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Abstract

Financial portfolio optimization and investment decision making, which adhere to allocat-
ing weights to financial assets constituting a portfolio, are extensively researched areas.
The banks, financial institutions, fund management firms, investors be it Government,
corporate or individuals, all require to manage their assets and hedge their risk by select-
ing, balancing, and continuously evaluating their portfolios allocations. The breakthrough
article by Markowitz in 1952, which introduced the World to the modern portfolio theory,
has been the center of criticism of late due to the assumption of the multivariate normal
distribution of returns, a fact far away from the truth in the real financial data.

The complex dependence structure in high dimension due to the applications of big data
has made it essential and challenging to model the multivariate dependence between fi-
nancial variables. The dependency in the financial markets has increased manifold over
the years due to advancement in technology, open economy, and global trades. Owing
to the expansion of borders of the financial markets, with investors investing in differ-
ent markets of the world, add on more to the complexity of the system. The random
variables representing returns of the assets are typically asymmetric, possess anonymous
cyclic behavior and stylized features, high kurtosis, tail dependence, and downside-upside
momentum trends. Moreover, the economies worldwide have witnessed several significant
crises, economic imbalances, and extremely volatile fluctuations in the financial data as a
result of inappropriate risk management. As a repercussion, the methods of financial risks
management were put to in-depth scrutiny majorly after the sub-prime global financial
crisis of 2008. Coming up with renewing models has become an essential and uphill task
for investors who are concerned with minimizing risk in their investments. Several models
have been put forward in investment decision making and risk management, which goes
hand in hand, to minimize the risk earning profits at the same time modifying the original
Markowitz portfolio optimization model by bringing in more realistic features to capture
the complex dependency structures in the underline of the financial assets.

This thesis aims to establish a new approach in financial investments and risk management
which can proficiently encapsulate the dependency structure and shapes in the financial
data. The aim is carried out using two approaches: Copula Theory and Topological Data
Analysis.

Copulas have been used to model the underline dependence structure between the financial
variables. According to the theory put forward by Sklar, copulas are the functions which
couples the multivariate distribution to its one-dimensional marginals and thus enabling
to investigate the relationship between marginals and joint distribution of the random
variables. More specifically, in this thesis, we work with dynamic vine copulas, with
bivariate copulas as their building blocks. A vine copula provides a flexible mechanism for
modeling various distributions prevailing among the real data. They have been masterly
designed to invade all possible and complex nonlinear dependency structure. We apply
the regular vines copulas with rolling window scheme to make our study dynamic and
robust towards data tweaks.

We design a dynamic copula based scenario generation method using the time series
modeling. The residuals in the time series model, fitted in the return data series of
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the assets, are pseudo-randomly generated using inverse probability transforms and vine
copula. The simulated residues are in turn used to generate scenarios for returns of
the assets. The proposed scenario (data) generation process is shown to ameliorate the
investment process by boosting the risk-reward ratios in the optimal portfolios. This novel
methodology is applied throughout the thesis for generating data from different scenarios
that could be prevalent in the markets and captured by vine copula.

Besides modeling the dependency structure, this thesis investigates two crucial problems
of index tracking and enhanced indexing in the domain of portfolio optimization. One of
the highlighting features of our research is the development of the deviation based risk
measures which were introduced long back but remained hidden since then. We propose
the deviation based second order stochastic dominance criterion in portfolio optimization
and apply it to the problem of enhanced indexing. The other salient part is the prelude of
deviation measure with mixed conditional value at risk, inheriting all the useful properties
of the conditional value at risk (CVaR). We also formulate the two-tailed mixed CVaR
with deviation measure to develop a new model for index tracking problem.

Furthermore, in the same work, we design a two step procedure for enhanced indexing
problem. Firstly, we introduce a Markov chain based filtration criterion to build-in the
asset-picking ability in the model. The approach is quite beneficial yet straightforward
and reduces the computational efforts in solving the proposed deviation based mixed
CVaR enhanced indexing model which is solved on the filtered assets at the second step.
The mixed CVaR with deviation measure holds more information on the distributions of
returns than the conventional CVaR thereby resulting in portfolios with superior perfor-
mance.

In another research work, included in the thesis, a new robust optimization model con-
cerning change in the dependency structure is formulated for the risk-reward ratios to
protect against the worst possible scenarios. We introduce a mixture copula within the
framework of worst case robust optimization. The resulting uncertainty set comprising
of the mixture copulas dispense away from pre-selecting the probability distributions of
returns.

The cynosure of this thesis is the applications of Topological Data Analysis (TDA) in
the financial decision-making process. TDA combines concepts from algebraic topological
to extract geometry and shapes in the data. TDA has set its footprints in several fields
primarily in the medical and fraud detection domains, but it is not yet fully utilized
to its potential in investment decisions including portfolio optimization. In this thesis,
we endeavor to decipher an application of TDA in asset allocation viz. enhanced index
tracking. The superior empirical performance of the proposed model strengthens our
belief that TDA holds promise in the domains of investment science, risk management
and econometric.

The core of this thesis lies in improvising reward-risk ratios of the portfolio’s out-of-sample
performance by unwrapping the underline dependency structure and the topological ge-
ometry shrouded in the financial data, thus bestowing the optimization models with the
more realistic arrangements.

Besides, adding to the current knowledge of the copula theory and its applications in the
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investment problems, we expect this thesis to open the doors for more research on TDA
in the field of risk management and portfolio optimization.
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