stable Tail-adjusted Return Ratio

Upside Potential Ratio

Value-at-Risk at tolerance level

Violation area in Second order Stochastic Dominance
Weighted Conditional Value at Risk at tolerance set {71,

Xvii

)



	Ruchika_Thesis (23).pdf



