Chapter 2
Greens—The Obvious Choice Over
the Grays?

Abstract This chapter delves into an individual decision-making problem that bears
significant social implications. While tagging along less-carbon investment path
through increased investment in “green” projects is socially desirable in the modern
era, its implementation is not so easy. The policy-makers, however, would sit comfort-
ably if the imperative choice of the new “green” financial products turns out to be, in
fact, obvious. This study explores specifically this issue in the context of an emerg-
ing market through examining whether given a choice between green and non-green
projects, greens become the optimal choice of a rational investor. As is revealed by
the study, the green (either completely or partially) portfolios dominate the available
alternative gray portfolios. The green portfolios turn out to be the global minimum
variance portfolio, and they dominate the gray in terms of the own-risk as well as the
market risk. Even the probabilities of surviving crises are higher, and hence, hazard
ratios are lower for the green portfolios. Thus, green is preferred to gray and more
green is better than less green. Hence, following less-carbon investment path is the
most rational and obvious choice for the investors in the Indian market.

Keywords Green investment + Green portfolios  Stochastic dominance *+ Empirical
survivor function + Survival analysis + Hazard ratio

2.1 The Green Indexes

In today’s world, the environmental issues in business and investment are gaining
increasing significance, particularly in the context of the emerging financial mar-
kets. Apart from its visible, adverse environmental impact, growing investment in
polluting industries is potentially hazardous due to its associated negative externali-
ties and the resulting market failure that render the efficient market hypothesis and
hence the traditional asset-pricing theory useless. The urgency of a drive toward
attaining a low-carbon growth path is thus obvious, and this imperative is particu-
larly strong in the context of the emerging markets. Implementation of low-carbon
investment strategies, however, requires a proper definition and understanding of
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emission landscape across business and its impact on sustainable growth. Some
stock markets all over the world have already taken initiatives to ensure a credi-
ble information mechanism for the investors through developing “green” indexes
where carbon performances can be objectively quantified. Some of these indexes,
coming from the developed as well as the emerging market are worth-mentioning.
The European market offers a good number of green indexes, either in iso-
lation or in collaboration with other developed or emerging markets. FTSE’s
Environmental Market Classification System and Indices provide the world’s
first comprehensive global classification system for environmental markets.
Environmental market companies are defined as providing products and services
that deliver solutions to environmental challenges and include environmental tech-
nology, also sometimes referred to as “clean tech.” The classification system
defines environmental market companies and allocates each to the subsector whose
definition most closely describes the nature of its business. There are currently
six sectors and twenty-four subsectors. The Low Carbon 100 Europe® Index is a
free-float market capitalization-based index that considers the performance of the
hundred largest European companies having the lowest carbon (CO;) intensity in
their respective sectors or homogeneous subsectors. The sustainability index CEE
Responsible Investment Universe (CEERIUS) is a capitalization-weighted price
index which is composed of the leading socially committed and ecologically via-
ble companies whose stocks are traded on stock exchanges in the region of Central,
Eastern, and Southeastern Europe. The Euronext FAS IAS® Index considers those
companies whose employees are most represented in share ownership and enables
investors, fund managers, and issuers to assess market performances and compare
them with those of other listed companies. The FTSE KLD Global Climate 100
Index is designed to provide investors with access to investment in the top 100 glob-
ally listed companies, whose activities demonstrate the greatest potential for mitigat-
ing the immediate and long-term causes of climate change. The FTSE KLD Global
Sustainability (GSI) Index Series intends to provide investors with robust index
solutions through which they could identify and invest in companies that are com-
mitted to long-term environmental, social, and governance sustainability. Various
regional sustainability indexes are developed accordingly by considering companies
from North America, Europe, and Asia-Pacific regions that are top-ranked in terms
of these sustainability criteria. The FTSE Group has collaborated with the Bolsas
Mercados Espafioles (BME) to introduce the FTSE4Good IBEX Index. This index
includes those companies from the BME’s IBEX 35 Index and the FTSE Spain All
Cap Index that meet good standards of practice in corporate social responsibility.
These companies seek to ensure sustainable business environment, intend to build
up and maintain positive relationships with stakeholders, and endeavor upholding
and supporting universal human rights. The FTSE4Good Index Series considers
four tradable and five benchmark indices, representing global, European, US, Japan
(benchmark only), and UK markets. The FTSE4Good benchmark indices include all
companies in the broad market index or those that meet the FTSE4Good criteria.
FTSE4Good Environmental Leaders Europe 40 Index identifies leading European
companies with healthy environmental practices. These forty companies belong to
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the FTSE4Good Index Series and are the top forty companies among those that have
obtained the “best practice” environmental rating of 5. The FTSE4Good Australia
30 Index intends to provide investors the access to Australian companies that are
actively meeting good standards of practice in corporate responsibility. While the
FTSE is most active in developing sustainability indexes, there are a few more in
the European markets. The DAXglobal® Alternative Energy Index is a sector-based
global index where investors have the opportunity to invest in the fast-growing and
potentially dynamic “alternative energy” sector. The index considers for inclusion in
it stocks of only those companies that generate more than 50 % of their revenue in
any of the segments of the alternative energy sector such as natural gas, solar power,
wind power, ethanol, geothermal, or hydro batteries. The DAXglobal® Sarasin
Sustainability Germany Index is composed of the one hundred biggest and most lig-
uid German companies based on free-float and market capitalization. Companies are
selected according to market capitalization and the average daily trading turnover,
and then, they are verified in compliance with the Sarasin Sustainability Matrix®.
The DAXglobal® Sarasin Sustainability Switzerland Index is composed of the fifty
biggest and most liquid Swiss companies based on free-float and market capitaliza-
tion. The selection of the constituents takes place according to market capitalization
and the average daily trading turnover. Thereafter, these companies are verified in
compliance with the Sarasin Sustainability Matrix®. Other European markets have
adopted similar measures to develop green indexes. The OMX GES Ethical Index
is one such attempt where the index consisted of all listed companies in Stockholm,
Oslo, Helsinki, and Copenhagen, with the exception of those companies that comply
with the ethical criteria of the GES Global Ethical Standard and GES Controversial
that are based on international standards on environment, human rights, and corrup-
tion. Companies with production and/or sales of weapons, tobacco, alcohol, pornog-
raphy, and gambling are not included. The OMXS30 Ethical Index is ethical version
of the OMXS30 Index, and the index family includes OMX GES Ethical Nordic
Index, OMX GES Ethical Norway Index, OMX GES Ethical Sweden Index, OMX
GES Ethical Denmark Index, OMX GES Ethical Finland Index, and OMX GES
OMXS30 Ethical Index. The Austrian stock market has developed a market capitali-
zation-weighted index called the VBV-Osterreichischer Nachhaltigkeits index or the
VONIX. The index is comprised of stocks of those Austrian companies, which are
best in terms of social and environmental achievements.

The US market has developed a number of indexes to identify clean and sus-
tainable companies. A few of these may be mentioned in this study. The NASDAQ
Clean Edge US Index (CLEN) is a modified market capitalization-weighted index
that considers the best and most active clean energy, publicly traded US com-
panies. The companies included in this index come from the business segments
such as manufacturing, development, distribution, and installation of emerging
clean energy technologies such as solar photovoltaics, biofuels, and advanced
batteries. The five major subsectors that this index encompasses are renewable
electricity generation, renewable fuels, energy storage and conversion, energy
intelligence, and advanced energy-related materials. The second green US index is
the NASDAQ OMX® Clean Edge® Global Wind Energy Index which is a modified
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market capitalization index that is perceived to act as a transparent and liquid
benchmark for the global wind energy sector. The constituent companies come
from primarily manufacturers, developers, distributors, installers, and users of
energy derived from wind sources. The US market also offers an index related to
energy-efficient transportation, namely the Wilder NASDAQ OMX Global Energy
Efficient Transport Index which is a modified, equally weighted index that defines
and tracks companies operating globally to develop and promote innovative and
energy-efficient modes of transportation. In line with the NASDAQ, the NYSE
has also attempted to introduce clean indexes. The NYSE Arca Environmental
Services Index (AXENV) is a modified equal-dollar-weighted index comprised of
publicly traded companies that engage in “clean” business activities, trading, and
management. Further, the NYSE provides another modified equal-dollar-weighted
index, namely NYSE Arca WilderHill Clean Energy Index (ECO) which is com-
prised of publicly traded companies whose business stands to benefit substantially
from societal transition toward the use of cleaner energy and conservation. The
NYSE ArcaWilderHill Progressive Energy Index (WHPRO) is further provided to
consider companies in transition technologies that reduce the carbon or pollutants
stemming from coal, oil, and natural gas that enhance efficiency or make efficient
utilization of the dominant energy sources. NYSE defines further the “clean tech”
sectors as knowledge-based products and services that improve operational per-
formance, productivity, or efficiency while reducing costs, resource and energy
consumption, waste, or pollution. The NYSE ArcaCleantech Index (CTIUS) is a
modified equal-dollar-weighted index that takes into account the dominant clean
tech companies worldwide.

The Asian emerging markets are equally eager to introduce clean and sustain-
ability indexes. The SRI-KEHATI Index has been launched by the Indonesia stock
exchange in partnership with KEHATI, the Indonesian Biodiversity Foundation.
The companies with assets worth more than US$100 million, a free-float of more
than 10 % of the shares, and a positive price-earning ratio are eligible to be included
in the index. The companies are evaluated in terms of environment, community
involvement, good corporate governance, respect for human rights, business behav-
ior, and labor practices. The Korean market has developed the Korean SRI Index that
gauges companies’ policies, performance, and reporting in terms of environmental
sustainability, social commitment, and governance. The SSE and China Securities
Index Company Limited have initiated the SSE Social Responsibility Index in
August 2009 to include one hundred companies that are listed with SSE and per-
form well in terms of fulfillment of social responsibility. The Maala SRI (Socially
Responsible Investing) Index in Tel-Aviv stock exchange includes twenty stocks of
“socially responsible” public companies listed in the TA-100 index.

Other emerging stock markets such as the Johannesburg and the Egyptian stock
exchanges have started their journey toward green investment. The Egyptian stock
exchange (EGX) has signed a memorandum of understanding with the Egyptian
Institute of Directors to jointly develop a green index with Standard and Poor’s.
The Johannesburg stock exchange has launched the JSE SRI (Socially Responsible
Investment) Index in 2004 that selects stocks from the FTSE/JSE All Share Index.
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The eligible companies must be fit in terms of environmental, societal, and eco-
nomic sustainability and effective governance. Similarly, the Brazilian stock mar-
ket offers the Corporate Sustainability Index that is basically a portfolio of at
most forty stocks that are selected from the stocks traded on the Sao Paulo stock
exchange. While these stocks are most actively traded ones in terms of liquidity,
they belong to the companies that are significantly committed to ensure corporate
sustainability and social responsibility.

While stock markets all over the world are replacing grays with greens, Indian
market has been no exception. Indian market has been among those that are striving
to entrench sustainable investment practices in recent years. India has already intro-
duced the S&P BSE GREENEX stock index that constituted of the top twenty-five
companies which are good in terms of carbon emissions, free-float market capitaliza-
tion, and turnover in Bombay stock exchange (BSE). BSE considers the company’s
initiative to offset the carbon emissions, the offset limit being set to two-third of the
company’s total emissions. The index is a free-float market capitalization-weighted
index comprising of the list of BSE-100 Index. The index has been back-tested from
October 1, 2008 (Base Date), with the base index value of 1,000. More green indexes
have been launched by the National stock exchange (NSE) in India. The S&P ESG
India Index provides investors with exposure to a liquid and tradable index of fifty
of the best performing stocks in the Indian market as measured by environmental,
social, and governance parameters. An Index Committee composed of Standard and
Poor’s, CRISIL, India Index Services and Products Ltd. (IISL), and KLLD maintains
the index. The index represents the first of its kind to measure environmental, social,
and corporate governing (ESG) practices based on quantitative as opposed to subjec-
tive factors. The index employs a unique and innovative methodology that quantifies
a company’s ESG practices and translates them into a scoring system, which is then
used to rank each company against their peers in the Indian market.

Thus, a large number of markets all over the globe have initiated their journey
toward achieving green objectives. However, promoting energy-efficient business
practices through encouraging investment in these new, environmentally sustain-
able financial products would require an obvious precondition: Any such “green
investment” should be economically viable from the point of view of a participant
in the financial market. In cases where following low-carbon investment strategy is
optimal for risk-averse players in the market, green ethos could automatically be
promoted. This study intervenes particularly in this area to explore whether green
investment is an obvious choice over other “non-green,” or what this study calls
“gray,” investments in the context of an emerging financial market, namely India.

2.2 Greens and Grays in the Indian Market

The exploration, whether a “green” investment could win over an equivalent
“gray” one, starts from the basic inquiry that whether a “green” portfolio offers the
best possible risk-return trade-off to the investors. Moreover, it seeks to explore
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whether a portfolio with even a slight “green” touch in it wins over its gray coun-
terpart. After finding the optimal green portfolio, we would compare it with other
available portfolios in terms of its performance over time, its sensitivity to differ-
ent economic environment, and its probability of surviving crises.

Toward the purpose, the study considers and compares different portfolios in
the Indian market with different extent of “greenness.” Specifically, it considers
the following portfolios: (a) GRAY portfolio: a portfolio that is consisted exclu-
sively of gray stocks, (b) GREEN portfolio: a portfolio that is consisted only of
green stocks, (¢) G25 portfolio: a portfolio, 25 % of which is green and the rest
is gray, (d) G50 portfolio: a portfolio, 50 % of which is green and the rest is gray,
and (e) G75 portfolio: a portfolio, 75 % of which is green and the rest is gray.

While constructing the 100 % green portfolio, the study uses the stocks con-
stituting the BSE GREENEX, the index for twenty-five green stocks in the Indian
market. Incidentally, each green stock is a member of BSE 100, the best-valued
hundred stocks in the Indian stock market. While constructing the 100 % gray
portfolio, each green stock in the 100 % green portfolio is replaced by a mem-
ber stock of BSE 200 that is completely gray and comes from the same sector to
which the green stock that it replaces belongs to. In construction of a mixed port-
folio, say, G25, where 25 % of the total stocks are green, the study retains top
25 % (in terms of risk-adjusted return) of the stocks constituting the 100 % green
portfolio and replaces the rest by gray stocks where each green stock is replaced
by a gray stock coming from the same sector in BSE 200. The other mixed portfo-
lios are constructed in the same manner.

The green stocks considered in the study are Bharat Heavy Electricals Ltd.
(capital goods), Larsen & Toubro Ltd. (capital goods), Titan India Ltd. (con-
sumer durables), HDFC Corp. (finance), ICICI Bank Ltd. (finance), Hindustan
Unilever Ltd. (FMCG), ITC Ltd. (FMCG), Cipla Ltd. (health care), Dr. Reddy’s
Laboratory Ltd. (health care), Lupin Ltd. (health care), DLF Ltd. (housing
related), Ultratech Cement Ltd. (housing related), Infosys Ltd. (information tech-
nology), Sterlite Industries (India) Ltd. (metal, metal products, and mining), TATA
Steel Ltd. (metal, metal products, and mining), GAIL (India) Ltd. (oil and gas),
NTPC Ltd. (power), Reliance Infrastructure Ltd. (power), TATA Power Co. Ltd.
(power), Bharti Airtel Ltd. (telecom), Bajaj Auto Ltd. (transport equipment), Hero
Motocorp Limited (transport equipment), Mahindra & Mahindra Ltd. (transport
equipment), Maruti Suzuki India Ltd. (transport equipment), and TATA Motors
Ltd. (transport equipment).

The gray stocks considered in the study are members of the BSE 200. We could
not incorporate gray stocks from the BSE 100 or BSE SENSEX index as they
are all members of either the BSE GREENEX or the BSE Carbonex index. The
gray stocks are Havells India Ltd. (capital goods), Tharmax Ltd. (capital goods),
Videocon Industries Ltd. (consumer durables), UCO Bank (finance), Indian
Overseas Bank (finance), Glaxosmithkline Consumer Healthcare Ltd. (FMCG),
Britannia Industries Ltd. (FMCG), Glaxosmithkline Pharmaceuticals Ltd. (health
care), Wockhardt Ltd. (health care), Cadila Healthcare Ltd. (health care), India
Cements Ltd. (housing related), Madras Cements Ltd. (housing related), Hexaware
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Technologies Ltd. (information technology), National Aluminium Co. Ltd. (metal,
metal products, and mining), Hindustan Copper Ltd. (metal, metal products, and
mining), Gujarat State Petronet Ltd. (oil and gas), CESC (power), Torrent Power
Ltd. (power), JSW Energy Ltd. (power), Tata Communications Ltd. (telecom),
MREF Ltd. (transport equipment), Amara Raja Batteries Ltd (transport equipment),
Eicher Motors Ltd. (transport equipment), Motherson Sumi Systems Ltd. (trans-
port equipment), and Apollo Tyres (transport equipment). Corresponding to each
green stock, there is its gray counterpart from the same sector to which the green
stock belongs.

The construction of the portfolios is actually a task of assigning weights to
different financial assets so as to optimize the investors’ objective function. The
theory and methodology for assigning portfolio weights are discussed in the next
section.

2.2.1 Construction of Green and Gray Portfolios in Indian
Market

Construction of an efficient portfolio is a standard mean—variance optimization prob-
lem. It starts from the premise that the investors participating in the market are risk
averse and their preferences can be represented by a (derived) expected utility func-
tion defined over the mean and variance of a portfolio’s return (Z, &2, respectively).
The standard assumption on such preference relation is that investors are induced to
prefer higher means and smaller variances (measuring risk). Under this assumption,
the group of potentially optimal portfolios for risk-averse investors is hence those
with the highest expected return for a given level of variance and simultaneously the
smallest variance for a given level of expected return. If short sales are unrestricted,
the first condition is a sufficient description (Ingersoll 1987). Such portfolios are
called mean—variance efficient portfolios. The study, however, works with a broader
class of portfolios, namely the minimum variance portfolios that give the smallest
variance at every level of expected return. All mean—variance efficient portfolios
are minimum variance portfolios, and the mean—variance analysis is consistent with
expected utility maximization. In general, all the minimum variance portfolios are
included in the optimal set. Under the assumptions that (a) each individual chooses
a portfolio with the objective of maximizing a derived concave utility function of the
form V(Z, &%) with V2 < 0 and V; > 0; (b) all investors have a common time horizon
and homogeneous belief about Z and X; (c) each asset is infinitely divisible, and (d)
there is a riskless asset that could be bought or sold without any restriction, each
investor will hold a minimum variance portfolio. No other portfolio could be optimal
because given V; < 0, the minimum variance portfolio with the same expected return
would be preferred to any other alternative.

As they are constructed, all the green, semi-green, and gray portfolios in the
Indian stock market are global minimum variance portfolios. The construction
requires an analysis of the risk and return of the constituent assets.
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2.2.1.1 Risk and Return on the n-Asset Portfolio

Consider an n-asset portfolio where R; is the return on the ith asset (R; = InP/P;_1),
oy is the standard deviation of return, and X; is the proportion of wealth invested in
the ith asset. The return on the portfolio is then given as follows:

Ry
Ry

Rpr = X'R = (X1,X2,..., X»). = X1k + XoRy + -+ -+ XuRy  (2.1)

Ry

Similarly, the expected return on the portfolio is given as follows:

M1
ERpp =EX'R)=X'ER) =X = X1,X2,...,Xn). 'u2 =Xip +Xopo + - -+ Xnpin
Ha
2.2)
The variance—covariance matrix of return is given by
var (R1) cov(Rp2) ... cov(Ryp)
cov (R var (R ... cov(R
Var (R) = (R21) var (Rp) Ron) | _ 5 23)
cov (R,1) ... ... var (Ry)

The variance—covariance matrix is symmetric making the off-diagonal terms
equal, so that ¥ = ¥’ (the transpose of ).
The variance of the portfolio hence is defined as follows:

ofp =var(X'R) =X'S - X

var(R1) cov(Rp2) ... cov(Ryy) X1
cov(Ry1) var(R ... COV(R X
— (Xl, XZ, e, Xn) . ( 21) ( 2) ( 2n) . 2
cee e 2.4)
cov(Ry1) ... ... var(Ry) X,

=X{of +- + X207 + ZZXi)(jaij
ij

where o is the variance of R; and oj; is the covariance between R; and R; (i = ).
2.2.1.2 Finding the Global Minimum Variance Portfolio
In choosing a global minimum variance portfolio, the risk-averse investor allocates his

wealth among the available assets in such a manner that will minimize the risk of invest-
ment. In other words, he chooses weights given to different assets in a portfolio so as to
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make the variance of the chosen portfolio the minimum possible. Hence, the choice of
minimum variance portfolio is essentially a choice of weights given to available assets.

The minimum variance portfolio X = (X1, X5, ..., X;;)’ in an n-asset case solves
the constrained minimization problem:

: 2 2.2 2.2
XI’XmZTF-l-,Xn OPF - Xl U] + o +Xn0n + 2 ZXIX]O—U
ij
Suchthat X + X +---+ X, =1
The Lagrangian function for the problem could be set as follows:
LX) Xp. .. X 2) = XPof + -+ + X207 +2 XiXjoy + AX) +Xp + -+ + Xp—1)
i

The first-order conditions are as follows:

SL

W=2-X1-af+2-xz-cm+2-x3-(;13+---+2-Xn-al,,+/1=0
1

3L 5

WZZ‘Xn'O'n+2'X1‘01n+2'X2‘C72n+"‘+2‘Xn—1'an,n—l‘i‘lzo
n

SL

—=X1+X+--+X,—-1=0

8 Xn

In matrix notation, the minimum variance portfolio choice problem turns out to be

: 2 / /
=X Xst.X'1=1 2.5)
n}}n OpR Z S
The first-order conditions are described as follows:

2.0'12 2012 ... 201, 1 X1 0
2.012 207 ... 2.00 1 X> 0

2.01p 2.004 ... 2.07 1 X,
1 1 ... 1 0 A 1

23 1 X 0
o (*70)(5)=(")
0
Or,thisisoftheformAx~Zx=bWhere,<212 (1)) = Ay, (f) =Zxand(l> =b

The solution for Zx will be given by 7y = A;l . b. The first n elements in Zy are
the optimal weights that help us construct the global minimum variance portfolio.

2.2.1.3 Portfolio That Gives Maximum Expected Return Subject
to Minimum Variance

As mentioned by Markowitz (1951), risk-averse investors would seek to find port-
folios that provide the best risk-return trade-off to him. This study constructs the
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efficient portfolio in two steps. In the first step, the optimal weights are chosen so
as to minimize the portfolio return variance, or what is better termed as “risk” of
the portfolio. The investors, however, are equally interested in the expected return
that the portfolio offers. The best risk-return trade-off would then be offered by
a portfolio that gives the maximum expected return subject to a target level of
risk which is set to be the minimum variance. Hence, the study in the second step
selects the appropriate weights that offer maximum expected return subject to the
minimum variance that is obtained through Step 1. The weights derived in the sec-
ond stage would thus be the final and optimal weights considered in the study.

Thus, in Step 1, the choice problem is miny a%F =X'YX st X'1=1 giv-
ing Orznin as the minimum variance. In Step 2, the investor would solve the constrained
maximization ~ problem: maxy upp = X1 st opp =X 2 X = Gr%ﬂn and X'1 = 1,
The solution to Step 2, given by X/, would define the “best” portfolio for the investor.

The portfolio members with their associated weights are shown in Table 2.1.
Short selling is permitted in our framework.

Using the optimal weights, the minimum variance offered by each portfolio has
been calculated along with the associated return. Table 2.2 shows the minimum
global variance portfolios with the corresponding risk and return.

The minimum risk that a portfolio could impose (proxied by the return vari-
ance) is the lowest for the green portfolio and the highest for its gray counterpart.
The green portfolio incidentally offers the highest return and risk-return combination
shifts in a favorable direction as one substitutes gray stocks in a portfolio with the
green ones. Establishing the green portfolio as the most efficient global minimum
variance portfolio is not, however, sufficient to designate it as the investors’” optimum
choice. Toward the purpose, the study seeks to answer the following set of questions:

1. Do green portfolios possess relatively less own-risk as compared to their gray
counterpart? Risk-averse investors are interested in risk-adjusted return, specif-
ically the own-risk-adjusted return. Traditionally, the own-risk of any portfolio
depends on the risk of the individual security returns quantified by their respec-
tive return variances. This study considers the overall portfolio risk, rather than
the risks of the individual securities that constitute it. We then check whether
the own-risk-adjusted return of green portfolios could dominate that of the gray
portfolios.

2. How effective the green portfolios are to avoid market risk? Along with the
own-risk-adjusted returns, the risk-averse investors are concerned about reduc-
ing market or systematic risks of portfolios. In the available literature, market
risk of a portfolio depends on the degree of association between the market
return and the individual security returns. Our analysis considers market risk
of a portfolio in a bit different way. It considers the degree of association
between individual portfolio returns and the return on a chosen market bench-
mark index. It then seeks to explore whether green portfolio return movements
are more closely associated with the market movements compared to their gray
counterparts. A portfolio whose returns are less affected by changes in market
is taken as one with relatively less market risks.
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Table 2.2 Expected return and risk on portfolios

2 Greens—The Obvious Choice Over the Grays?

Portfolio Gray Green G25 G50 G75
Return 0.000416 0.068885 0.000137 0.011073 0.016976
Variance (MIN) 0.000044 0.000037 0.000041 0.000041 0.000040

3. Are the green portfolios inherently less unstable? A modern interdisciplinary

school of literature suggests financial markets to be characterized by nonlinear par-
ticularly chaotic dynamics. This has significant bearing on the investment decision
made by risk-averse investors. A chaotic system is essentially nonlinear and the
best way to describe it is as a system that is deterministic but appears random. A
chaotic financial market is intrinsically erratic, characterized by no stable equilib-
rium. Any deviation from the equilibrium will be self-correcting. Hence, volatility
will generate endogenously and crashes will be more of a rule rather than aberra-
tion. Since a chaotic series cannot be forecasted, policies to smooth out fluctua-
tions are likely to be ineffective. Hence, risk-averse investors will face problems
in constructing optimum portfolios in a chaotic market. Endogenously generated
volatilities in asset returns and frequent crashes make the financial assets inherently
risky. This is particularly where the present study intervenes. It seeks to compare
the green, semi-green, and gray portfolios in terms of their intrinsic instability.
Specifically, it explores the possible chaotic nature of the constructed portfolios.

. Do the green portfolios have a higher probability of surviving financial crisis? Or,

stated alternatively, do they have a lower hazard ratio? While investors consider
the return and risk profile of available financial assets, they would be interested
in choosing a “shockproof” portfolio or a portfolio that could sustain the financial
stress imposed by the cycles of the economy. Investors could be easily induced
to follow a less-carbon investment path even if the intrinsically unstable green
portfolios could survive economic crises in a more effective way than their gray
counterparts. The case for preaching green investment might be even stronger if
increased greenness of portfolios could improve the probability of surviving eco-
nomic crisis. The study seeks to explore the “shockproof” nature of green and
gray portfolios through an exploration of the sensitivity and sustainability of these
financial assets to the shocks to the system using the traditional sensitivity analy-
sis (where stress comes exogenously) as well as the modern survival analysis (that
believes stress to depend on intrinsic vulnerability of a structure).

5. Are the performances of the green backed by their fundamentals? Risk-averse

investors will be equally interested in the factors influencing the performance
of the financial assets that they choose to construct their portfolios. The
literature on finance-growth nexus emphasizes the importance of fundamen-
tal-backed financial performances of assets as their selection criterion. In the
traditional literature, business failure prediction models make use of various
statistical techniques in an attempt to estimate the bankruptcy probability of a
firm using a set of covariates such as financial ratios and market-related varia-
bles. This study considers individual stocks constituting the green, semi-green,
and gray portfolios, rather than the portfolios themselves, and explores possible
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factors affecting the probability of avoiding crisis for such stocks. The explo-
ration is difficult to be considered at the portfolio level as it would be rather
injudicious to define fundamental or financial ratios for portfolios. Hence, the
study starts from a firm-level analysis where the probability of avoiding crisis
for these firms is anticipated to depend on several covariates. While some of
these covariates would be related to the company fundamentals and the market,
the rest would reflect the intrinsic nature of the stock concerned.

2.3 Green and the Gray: A Comparative Approach
in Terms of Risk and Return

The study now seeks to answer the questions raised earlier in an attempt to com-
pare the performance of green portfolios with that of the gray portfolio.

2.3.1 Comparison of Own-Risk-Adjusted Return
Jor Portfolios: A Stochastic Dominance Approach

Financial asset returns could be compared effectively using the stochastic domi-
nance method. The existence of a dominated financial asset or dominated portfolio
is not consistent with the optimizing behavior of investors who are unconstrained
in their action and prefer more to less (Ingersoll 1987). The requirements for the
existence of dominance, however, are very strict and seldom arise except when
very similar assets are considered. This problem could be overcome using the
concept of stochastic dominance. Stochastic dominance is an age-old technique
to compare or rank different random variables, and the method finds application
in determining the efficient sets of non-dominated portfolios and to facilitate the
decision-making process. It has been theoretically and empirically used particu-
larly in the fields of finance and risk management, insurance, economics, and
statistics over the last four decades. The method is particularly helpful when
researchers do not have enough information regarding investors’ utilities and the
analytical pdfs of random variables. In empirical analysis of portfolio risk man-
agement, method of stochastic dominance supplements the classical mean—vari-
ance approach that imposes unrealistic assumptions on investors’ utility functions
and return pdfs. Moreover, the method takes into account higher-order moments,
rather than only the first- or second-order moments, and hence incorporates more
information regarding the empirical pdfs. Hence, the method finds better applica-
tion in portfolio management where return distributions are skewed. Moreover, the
method of stochastic dominance is consistent with the expected utility theory and
it characterizes general preferences of agents. As pointed out by Ingersoll (1987),
stochastic dominance does not always require that for one portfolio to dominate
another, it should always outperform, at least weakly, the other. For a portfolio to
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stochastically dominate another, it should not outperform it, but rather its prob-
ability of exceeding any given return has to be higher than its competing portfolio.
This paper uses the method of stochastic dominance to explore the possible pre-
eminence of the green portfolios over their gray counterparts. The study, however,
compares the risk-adjusted portfolio returns rather than the simple returns. This is
justified, as risk-averse investors are interested more in risk-adjusted returns.
Before we move on to the empirical analysis, it would be better to consider
the theoretical underpinning. We start from a proper definition of risk rather than
defining it loosely to be the variance of return series. As pointed out by Ingersoll
(1987), if uncertain outcomes x and y have the same expectation, then x is said to
be less risky than y for the class of utility functions, U, if no individual with a util-
ity function in U prefers y to x. In other words, E[u(x)] > Elu(y)] for all u in U.
For some restricted classes, this ordering is complete. For all pairs of random vari-
ables x and y with the same mean but different distributions, either x or y is less
risky. For the quadratic utility functions, for example, x is less risky than y, if and
only if var(x) < var(y). However, even among complete orderings, there are cases
(e.g., the cubic utility functions) where variance does not remain the universal
measure of riskiness. To define risks in a better way, we resort to the Rothschild—
Stiglitz (1970) theorems on risk. As pointed by Rothschild-Stiglitz (1970), out-
come X is weakly less risky than outcome Y if and only if ¥ is distributed like X +&

and & is a fair game with respect to X. That is, fzifﬂ_é E(EF|X) =0 for all X.
Following Ingersoll (1987), the proof could be recapitulated as follows:
Taking conditional expectations and using Jensen’s inequality,

E[u(X 4+ 8)|X] < u(Eu(X +8)|X] = w(EIX|X]+ E[E|X]) = u(X)

Again, E[E[u(X+8)|X]] = Eu(X+&) < Eu(X) and we get Eu(Y) = Eu(X+%) <
Eu(X).

Thus, the theorem establishes variance as a valid measure of risk for normally
distributed outcome. The normal outcome with a larger variance will be, hence,
less risky.

Outcomes, however, may not have the same expectations. Ingersoll (1987) is
not in favor of using Levy’s extension to the Rothschild—Stiglitz definition under
such circumstances in the presence of a riskless asset. Ingersoll (1987) considers
a more general definition of risk which asserts that X is ( weakly) less risky than

Y if there exist constants a and b such that E(X —a) = E(Y —a) and (X —a)is
(weakly) less risky than (Y b) in the sense of Rothschild and Stiglitz. Relative
riskiness is invariant of choice of a and b, and the definition could be extended as
follows: X is (weakly) less risky than Y if there exist constants a and b if (X — X)
is (weakly) less risky than (f/ — Y). This definition is related to the concept of sec-
ond-order stochastic dominance. Ingersoll (1987) points out that a random return
X is weakly (second-order) stochastically dominant over Y if ¥ and X+& + & have
the same distribution with & <0 and E[e|X+&] = 0, where & is a non-positive
random variable. Second-order dominance results if there is some & such that X
first order stochastically dominates X > £ and Y is weakly riskier than this latter
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quantity. The relationship between riskiness and second-order dominance is hence
strong: If X > ¥ and Y is weakly riskier than X, then X stochastically dominates ¥

There are two big classes of stochastic dominance tests. The first is based on
the inf/sup statistics over the support of the distributions as in McFadden (1989),
Klecan et al. (1991), and Kaur et al. (1994). The second class is based on compari-
son of the distributions over a set of grid points as in Anderson (1996), Dardanoni
and Forcina (1998, 1999), and Davidson and Duclos (2000). Stochastic dominance
method is used in empirical analysis of portfolio risk management by Kahneman
and Tversky (1979), Post and Diltz (1986), Levy (1992, 2006), Gloy et al. (1999),
Wirch and Hardy (2001), Kuosmanen (2001, 2004), Giorgi (2002), Post (2003),
Giorgi and Post (2004), Meyer et al. (2004), Eeckhoudt et al. (2008), Milos and
Chovakec (2008), Hodder et al. (2009), and Sriboonchitta et al. (2010).

In order to check for the supremacy or otherwise of the green portfolios over
their gray counterparts, the study explores whether the risk-adjusted returns for
green portfolios could stochastically dominate those of the gray portfolios. For
each portfolio, the portfolio returns are calculated using the constituent stocks’
returns and the optimum weights. The portfolio variance series is estimated using
an appropriate GARCH family model that takes into account the presence of non-
normality, skewness, fat tail, and volatility clustering in the series.

The GARCH model of order (p, g) is specified by a mean and a variance equa-
tion as follows:

Mean equation: Y; = X6 + & and

Variance equation: 0,2 =w+ aetzfl + ﬁaﬁl

The mean equation is a function of exogenous variables with an error term.
Since O’tz is the one-period ahead forecast variance based on past information, it
is called the conditional variance. The conditional variance equation is a func-
tion of three terms: (i) a constant term, w, (ii) the news about volatility from the
previous period, measured as the lag of the squared residual from the mean equa-
tion, 8371 (the ARCH term), and (iii) the last period’s forecast variance, atal (the
GARCH term). Often, the financial time series volatility is characterized by lev-
erage effects and asymmetric response toward good and bad news in the market.
Simple GARCH model, however, cannot incorporate such asymmetric response of
volatility. The study selects an exponential GARCH or EGARCH model on the
basis of minimum AIC criterion that could fit the data best. The EGARCH model
was proposed by Nelson (1991) where the conditional variance equation is speci-
fied as follows:

Er—i

Ot—i

q p
Log(o/) = w+ Y _ filog(o7 )+ ai
j=1 i=1

,
Et—k
+> =
; o @O

There is asymmetric response to volatility (where good and bad news have differen-
tial impact on conditional volatility) if y is statistically significant and leverage effect
(where bad news have greater impact on conditional volatility) is present if y < 0.

The estimated EGARCH model is used to compute the conditional volatility
series of the individual portfolio returns.
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Fig. 2.1 Risk-adjusted return for portfolios

The return (R;), conditional variance (CV,), and the 91-day treasury bill rates
(RF)) are used to define portfolio risk-adjusted return (RAR;) as follows:

RAR,=(R;—RF,)/CV, 2.7)

Figure 2.1 depicts the risk-adjusted return series for the five portfolios constructed
for the study.

From the diagram, however, it is very difficult to decipher anything on green
portfolios’ supremacy over their gray counterpart. The testing for possible pres-
ence of any stochastic dominance could be appropriate in such cases.

This study follows the methodology of Ng et al. (2011) and tests for the pres-
ence of stochastic dominance among portfolio risk-adjusted returns, using a quan-
tile regression technique. Let x11, x12, ..., X1, be the series of returns from the first
asset and x21, x22, ..., X2, be the series of returns from the second asset. Ng et al.
(2011) define the two processes as follows:

xi=a +u, t=1,2,...,nand
Xy = ay+v, t=n+1,..., mwith usual properties of u, and v;.
The cumulative distribution function (CDF) of xj; and x, will then be given by
F(xy;) = P(ay + u; < x) = F,(x — ap) and
F(x) = Plaz + v < x) = Fy(x —az)
Then, the return series of first asset (R;) will stochastically dominate the return
series of second asset (R») at first order if F(xp,) > F(x1,).
As pointed out by Ng et al. (2011), this is equivalent to F~!(t) > F~!(1) or
01(7) = Oa(D).
A dummy variable (D) then could be defined that takes the value 1 if r =1, 2, ...
nandOift=n+1,...,m.
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The combined return data eventually take the following form: X, = xy;, if t = 1,
2,...n;and X; = xp,, if t =n + 1, ..., m. Thus, the model becomes
X, =a+b-D;+ U; with U, =v; + (u,—v;)D;; a=apy and b =a—a.
The return quantile function is
Ox(tIDy) = a(t) +b(v) - Dy; wherea(r) = a+ Qy(r) and b(7) = b+ Qu(z) — Ov(7)
Hence,
Ou(t|Dy =1) = a1 + Qu(r) = Qi1(r) and
Qx(tIDy = 0) = a2 + 0y(7) = Q2(7).

And

b(t) =b + Qu(t) — Ov(r)
=ar—az + Qu(t) — O\(7)
= 01(1) — O2(7).

In this framework, the first asset return stochastically dominates the second asset
return if

Qu(t|D; =1) > Qu(z|D; = 0)
or, if Q1(r) — Q2(r) >0 (2.8)
or, if, b(t) >0

Hence, ﬁArst (second) asset return stochastically dominates the second (first) asset
return if b(t) is significantly positive (negative).

The following table (Table 2.3) shows the result of quantile regression on
returns of the portfolios constructed for the study. The study selects the portfolios
in pairs; that is, it considers any one of the portfolios along with another portfolio

Table 2.3 Stochastic dominance for portfolio risk-adjusted return

Portfolio 1 Portfolio 2 f,(l—) Conclusion

Green Gray 443.78%* Green stochastically dominates gray
G75 Gray 326.14%* G75 stochastically dominates gray
G50 Gray 188.14* G50 stochastically dominates gray
G25 Gray 59.71% G25 stochastically dominates gray
Green G25 384.73% Green stochastically dominates G25
Green G50 256.29* Green stochastically dominates G50
Green G75 118.29%* Green stochastically dominates G75
G75 G50 138.00% G75 stochastically dominates G50
G75 G25 266.43* G75 stochastically dominates G25
G50 G25 128.43* G50 stochastically dominates G25

* Implies significance at 1 % level
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at a time. Hence, we define four pairs between green and gray portfolios: the green
and the gray; G25 and gray; G50 and gray; and G75 and gray. In each cases, the
green portfolios are taken as the first asset, and thus, for the green portfolios to
stochastically dominate the gray portfolio, the coefficient (l;(t)) of the dummy
variable (that takes the value of 1, if the portfolio is green and O otherwise) in
the quantile regression should be significantly positive. The stochastic dominance
among the green portfolios has also been explored where the study considers
green portfolios in six pairs: green and G25; green and G50; green and G75; G25
and G50; G25 and G75; and G50 and G75.

As is revealed by the results, each of the green portfolios stochastically domi-
nates the gray portfolio in terms of risk-adjusted return. Moreover, as is suggested
by the coefficient values, dominance over gray portfolio is the maximum for the
green portfolio and minimum for the G25 portfolio. Hence, a portfolio with a
small number of green stocks in it will of course stochastically dominate a gray
portfolio but in a relatively mild way. As the proportion of green stocks increases
in the portfolio (from 25 to 50, 75, and 100 %), the dominance becomes stronger.
Hence, a portfolio with even a slight touch of green in it will stochastically dom-
inate its gray counterpart in terms of own-risk-adjusted return. Within the green
group, once again, the more the extent of greenness, the stronger is the dominance
over others. Hence, for the risk-averse investors, green is preferred to gray and
more green is better than less green.

Own-risk, however, is not the only consideration to the risk-averse investors,
while they choose among portfolios. The non-diversifiable market risks often
bother the investors much, and they seek a portfolio that possesses the lowest mar-
ket risk. This is particularly the area where the study intervenes next and compares
the market risk of the five portfolios constructed for the study. The traditional lit-
erature computes market risk of a portfolio using individual asset betas. Individual
asset beta measures the degree of responsiveness of the individual asset to the
movements in the market. The portfolio beta is then calculated as the weighted
average of individual betas. This study, however, takes a different approach where
the conditional correlation between a portfolio and a benchmark index in Indian
market is taken as the proxy for the market risk of the portfolio.

2.3.2 Comparison of Market Risk of Portfolios:
Transmission from Market Return and Market
Volatility to Individual Portfolios

Investors, who are interested in averting market risk, will tend to consider risks
in terms of return as well as volatility. The nature of the market risk of portfo-
lios given by the possible interrelationship between the market and individual
portfolios thus may be either in terms of volatility transmission from market to
individual portfolios or in terms of interrelationship among the market and indi-
vidual portfolio returns. The study hence considers the interrelationship between
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the market index and the constructed green and gray portfolios using two methods.
In the first case, we consider how and to what extent the volatility in market gets
transmitted to affect the individual green and gray portfolio returns. The nature of
the interconnection between market and individual portfolio returns is then ana-
lyzed in terms of the conditional correlation between them.

2.3.2.1 Comparison of Market Risk of Portfolios: How Volatility
in Market Return Affects the Volatility of Individual Portfolio
Returns

The study makes use of a multivariate generalized autoregressive conditional
heteroskedasticity (MGARCH) model in its diagonal vector GARCH (VECH)
version of Bollerslev et al. (1988). In a diagonal VECH model, the variance—
covariance matrix of stock returns is allowed to vary over time and it is more flex-
ible than other multivariate GARCH models. The model is specified (Bollerslev
et al. 1988) as follows:

VECH(H,) = C + AVECH(&,_;
Et“bt—l ~ N(O,Ht)

6]

! BVECH(H;_
1_1)+ ( t 1) (29)

H; is an n x n conditional variance—covariance matrix. Z; is a 2 x 1 innovation
vector, ¥;_1 is the information set at time ¢t — 1, C is a N(N + 1)/2 x 1 parameter
vector, and A and B are N(N + 1)/2 x N(N + 1)/2 parameter matrices.

As pointed out by Karunanayake et al. (2009), an important issue in estimating
a VECH model is the number of parameters to be estimated. To solve the problem,
Bollerslev et al. (1988) and Goeij and Marquering (2004) suggested the use of a
diagonal form of A and B.

hijr = wij + ajui—1uj—1 + Bijhij—1 for i,j = 1,2 (2.10)

A related issue is to ensure the positive semi-definiteness of the variance—covariance
matrix. The variance—covariance matrix must always be positive semi-definite. The
condition is easily satisfied if all of the parameters in A, B, and C are positive with a
positive initial conditional variance—covariance matrix (Bauwens et al. 2006).

The study considers two channels of volatility transmission from market to
individual portfolios. Present volatility in individual portfolio return in this study
will depend on past news about volatilities in market return, other portfolio returns
as well as own return. Parameters in the matrix A will give us idea about such past
news or announcement impact on present volatility. A statistically significant a;;
will imply cross news effect that gauges the impact of past news impact of volatil-
ity in the ith sector on present volatility of the jth sector. Parameters in the matrix
B on the other hand will give us idea about past volatility impact on present vol-
atility. A statistically significant b;; will imply cross volatility effect that gauges
the impact of past volatility in the ith sector on present volatility of the jth sector.
Statistically significant a;; and b;;, however, will give us own past news impact and
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Table 2.4 Volatility transmission from market to individual portfolios

2 Greens—The Obvious Choice Over the Grays?

Past news impact on present volatility

Portfolios G25 G50 G75 Gray Green Market
G25 0.0361%*

G50 0.016 0.052%%*

G75 —0.001 0.0417%* 0.023

Gray 0.025%%* 0.013 0.017 0.030

Green —0.008 0.022 0.017 0.006 0.015

Market 0.005 0.052 0.041 —0.006 0.034 0.027
Past volatility impact on present volatility

G25 0.857*

G50 0.725% 0.578%*

G75 0.750* 0.584* 0.697*

Gray 0.876* 0.756* 0.756* 0.868*

Green 0.814* 0.803* 0.803* 0.879* 0.902*

Market 0.903* 0.890* 0.856* 0.904* 0.792%* 0.962*

*Implies significance at 1 % level
**Implies significance at 5 % level

own past volatility impact on present volatility. These measure, respectively, how
past news about a sector’s own return volatility and past volatility of a sector’s
own volatility will affect its present return volatility.

The study considers the five portfolios (one gray and four greens of different
extent) and the BSE SENSEX (the thirty-stock benchmark index in Indian mar-
ket) to estimate the multivariate generalized autoregressive conditional heteroske-
dasticity (MGARCH) model in its diagonal vector GARCH (VECH) version of
Bollerslev et al. (1988). The coefficients ajj, a;;, b;j, and b;; are then considered to
gauge the volatility impacts. Table 2.4 summarizes the results.

The past news impact of market volatility is not significantly affecting the
present return volatilities of individual portfolio returns. G25 and G50 portfolio
returns are, however, characterized by significant own past news impact on their
present volatility. The analysis of past volatility impact reveals significant observa-
tions. Coefficients of all own and cross volatility terms are statistically significant
and positive. Hence, present volatility of any portfolio return is significantly and
positively affected by past volatility in its own return, other portfolio returns as
well as the market returns. Own volatility impact is the strongest in the context of
the 100 % green portfolio and the weakest for the G50 portfolio. There has been
significant volatility transmission from the market to all the constructed portfolios.
As is evident from the values of b;; and bj;, the impact of market has been strong-
est on the gray portfolio, followed by G75, G50, and G25 portfolios. The impact
has been less robust on the 100 % green portfolio. This points out toward rela-
tively less market risk of green portfolios in comparison with their green portfo-
lios. Further, the more the extent of greenness in a portfolio, the lesser the degree
of volatility transmission from the market to it.
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2.3.2.2 Comparison of Market Risk of Portfolios: A Conditional
Correlation and Empirical Survivor Function Approach

Apart from the volatility transmission channel, the study considers the nature and
degree of association between individual portfolio returns and the market return. The
nature of such comovement over time could be best described using the conditional cor-
relation. Such conditional correlation shows the movement in correlation coefficients
between two asset returns over a period of study and hence is useful for assessing how
closely the asset returns vary over time with the movements in the market. Single value
of correlation coefficient, however, cannot capture the time-varying nature of such
movements. Conditional correlations between each of the five portfolio returns and the
BSE SENSEX (the thirty-stock benchmark index in Indian market) are estimated using
the multivariate generalized autoregressive conditional heteroskedasticity (MGARCH)
model in its diagonal vector GARCH (VECH) version of Bollerslev et al. (1988).

Figure 2.2 shows the conditional correlations of different portfolio returns with
the market. As is revealed, the conditional correlation between the returns of the gray
portfolio and the market is the highest over the study period. The conditional corre-
lation between the 100 % green portfolio return and the market return is significantly
lower. However, the relationships of the other green portfolio returns with those of
the market are not very clear from these movements in conditional correlations.

To analyze the movements in the conditional correlations in a better way, the
study now proceeds to consider the cycles in the conditional correlations using the
frequency (band-pass) filter method. The band-pass filter is a linear filter that takes
a two-sided weighted moving average of the data where cycles in a “band,” given
by a specified lower and upper bounds, are “passed” through, or extracted, and the
remaining cycles are “filtered” out. To employ a band-pass filter, we first choose
the range of durations (periodicities) to pass through. The range is described by a
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Fig. 2.2 Conditional correlation between portfolio returns and market returns
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pair of numbers, specified in units of the frequency of the chosen series. In some
cases, researchers may believe that a business cycle lasts somewhere from 1.5 to
8 years so that they intend to extract the cycles in this range. In case the researcher
is working with quarterly data, this range corresponds to a low duration of 6 and
an upper duration of 32 quarters. Since this study is based on daily data, the lower
and upper limits are 540 and 2880, respectively.

The various band-pass filters differ in the way that they compute the moving
average. The fixed-length symmetric filters employ a fixed lead/lag length. The
symmetric filters are time invariant since the moving average weights depend
only on the specified frequency band and do not use the data. There are two
forms of this method: One is due to Baxter—King (1999) (BK) and the second to
Christiano—Fitzgerald (2003). The two forms differ in the choice of objective func-
tion used to select the moving average weights. The full sample asymmetric is the
most general filter, where the weights on the leads and lags are allowed to differ.
The asymmetric filter is time-varying with the weights both depending on the data
and changing for each observation. The study uses this form of filter. The cycles of
conditional correlations are shown in the following diagram (Fig. 2.3).

As is evident from the graph of the cycle, the conditional correlations between
the market return and the 100 % green portfolio returns are close to zero and remain
at a very low level for almost over the entire study period. The cycle for the gray
portfolio shows its return to be significantly positively related to that of the market
return. As is evident from the cycles of the other mixed portfolios, increases in the
extent of greenness in the portfolio are associated with less conditional correlation
with market. Hence, the more green the portfolios, the less will be its market risk.

A comparison of the market risks of the different green and gray portfolios
could be better performed using the empirical survivor function (Wilson 1927;
Brown et al. 2001; Hyndman and Fan 1996) of the conditional correlation series.
The empirical survivor function (Sy(r)) of a series displays an estimate of the prob-
ability of observing a value at least as large as some specified value “r,” that is,
Sy(r) = P(x>r) =1 — Fy(r) where F(r) is the cumulative density function (CDF).
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Fig. 2.3 Conditional correlation cycle between portfolio returns and market returns
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Fig. 2.5 Empirical survivor function for conditional correlation (“G25” and market). *Probability
of getting positive conditional correlation: P(CCOR > 0) = 1

The study uses the Rankit method of computing CDF, where given a total number of
“n” observations, the CDF for value r is estimated as (r — Y2)/n. The following fig-
ures depict the empirical survivor functions related to different portfolios.

The empirical survivor function in this context gives the probability of getting a
specified value of conditional correlation or more. In order to have a lower market
risk, the conditional correlation should be either negative or zero. The probability
of getting a nonzero, positive conditional correlation should then be lower for a
portfolio with lower market risk (Figs. 2.4, 2.5, 2.6, 2.7, and 2.8).

The conditional correlation between the gray portfolio return and the market
return has always been positive. As it could be read from the graph, the probability
associated with zero conditional correlation happens to be equal to one. Hence, for
the gray portfolio return, possibility of getting positive correlation with the market
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Fig. 2.7 Empirical survivor function for conditional correlation (“G75” and market). *Probability
of getting positive conditional correlation: P(CCOR > 0) = 0.72

return is a certain event. This makes the portfolio risky in terms of non-diversifiable
market risk. When 25 % of this gray portfolio is replaced by green stock to form the
G25 portfolio, probability of getting positive conditional correlation with the mar-
ket remains at “one,” although the values of conditional correlation decrease. Thus,
as some gray is replaced by green, the non-diversifiable risk decreases, albeit mini-
mally. The non-diversifiable risk, however, decreases as one increase the extent of
“greenness” in the portfolios further. For the G50 and G75 portfolios, probabilities
of getting positive conditional correlation are 0.92 and 0.72, respectively. While
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the values of conditional correlation decrease consistently as we move from G50 to
G75, G75 offers more negative conditional correlation with the market. The 100 %
green portfolio has the minimum non-diversifiable risk in that its returns are mostly
negatively correlated with those of the market and have a moderate probability of
0.54 to have positive conditional correlation with market return. Hence, the green
portfolios win over their gray counterpart in terms of both the diversifiable and non-
diversifiable risks and the greener the portfolio, the lower the risk.

2.4 Are the Green Portfolios Inherently Unstable? A Look
into Possible Nonlinearity of Portfolio Returns

As mentioned earlier, one of the significant considerations of investors in a mar-
ket will be mitigation or at least reduction of the risk associated with the financial
asset returns. The source of this risk often lies in the volatility of the return, and such
volatility may be exogenous or endogenous in nature. A modern interdisciplinary
school of literature suggests financial markets to be characterized by nonlinear par-
ticularly chaotic dynamics. This has significant bearing on the investment decision
made by risk-averse investors. A chaotic system is essentially nonlinear, and the best
way to describe it is as a system that is deterministic but appears random. A chaotic
financial market is intrinsically erratic, characterized by no stable equilibrium. Any
deviation from the equilibrium will be self-correcting. Hence, volatility will gener-
ate endogenously and crashes will be more of a rule rather than aberration. Since
a chaotic series cannot be forecasted, policies to smooth out fluctuations are likely
to be ineffective. Hence, risk-averse investors will face problems in constructing
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optimum portfolios in a chaotic market. Endogenously generated volatilities in
asset returns and frequent crashes make the financial assets inherently risky. This
is particularly where the present study intervenes. It seeks to compare the green,
semi-green, and gray portfolios in terms of their intrinsic instability. Specifically, it
explores the possible chaotic nature of the constructed portfolios.

For a system to be chaotic, it must have certain specific characteristics. First,
it must be nonlinear, i.e., in a chaotic system, the time-dependent variables must
be related to each other in a nonlinear fashion. Second, it must be deterministic in
nature, i.e., the future states of the system are determined by the past events, and
therefore, although a chaotic system seems random, it is actually rather determin-
istic. Thirdly and most importantly, a chaotic system should be sensitive fo ini-
tial conditions. The third condition essentially means that very small changes in
the initial conditions can build up to significantly large changes in the system’s
trajectory which can lead to entirely different results. A chaotic system being a
nonlinear one, as iterations increase, the error in the system increases exponen-
tially. The error increases so rapidly that after only a small number of iterations,
it grows beyond 100 %. Another essential characteristic of a chaotic system is that
it continues to evolve with time and two points initially very close to each other
but on different trajectories tend to diverge away from each other fairly quickly.
Therefore, long-term predictions become very difficult.

If the portfolio return series turns out to be chaotic, it might provide an expla-
nation about the endogenous volatility and instability of the underlying series.
Lyapunov exponents in a dynamic system can give an idea about the extent of diver-
gence between two trajectories over time. If the maximum Lyapunov exponent of the
system is positive, then deterministic chaos in the system is conclusive. However, in
order to find maximum Lyapunov exponent, some essential tests are to be conducted.

2.4.1 Test for Nonlinearity: BDS Test

As discussed earlier, for a system to be chaotic, the first requirement is that it

needs to be nonlinear in nature. The BDS test developed by Brock et al. (1987) is

used to check for possible nonlinearity in the data. The null hypothesis associated

with BDS test is that the data are distributed independently and identically (iid).
The BDS test statistic is given by

Cm,g - Cm

Ve = NT 1.e 2.11)

>

Sm.,e
where

Ce correlation integral
m embedding dimension
T time
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Table 2.5 Results of BDS test on green and gray portfolio return series

BDS statistic
Dimension G25 G50 G75 Green Gray
2 0.008383* 0.007827* 0.012955* 0.029614* 0.018280*
3 0.014838* 0.017727* 0.025544* 0.057595* 0.029183*
4 0.021001* 0.022447* 0.031648* 0.076129* 0.033938*
5 0.024897* 0.024670* 0.034854* 0.086863* 0.037621*
6 0.026569* 0.025749* 0.035737* 0.089548* 0.038999*

*Implies significance at 1 % level of significance

Sme standard deviation of &/T (Cpe — C™.)
CY'. probability that any two m-dimensional points within a distance € of each
other, given x; are iid

m

" = Pr(b — x| < &) (2.12)

Vime converges in distribution to N(0, 1), i.e., V,, 4 N(0, 1) (Table 2.5).

The results from the above table suggest that the test statistics are all significant at
a strong 1 % level, and therefore, the null hypothesis of iid is rejected. However,
the rejection of the null hypothesis of iid is not conclusive to an underlying chaotic
behavior. There are four possible scenarios, which can lead to the non-iid nature
of the data, namely linear dependence, non-stationarity, nonlinear stochastic pro-
cesses, and nonlinear deterministic process (chaos).

As the portfolio return series is stationary in nature, the linear dependence can
be removed by suitable AR filtering. The optimum order of AR is determined by
minimum Akaike Information Criterion or AIC (Akaike 1974). However, even
after the data are passed through an AR filter, the remaining nonlinearity can
come from a stochastic (ARCH-type) model or from chaotic behavior. Therefore,
the AR-filtered series is filtered again by a suitable GARCH model. Finally, the
AR-GARCH-filtered series is used to test for deterministic chaos.

This study follows the methodology to detect possible chaotic behavior used by
Kodba et al. (2004) and Perc (2005). The methodology proposed by Kodba et al.
(2004) is explained in the following sections before going into the result and its
explanation. This methodology was applied earlier by the same authors in context
of other financial markets (Sarkar et al. 2013; Chakrabarti and Sen 2013).

2.4.2 The State Space Reconstruction

First, the state space reconstruction of the data is required as the underlying data are
not a state space object (Kantz and Schreiber 2004). The idea behind the state space
reconstruction is to replace every state variable with a lagged variable of itself. The
vector thus reconstructed will have the same intrinsic characteristics as the original
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state variables, given a large enough embedding dimension. Using Taken’s (1981)
embedding theorem, the original system’s attractor is reconstructed as follows:

p(l) = (yi7yi+‘[’yi+2‘f’ e ’yl'+(n’l*1)‘[)

One advantage of the state space reconstruction is that it can deal with a large
dimension and yet can be noise free.

The choice of optimum time delay t should be very carefully made. The time
delay should be large enough to make the set of information contained in y; and
yr+i distinguishably different, and at the same time, 7 should not be so large that
the system does not retain its memory of the initial states. In the next section, the
study discusses the methodology behind finding the optimum .

2.4.3 Mutual Information Criterion: Finding t

This study adopts the mutual information criteria (MIC) postulated by Fraser and
Sweeney (1986) to calculate the optimum t. This method measures the depend-
ence between two variables apart by a time delay 7. It is the information available
about the state y; . given y;.

To calculate the MIC, first the observations are arranged in ascending order and
t divided in & equal intervals. The MIC is expressed as follows:

i
Pp (1)
I(1) ==Y Pu(x)ln B.pe 2.13)
=1 k=1
where
Py, probability of the variable falling into the interval h
P probability of the variable falling into the interval k

Pni(7) joint probability of one variable falling into the interval 4 and another fall-
ing into the interval apart by a time delay t, given as h + .

The optimum time delayt can be calculated from the first minima of (7).
Because, in a chaotic system, as T — 00, I (t) — 0 as the correlation between yj,
and y becomes negligible. At the first minima, y;;, adds the most to the available
information from y; without losing the correlation between them completely.

Once the optimum time delay is calculated, the appropriate embedding dimen-
sion needs to be determined.

2.4.4 False Nearest Neighborhood: Decide the Optimal m

The optimum embedding dimension is calculated using the method of false nearest
neighborhood (FNN) developed by Kennel et al. (1992). According to this model, for
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an optimum embedding dimension m, the reconstructed delay space has to be topo-
logically consistent with the original state space. Therefore, two points a and b in the
“neighborhood,” i.e., infinitesimally close to each other, will remain close neighbors
if even after a short forward iteration, they do not diverge away from each other.
However, if the two points diverge away from each other beyond a particular threshold,
they are considered to be false nearest neighbors of each other. Choice of the optimum
embedding dimension should be made carefully as an embedding dimension too small
would cause two points to appear in the neighborhood while actually they are not.

Let 7(a) be a point on an m-dimensional reconstructed space with a nearest
neighbor p(b). If r is the Euclidean distance between two points defined as

r(m) = |lya(m) — yp(m)] (2.14)

Then, for nearest neighbors, the distance r is minimized. Next, the system is iter-
ated for a bigger dimension to check whether r is still minimized. The embedding
dimension is increased by one so that

rim+1) = |lya(m+1) —yp(m + D] (2.15)

If 7(i) is a false nearest neighbor of 7(j), then r(m + 1) will not be minimized.
This is characterized by the change of distance between the two points being
larger than an acceptable threshold level when the embedding dimension increased
from d to d + 1. This can be expressed as follows:

[Yatrme — )’b+mr|

= >R (2.16)

where R; is the distance ratio threshold. m must be chosen such that the percentage
of false nearest neighbors in the data falls to zero. The choice of R, needs to be made
carefully (Rhode and Morari 1997), as too small a R; will not cause the FNN to drop
to zero at the correct embedding dimension. And too large a R; tends to accept a
lower embedding dimension than actual. However, according to Kennel (1992),
R, = 10 proves to be a good choice in most of the cases. However, although the FNN
is a widely used process, it is still not robust in the presence of noise.

2.4.5 Determinism Test

Once the embedding delay and the embedding dimension are calculated, the under-
lying series are tested for determinism, in order to understand whether the data are
truly chaotic or a random one that apparently looks like chaotic. Kaplan and Glass
(1992) proposed an effective technique to check determinism. Firstly, the attractor
is plotted in a x(f) versus x(t — 7) space. Then, the phase space is coarse-grained
into g x g grids. The attractor passes through each grid. A directional vector of unit
length, known as the trajectory vector, is assigned to each grid that corresponds to
the portion of attractor in it. If ¢; be the unit vector passing through each box, then
the resultant vector Vi from all the vector passes is just a simple average given by
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1
Vi=— e (2.17)

where Py is the number of passes through the kth grid.

If the system is deterministic in nature, the phase space offers a unique solution,
i.e., the trajectories inside the grid must never cross. On the other hand for a stochastic
system, the trajectories inside the grid cross each other. For a deterministic system, Vi
is of unit length, and for stochastic systems, value of Vj is significantly lower than 1.

2.4.6 Maximum Lyapunov Exponent

Lyapunov exponent (A) measures the degree of separation between infinitesimally
close trajectories in phase space. As discussed earlier, in a chaotic system, the
trajectories diverge in time as the system is time dependent and sensitive to ini-
tial conditions. For an m-dimensional system, there will be m different Lyapunov
exponents. However, the most important would be the maximum Lyapunov expo-
nent (Amax)- For a Apax > 0, the system would be chaotic and the close trajecto-
ries will eventually diverge in state space.

This study uses the method of calculation of Apax proposed by Wolf et al. (1985).
First, an initial point 7r(0) is chosen with a nearest neighbor, a point very close to it.
The distance between these two points is considered to be Dy. Next, the two points
are iterated forward by time feyoly (equal to 7) and the distance after the iteration is
noted (Deyolv)- If Levoly > Lo, then the system is chaotic as the trajectories diverge in
time. The value of 7o}y has to be less than mt, as a larger value will underestimate
the value of Ap,x. At the end of first iteration, a replacement is done to choose a new
nearest neighbor for the evolved 7(0). This process continues till 7(0) reaches the
end of the series. Maximum Lyapunov exponent can be presented as follows:

1 M (@)
Amax = o 2.18
e Miteyoly i—0 D(()l) ( )

The results found using the above methodology are summarized below (Table 2.6).

The exploration into possible chaotic nature of portfolio returns reveals interest-
ing results. All the portfolio returns are deterministic among which the green and
gray portfolio returns are chaotic with the green portfolio return series being more
chaotic than its gray counterpart. The semi-green portfolios, however, are non-
chaotic in nature. Hence, the green and the gray portfolio returns are inherently
unstable, and volatility is endogenous to these systems. This may disappoint the risk-
averse investors who tend to choose between hundred percent green and hundred
percent grays. The market, however, offers some scope for diversification. Given the
fact that semi-green portfolios are non-chaotic, a proper combination of greens and
grays could help investors avoid the intrinsic risk of investment in the market.
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Table 2.6 Detection of possible chaos in green and gray portfolio return series

Portfolios

Green G25 G50 G75 Gray
7 (Emb. delay) 1 1 1 1 3
Shannon entropy 2.13 3.75 3.71 3.79 3.66
m (Emb. dimension) 6 4 4 3 3
Determinism 0.6003 0.5255 0.8833 0.8713 0.6703
Maximum Lyapunov 0.4002 —1.1037 —0.9045 —0.1622 0.3440

While portfolio returns particularly the green returns are chaotic and hence
inherently unstable, it would be very difficult for risk-averse investors to protect
themselves against volatility that generates endogenously in a financial market. As
discussed earlier, in a chaotic financial market, cycles and crashes will be ruled
rather than aberration. Therefore, apart from choosing a portfolio that gives lower
systematic and non-systematic risks, any rational investor will seek to pick up one
that could sustain financial stress imposed by the cycles of the economy. Investors
could easily be induced to follow a less-carbon investment path even if the intrin-
sically unstable green portfolios could survive economic crises in a more effective
way than their gray counterparts. The case for preaching green investment might
be even stronger if increased greenness of portfolios could improve the probability
of surviving economic crisis.

2.5 How Shockproof the Green Portfolios Are: A Survival
Analysis

In traditional scenario or sensitivity portfolio analyses, either the analysts start
from a subjective definition of optimistic/pessimistic states or the scenarios are
exogenously given to them. Portfolio performances over the different scenarios or
states of nature are then compared to explore the possible sensitivity and sustain-
ability of these financial assets to the shocks to the system. There is an alternative
school of thought that deviates from this traditional sensitivity analysis in that it
neither considers financial crises to be exogenously given nor does it define cri-
sis subjectively. Rather, it believes that stress depends on intrinsic vulnerability of
a structure and it is a force exerted on by uncertainty and changing expectations
of loss in financial markets. It is a continuous variable with a spectrum of val-
ues, where extreme values are called financial crises (Illing and Liu 2003). Hence,
it concedes that it must be the performance of the asset itself, from where infor-
mation should be extracted regarding the potential stresses that this asset might
face, the asset’s susceptibility to such stresses and its potential to survive or endure
them. This study analyzes the potential for green portfolios to avoid financial
stress following the traditional sensitivity analysis as well as the alternative school
of survival analysis.
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Fig. 2.9 Movements in BSE SENSEX in recent years

2.5.1 Potential of the Green Portfolios to Survive Financial
Crisis: A Scenario Analysis

In a scenario analysis, some crisis periods are exogenously chosen to explore the sen-
sitivity or otherwise of different financial assets to such crises. This study selects the
recent global financial meltdown of 2007-2008 and its aftermath as the two scenar-
ios. The two scenarios are chosen on the basis of stock price movements in the Indian
market. Figure 2.9 shows the movements in BSE SENSEX over the recent years.
Starting from May 2008, the market suffered a crisis until March 2009. There has
been a recovery in the market since then that continued till December 2010. Hence,
the study considers the following two scenarios: (i) scenario I: the period of turmoil
or crisis and (ii) scenario II: the period of recovery. The period that immediately fol-
lows scenario II is the period of analysis chosen by this study. Scenario I starts from
May 2008 (and unfortunately misses the full essence of the crisis that initiated in
India in January 2008) as the BSE GREENEX does not have data prior to May 2008.

The performance of the constructed five (one gray, one green, and three mixed)
portfolios is examined and compared over these scenarios on the basis of returns
as well as risks. The methodology is simple. Using the past price data, portfolio
return and risk (given by variance) are constructed for each of these scenarios.
The weights given to green and gray stocks to construct portfolios are the same as
those used in the current period. Changing portfolio weights will not be commen-
surate with the traditional scenario analysis.

2.5.1.1 Performance of Green, Semi-green, and Gray Portfolios
in Scenario I

The risk-adjusted return series are constructed using the portfolio returns, condi-
tional variability, and risk-free treasury bill rates. Figure 2.10 shows the movements
in risk-adjusted return in scenario I. However, the figure is not sufficient to conclude
anything regarding the dominance of green portfolios over the gray one.
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The study is then extended to explore the possible stochastic dominance of one
portfolio return over the others. The results of running quartile regression (using
the methodology of Sect. 2.3.1) are shown in Table 2.7.

Over the crisis period, the green portfolio returns stochastically dominate the
returns of the gray and other semi-green portfolios. The dominance over the gray
has been the maximum, as is evident from the values of l;(r) followed by the
dominance over G75, G50, and G25. Thus, during a crisis, it is the 100 % green
portfolio that dominates all others. However, a portfolio which is less than 100 %
green is not able to outperform the gray or even the other semi-green portfolios.
This is evident from the result that none of the G25, G50, or G75 portfolios could

Table 2.7 Stochastic dominance for portfolio risk-adjusted return—scenario I

Portfolio 1 Portfolio 2 b(z) Conclusion

100 % green over the rest

Green Gray 85.88%* Green stochastically dominates gray
Green G25 84.01* Green stochastically dominates G25
Green G50 67.20* Green stochastically dominates G50
Green G75 66.73* Green stochastically dominates G75
Semi-green over the gray

G75 Gray —-1.79 G75 does not stochastically dominate gray
G50 Gray 16.12 G50 does not stochastically dominate gray
G25 Gray 18.14 G25 does not stochastically dominate gray

Semi-green over the other semi-greens

G75 G50 —18.51 G75 does not stochastically dominate G50
G75 G25 —18.99 G75 does not stochastically dominate G25
G50 G25 2.08 G50 does not stochastically dominate G25

*Implies significance at 1 % level
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Table 2.8 Volatility ‘Market |G25 |G50 |G75 |Green |Gray
transmission from market to

portfolio returns—scenario I

Past news (own and cross) impact on present volatility

Market |0.10%* |—0.04 002 [0.00 |—0.07 |0.11%*
Past volatility (own and cross) impact on present volatility
Market | 0.84* [0.95% [091* |0.83* [0.77 |0.80*

*Implies significance at 1 % level
**Implies significance at 5 % level

stochastically dominate the gray. Given a choice among all semi-green portfolios,
none is better than other. While G75 cannot stochastically dominate either G50
or G25, G25 is not dominated by G50. Hence, over a crisis period, it is a choice
between all-green and all-gray. There is no middle path to follow. Any portfolio
that mixes green with gray will be dominated by the all-green, and these cannot
dominate the gray. Moreover, an increase in the extent of greenness is not helpful
for the investors to fetch significantly higher risk-adjusted return. Hence, it is the
100 % green portfolio that could sustain the exogenously given financial crises in
the economy.

The degree and extent of comovement between green and gray portfolio returns
with that of the market in scenario I could now be analyzed in terms of volatil-
ity transmission and nature of conditional correlations. Estimation of suitable
MVGARCH model (following methodology of Sect. 2.3.2) reveals the results
depicted in Table 2.8.

So far as the news impact on present volatility is concerned, past news about
market volatility is significantly and positively affecting the present volatility in
the gray portfolio return and in the market itself. The effect on gray portfolio is
more or less similar to that on the market itself. Hence, the gray closely resembles
the market. Other green portfolios are not at all affected by past news impact in
the market. The past volatility impacts on present volatility, however, are stronger
than the past news impact, and such impacts are significantly positive for all port-
folios except the 100 % green portfolio. Hence, past volatility in the market is sig-
nificantly increasing present volatility in the gray and semi-green portfolios. As
is revealed by the b;; coefficients, the semi-green portfolios are worse affected
than the gray one. Therefore, in a crisis period, it is the green that should be the
optimum choice of the risk-averse investor. While other semi-green portfolios are
not affected by past news impact from the market, these portfolio returns became
excessively volatile when the market had remained volatile in the past. The result
reinforces the previous finding. There are significant volatility transmissions from
the market to the gray and semi-green portfolios in a crisis period such as that
depicted by scenario I. Hence, it pays only when investors opt for hundred percent
green portfolios. Mixing of green with gray, however, is not profitable.

The results are reaffirmed when we resort to an analysis of the conditional cor-
relation between market and individual portfolio returns. This section makes use
of the empirical survivor function following the methodology of Sect. 2.3.2.2. The
empirical survivor functions are depicted in the following Fig. 2.11.
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Fig. 2.11 Empirical survivor function for conditional correlation. a Gray and market [prob
(CCOR > 0) = 0.39]. b G25 and market [prob (CCOR > 0) = 0.38]. ¢ G50 and market [prob
(CCOR > 0) = 0.38]. d G75 and market [prob (CCOR > 0) = 0.03]. e Green and market [prob
(CCOR > 0) = 0.00]

The empirical survivor function shows negative correlation between market and
gray portfolio returns for a sufficiently long range. There is, however, a range where
this correlation turns out to be positive. The probability of getting positive condi-
tional correlation between market return and gray portfolio return remains at 0.39.

G25 portfolio returns are significantly positively correlated with market return for
a wide range of probabilities. The probability of getting strictly positive conditional
correlation with market is 0.38 which is slightly lower than the probability of getting
positive conditional correlation between gray return and the market return.

Like the G25 portfolio, G50 portfolio returns are significantly positively cor-
related with market return for a wide range of probabilities. The probability
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of getting strictly positive conditional correlation with market is 0.38 which is
slightly lower than the probability of getting positive conditional correlation
between gray return and the market return and is similar to that obtained for G25
portfolio.

Unlike the G25 and G50 portfolios, G75 portfolio returns are significantly nega-
tively correlated with market return for a wide range of probabilities. The probability
of getting strictly positive conditional correlation with market is only 0.03 which is sig-
nificantly lower than the probability of getting positive conditional correlation between
the market return and the individual gray and other semi-green portfolio returns.

Unlike the gray and the other semi-green portfolios, 100 % green portfolio
returns are always negatively correlated with market return. The fact that the green
portfolio returns are never positively associated with the market return makes it
least vulnerable with respect to the market movements. The green portfolio returns
are always moving in the opposite direction of the market even during a period of
crisis, thus offering maximum possibility of and gains from diversification.

Thus, in scenario I which has been the period of global financial meltdown, the
hundred percent green portfolio becomes the obvious choice of the risk-averse inves-
tors. This portfolio dominates all the other gray and semi-green portfolios in terms
of risk-adjusted return and gains from diversification. However, the choice remains
only between green and gray; semi-green portfolios cannot win over the gray.

The study now proceeds to consider the performances of the constructed port-
folios over scenario II. The period, extended from April 2009 to December 2010,
is the period of recovery in the market. The following section replicates the meth-
odologies of Sect. 5.1.2 and reports and compares the results.

2.5.1.2 Performance of Green, Semi-green, and Gray Portfolios
in Scenario IT

The movements in the risk-adjusted returns of the constructed portfolios in sce-
nario II are depicted in Fig. 2.12.

The market offers average risk-adjusted returns, while G75 and green portfo-
lios offer highest risk-adjusted returns. Gray returns are comparatively lower.
However, the figure is not sufficient to compare the portfolio returns properly. That
is why this section replicates the other methods of comparing portfolio perfor-
mances that have been used in the earlier section to delve into the optimum choice
of the risk-averse investor in scenario II.

Table 2.9 shows the results of quantile regression for scenario II to explore
whether portfolios could possibly stochastically dominate one another in terms of
their risk-adjusted returns.

The period of recovery offers an interesting scope for diversification. While all
the green and semi-green portfolios dominate the gray, green portfolio cannot domi-
nate (and nor is dominated by) the two other semi-green portfolios, namely the
G25 and G50 portfolios. The G75 portfolio that is constituted of 75 % of best green
stocks and 25 % of best gray stocks performs best in scenario II. G75 dominates all
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Fig. 2.12 Movements in portfolio risk-adjusted return—scenario II
Table 2.9 Stochastic dominance for portfolio risk-adjusted return—scenario II
Portfolio 1 Portfolio 2 B(f) Conclusion
100 % green over the rest
Green Gray 233.87* Green stochastically dominates gray
Green G25 —0.36 Green does not stochastically dominate G25
Green G50 9.63 Green does not stochastically dominate G50
Green G75 —199.72 Green is stochastically dominated by G75
Semi-green over the gray
G75 Gray 40.48%* G75 stochastically dominates gray
G50 Gray 28.30* G50 stochastically dominates gray
G25 Gray 35.78%* G25 stochastically dominates gray
Semi-green over the other semi-greens
G75 G50 208.48%* G75 stochastically dominates G50
G75 G25 200.82%* G75 stochastically dominates G25
G50 G25 —7.66 G50 does not stochastically dominates G25

*Implies significance at 1 % level

the other semi-green, the gray, and even the hundred percent green portfolio. Thus,
in scenario II, green becomes the obvious choice. But the investors have more profit-
able opportunity for diversification. A completely green portfolio is dominated by
another, which is constructed by a combination of gray and green. The choice of
stocks in the optimum portfolio, however, is biased toward green.

The degree and extent of comovement between green and gray portfolio returns
with that of the market in scenario II could now be analyzed in terms of volatil-
ity transmission and nature of conditional correlations. Estimation of suitable
MVGARCH model (following methodology of Sect. 2.3.2) reveals the results
depicted in Table 2.10.

The nature of volatility transmission in the recovery period is different from
what we observed for scenario I. In scenario II, there has been no past news
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Table 2.10 Volatility 'G25 |G50 | G75 |Green Gray | Market
transmission from market to

portfolio returns—scenario 11

Past news (own and cross) impact on present volatility

Market | 0.014 | —0.013 |0.003 |0.027 | —0.035 | —0.0005
Past volatility (own and cross) impact on present volatility
Market |0.90% [0.70  [0.65 |0.07 |0.97* |1.00*

*Implies significance at 1 % level
**Implies significance at 5 % level

impact about market volatility on the green and semi-green portfolios. The nature
of the effect of past volatility on present volatility, however, is different. Present
level of the gray portfolio volatility is significantly and positively related to past
volatility in the market. That is, a volatile market will significantly transmit its
volatility to the gray portfolio. Similarly, the G25 portfolio that contains the 25 %
green stocks is affected by market volatility. Hence, during the recovery period,
the green and semi-greens become the obvious choice of any risk-averse investor.
So far as the semi-green portfolios are concerned, portfolios containing relatively
more green (such as G50 or G75) than G25 are completely decoupled of market
movements.

The results are once again validated when we resort to an analysis of the con-
ditional correlation between market and individual portfolio returns. This sec-
tion makes use of the empirical survivor function following the methodology of
Sect. 2.3.3. The empirical survivor functions are depicted in the following Fig. 2.13.

In scenario II (the recovery period), the gray and green portfolios have shown
positive and negative conditional correlation with market returns. The green port-
folio offers the lowest probability of having positive conditional correlation, fol-
lowed by G75, G50, and G25. The gray portfolio shows the maximum probability
of having positive conditional correlation with the market.

The scenario analysis thus reveals interesting features of green, semi-green,
and gray portfolios. Green portfolio establishes itself as the obvious choice of the
investors as it could significantly avoid the market risks generated by the cycles of
the economy. Semi-green portfolios can win over the gray only when the economy
pulls it out of the recession. However, during recovery, portfolio with very little
amount of green stock in it (G25) cannot dominate the gray portfolio in the sense
that both are strongly associated with the market. But given a choice between G25
and gray, the investors would favor the G25 as it is less closely associated with the
market compared to the 100 % gray portfolio. The gray portfolio thus has always
been dominated by the green and occasionally by the semi-green portfolios.
Hence, the following less-carbon investment path becomes the obvious choice of
the investors in the Indian market.

In traditional scenario or sensitivity analyses, either the analysts start from a sub-
jective definition of optimistic/pessimistic states or the scenarios are exogenously
given to them. Portfolio performances over the different scenarios are then com-
pared to explore the possible sensitivity of the financial assets to the shocks to the
system. This study starts from the traditional sensitivity analysis where it considers
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financial crises to be exogenously given and defines crisis subjectively on the basis
of movement in the benchmark index in Indian stock market. However, it extends
itself to a survival analysis where researchers believe that stress depends on intrin-
sic vulnerability of a structure and it is a force exerted on by uncertainty and chang-
ing expectations of loss in financial markets. It is a continuous variable with a
spectrum of values, where extreme values are called financial crises (Illing and Liu
2003). Hence, it concedes that it must be the performance of the asset itself, from
where information should be extracted regarding the potential stresses that this
asset might face, the asset’s susceptibility to such stresses and its potential to sur-

vive or endure them.
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2.5.2 Potential of the Green Portfolios to Survive Financial
Crisis: A Survival Analysis Using Stress Index

The survival analysis is widely used in predicting business failure of corporate firms.
Studies by Thomas et al. (1999), Narain (1992), Cooper and Martin (1996), Lando
(1997), and Jarrow and Turnbull (2000) are noteworthy in the context of predicting
crisis in financial markets. However, studies are really rare that use survival analysis
in evaluating portfolio performances.

Survival analysis involves two functions, namely the survivor function and hazard
function. The survival function, S(7), gives the probability that the time until an agent
experiences the event, 7, is greater than a given time ¢. Given that 7 is a random vari-
able which defines the event time for some particular observation, then the survival
function is defined as follows:

S(t) = Pr(T > 1) (2.19)

Obviously, S(7) is a decreasing right-continuous function of ¢ with S(0) = 1 and
tlim S(t) = 0 (Kalbeisch and Prentice 2002).
— 00

The hazard function defines the instantaneous risk that an event will occur at
time ¢, given that the firm survives to time ¢. The hazard function is also known as
the “hazard rate” because it is a dimensional quantity that has the form of number
of events per interval of time. The hazard function is defined as follows:

Pr(t<T <t+ At|]T = 1)
At

There are three different techniques in survival analysis for constructing survival
analysis models including nonparametric, semi-parametric, and parametric tech-
niques. Nonparametric models are useful for preliminary analysis of survival data
and for estimating and comparing survivor function. One such technique is the
Kaplan—Meier (1958) method that has been used in this study.

In order to show how the portfolios could survive financial stress, the study
constructs stress index for each of the green and gray portfolios. We concede that
stress depends on intrinsic vulnerability of a structure as well as on the external
factors. A shock pushed into a system will transform itself into a stress and then
to a crisis if the system is intrinsically unstable or fragile. Traditional literature
describes a financial system as fragile or intrinsically unstable by the weaknesses
in financial conditions and/or in the structure of the financial system. The size of
the shock and the interaction between financial system fragilities determine the
level of stress. Illing and Liu (2003) considered the mechanism of shock transmis-
sion through a simple diagram.

h(t) = li
= fim, 220
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In literature, some stress indexes are available for the equity markets. This
study follows the approach of Patel and Sarkar (1998) and of Vila (2000) with
some modification to identify crises in the context of the constructed portfolios.
Patel and Sarkar (1998) identified crisis in eight developed and fourteen emerging
markets using the CMAX method which is a hybrid volatility loss measure. The
CMAX method constructs the stress index as follows:

CMAX = X;/max[X € (X,_jlj = 0,1,...,T)]

.

CRIS

L

where X, is the stock index. The moving window is determined by 7, and it is usu-
ally one to two years. Hence, CMAX compares the current value of a variable
with its maximum value over the previous 7 periods. Vila (2000) used this method
to identify periods of slide in the stock market. The trigger level is considered at
either 1.5 or 2 standard deviations below the mean of the series.

This study defines stress in portfolio return in terms of the market as well as
the portfolio itself. Hence, we consider two stress indexes: (i) STRESSMARKET: an
index which shows whether a portfolio is in stress in terms of the market and (ii)
STRESSown: an index which shows whether the portfolio is in stress in terms of
its own performance. The two indexes are constructed as follows:

STRESSMaRkET: A portfolio is considered to be in crisis if it offers a return
which is below 1.5 or 2 standard deviations of the past mean return in the market
index. The stress index thus is same as a volatility loss measure and is constructed
as follows:

STRESSmarkeT = (PF_return),/max [market_return € (market_return),,jU =0,1,...,T]

2.21)

where BSE SENSEX, the thirty-stock benchmark index of Indian economy, is
taken as the proxy for the market.

The index compares the current value of a portfolio return with the maximum
market return over the previous 7 periods (7' = 1 year). The portfolio is in stress,
if STRESS is less than 2 standard deviations below the mean of the market return.
In that case, the current return of the portfolio in proportion to market return falls
significantly below the historical market return.

STRESSown: This index defines crisis as a situation when a portfolio offers
a return which is 1.5 or 2 standard deviations below the past mean return of the
same portfolio. The stress index thus is once again similar to a volatility loss
measure and is constructed as follows:
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STRESSown for PF i’ =(PF;_return), /max

2.22
[PF;_return € (PF;_return),_;|j =0,1,...,T] ( )

This index compares the current value of a portfolio return with the maximum return
of the same portfolio over the previous T periods (T = 1 year). The portfolio is in
stress in terms of its own past performance, if STRESSown is less than 2 standard
deviations below its own past mean return. In that case, the current return of the
portfolio in proportion to its own return falls significantly below its historical return.
The study now explores the periods of crisis for different portfolios using the
STRESS indexes and tries to comment on the probability of each portfolio to sur-
vive the stress. The nature and the trends in the survival and hazard ratios for the
green and gray portfolios are identical in terms of the two indexes. Hence, the
study reports figures depicting survival probabilities and hazard ratios only once.
As is suggested by the figures, all the green portfolios have higher probability
of surviving stress and lower hazard ratios compared to the gray one. Figure 2.14
shows the survival probabilities of different portfolios along with their trends, and
Fig. 2.15 shows the hazard ratio lines for all the green and gray portfolios along
with the respective trend lines of hazard. The gray portfolio has the maximum haz-
ard ratio, followed by the G25, G50, and G75 portfolios. The trend hazard line for
the 100 % green portfolio coincides with that of the G75 portfolio. On the other
hand, the gray portfolio has the lowest probability of surviving financial stress,
followed by G25, G50, and G75 portfolios. The probability of survival for the
100 % green portfolio once again coincides with that of the G75 portfolio. Thus,
the green portfolios are intrinsically stronger than the gray portfolio in the sense
that the greens could survive and endure stress in a better way. Moreover, the more
green the portfolio, the stronger it is so far as surviving stress is concerned. There
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Fig. 2.14 Survival functions for the green and gray portfolios
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Fig. 2.15 Hazard ratios for the green and gray portfolios

is, however, one exception. The G75 portfolio, which is 75 % green, has the same
survival probability and hazard ratio as the 100 % green portfolio. Thus, there
might be a critical extent of “greenness,” beyond which adding more green stocks
in the portfolio does not improve the probability of surviving stress. This, how-
ever, does not mean that the 100 % green portfolio would be dominated by the
G75. Investors still have an incentive to choose the global minimum variance “all-
green” portfolio as it stochastically dominates G75 in terms of risk-adjusted return
and has the lowest probability of offering positive conditional correlation with the
market return.

While green portfolios could survive crisis originating from the market and
from within itself, analysts may raise a pertinent issue, namely what affects the
probability of surviving crisis? Is it mere sound company fundamentals or are
there some other factors related to the intrinsic nature of the stocks constituting the
portfolios? The study now delves deeper to explore factors that could yield protec-
tion against failure for the firms.

2.6 Factors Affecting Financial Stress: Greens Versus
Grays

In the traditional literature, business failure prediction models make use of vari-
ous statistical techniques in an attempt to estimate the bankruptcy probability of
a firm using a set of covariates such as financial ratios and market-related vari-
ables (Beaver 1966; Altman 1968; Ohlson 1980; Zmijewski 1984; Whalen 1991;
Laitinen and Luoma 1991; Shumway 2001; Chava and Jarrow 2004; Laitinen
2005; Jaggia and Thosar 2005; Gepp and Kumar 2008).
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This section considers individual stocks constituting the green, semi-green, and gray
portfolios, rather than the portfolios themselves, and explores possible factors affecting
the probability of avoiding crisis for such stocks. The exploration is difficult to be con-
sidered at the portfolio level as it would be rather injudicious to define fundamental or
financial ratios for portfolios. Hence, the study starts from a firm-level analysis where
the probability of avoiding crisis for these firms is anticipated to depend on several
covariates. While some of these covariates would be related to the company fundamen-
tals and the market, the rest would reflect the intrinsic nature of the stock concerned.

As is mentioned earlier, the study selected twenty-five green and twenty-five
gray stocks to construct green, semi-green, and gray portfolios. This section con-
siders a combined group of these fifty-two stocks and constructs the stress indexes
(STRESSmarkEeT as well as STRESSown) for each of these on the basis of their
past prices. The stress indexes are then used to define crisis and tranquil periods
for each of these firms.

The dependent variable (Y) in the defined model then denotes the bankruptcy or
otherwise of the firm. It is a dichotomous variable defined as follows:

(2.23)

_J 1 if the firm is in crisis
| 0 otherwise

The study uses a Probit model that takes the form:
Pr(Y =11X) = qb(X/,B) (2.24)

Hence, the probability of being affected by crisis for a firm depends on a vector
of regressors X that constituted of some factors that are assumed to influence the
response variable Y. The parameters B are estimated by maximum likelihood. The
traditional literature suggests few financial indicators that an investor will take into
account while taking investment decisions. These financial ratios indicate a firm’s
financial health and its ability to fetch high return. The vector of regressors used in
the study includes the following:

1. Variables related to company fundamentals:

i. Net profit margin in percentage defined as profit after tax as a percentage
of total operating revenue. This financial ratio is an indicator of perfor-
mance of a firm;

ii.  Dividend per share defined as the dividends paid per unit of number of
shares outstanding. This ratio indicates the payout policy of the firm and
is relevant for the investors in calculating gains from investment;

iii.  Percentage growth rate in earning per share defined as the compound annual
growth rate in EPS. This ratio measures the actual growth of the firm;

iv.  Current ratio defined as current asset in proportion to current liability.
The ratio measures the short-term solvency or liquidity of the firm;

v.  Debt equity ratio defined as total debt in proportion to total equity indi-
cates the leverage and hence the risk of the firm;

vi.  Financial charge coverage ratio is an indicator in the area of coverage
and measures the firm’s ability to meet financial obligations;



2.6 Factors Affecting Financial Stress: Greens Versus Grays 53

vii.  Asset turnover ratio defined as total operating revenue generated per unit of
asset of the firm indicates its efficiency to select and utilize assets;

viii. Retention ratio measures the proportion of net profit that is not distrib-
uted as dividends and reflects the firm’s perceived investment and growth
opportunity on the assumption that earnings retained will be invested in a
profitable venture.

2. Variables related to market:

i.  Average conditional correlation of a stock’s return with the market
return is a variable related to market that measures the degree of time-
varying association of a particular stock’s return with the market move-
ment. This measures the extent of market risk.

3. Variables related to the intrinsic nature of the stock:

i.  Risk-adjusted return measures the return that could be enjoyed over the
risk-free rate after adjusting for the unique risk;

ii.  The extent of greenness of a stock is measured by a dichotomous vari-
able that takes up the value 1 if the stock is green and is zero otherwise.

The study will consider two variations of the model. First, it would consider the
factors affecting the probability of crisis using the STRESSown index to get an
idea regarding the determinants of crisis where crisis is defined in terms of the
stocks’ own historical return. The same exercise will then be replicated using the
STRESSmarkeT index to gauge influence of different factors on the probability of
crisis where crisis is defined in terms of the market’s historical return. We summa-
rize the main results in this section. The detailed results are depicted in Tables A.1
and A.2 in Appendix.

As is suggested by the LR statistic, the model is a good fit. When crisis is defined
in terms of the stock’s own historical return, the variables that could affect the prob-
ability of crisis are current ratio, net profit margin, retention ratio, and the dummy
variable “green” that checks whether the stock in question is a green stock. The
coefficients of each of these variables are significantly negative, implying a reduc-
tion in the probability of facing crisis with an increase in these variables. Out of
these, the first three are related to the company fundamentals and its financial health.
An increase in firm’s short-term liquidity given by the increased current ratio will
tend to reduce the probability of its stock to face crisis. The increased profitability
of the firm and enhanced potential growth opportunity are also important factors in
lowering the probability of crisis. More importantly, there is a single intrinsic nature
of the stock, namely the extent of its greenness that is affecting the probability of
crisis effectively. Increased greenness is lowering the probability of crisis. While
the probability of crisis is being affected by short-term factors implying the myopic
nature of the market, green stocks remain the obvious choice.

The results are modified when crisis is defined in terms of the historical returns
in the market. The company fundamentals except for the current ratio cannot sig-
nificantly affect the probability of crisis. The conditional correlation with the mar-
ket and greenness, however, can significantly influence the probability of crisis.
The probability of facing a crisis decreases significantly with an increase in
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liquidity, reduction in the degree of association with the market, and an increase in
greenness of the particular stock in question.

Hence, stocks with high short-term liquidity, high profitability, and high per-
ceived growth opportunity can avoid a crisis when it generates endogenously.
However, company fundamentals have very limited role to play in the context of
market risk. It is the liquidity and the lower degree of association with the mar-
ket that could save the firms when crisis generates from within the market. The
greens, however, remains the choice of the day. A green stock is always able to
avoid crisis, be it generated exogenously or endogenously.

The study further uses the probability response curves to judge the effective-
ness of greenness in influencing the change in the probability of avoiding crisis
with change in the significant explanatory variables. The study considers how the
probabilities of avoiding crisis for green and gray stocks differ for different values
of retention ratio, net profit margin, and own stress index.

Figure 2.16 depicts the effect of greenness of stocks on the probability of suf-
fering from crisis (when crisis generates endogenously) for various values of the
stocks’ net profitability margin. As the net profit margin or profitability of the firm
increases, the probability of suffering from crisis for the green stocks falls signifi-
cantly and gradually below the corresponding probabilities of the gray stocks. The
gray stocks’ probability of avoiding crisis, however, does not depend significantly
on their profitability and remain at significantly higher level compared to that for
the green stocks.

To establish further the greater impact of greenness on avoiding the probability
of crisis, the study now considers the change in probability of crisis with respect to
change in potential investment opportunity given by the retention ratio.

Figure 2.17 depicts the differential impact of greenness on the probability of
crisis for different values of investment opportunity. Once again, the probability of
suffering from crisis is more or less independent of changes in retention ratio for
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—— probability of avoiding crisis if all stocks are grey

08 -
Probability of crisis
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Fig. 2.16 Probability response curves for greens and grays with respect to NPM (crisis gener-
ates endogenously)
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Fig. 2.17 Probability response curves for greens and grays with respect to retention ratio (crisis
generates endogenously)

the gray stocks. The green stocks, however, have much lower probabilities of suf-
fering crisis compared to their gray counterparts.

Similar results are obtained but with some exception when probability of suf-
fering crisis for both types of stocks is analyzed with respect to changes in their
own stress index. For lower values of stress index, the probability of crisis is sig-
nificantly lower for the green stocks. However, there is a threshold level of shock
beyond which the probabilities for the two groups merge (Fig. 2.18).

The probability response curves thus bring out significant impact of greenness
on the probability of crisis for different values of fundamental variables. To sum-
marize, green stocks have lower probability of suffering crisis for different lev-
els of profitability and perceived growth opportunity. However, greenness matters
only at the lower levels of endogenous shocks.

The exploration is now supplemented by an analysis of effectiveness of green-
ness in affecting the probability of surviving crisis generated from market. Once
again, the probability response curves are drawn to explore the differential impact
of greenness on the probability of crisis at different levels of significant explana-
tory variables, namely current ratio and conditional correlation with the market.
The study is further extended to depict probability response curves with respect to
different values of market stress index.

Figure 2.19 depicts differential impact of greenness of stocks on the prob-
ability of crisis at different levels of conditional correlation with the market. The
probability of crisis for the gray stocks is significantly higher compared to that
of the green stocks. The probabilities fluctuate as conditional correlation with the
market changes. The green stocks’ probability of suffering crisis is significantly
lower. It declines with the increase in conditional correlation with the market and
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Fig. 2.18 Probability response curves for greens and grays with respect to own stress index
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Fig. 2.19 Probability response curves for greens and grays with respect to conditional correla-
tion with the market (crisis generates from the market)

eventually turns out to be zero. Hence, greenness significantly helps stocks to
avoid market risk.

The study now considers the differential impact of greenness on the probability
of crisis for different levels of short-term liquidity given by the current ratio. Once
again, the probability of crisis for the stocks, if they are all gray, is significantly
high and fluctuates along with the change in current ratio. The probability of crisis
for all-green stocks, however, is more or less independent of the change in short-
term liquidity (Figs. 2.20 and 2.21).
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Fig. 2.21 Probability response curves for greens and grays with respect to market stress index
(crisis generates from the market)

Slightly different results are obtained when we consider the effectiveness of
being green in influencing the probability of crisis at different levels of market
stress. The gray stocks have a probability of crisis which is high and more or less
independent of the levels of market stress. The green stocks’ probability of crisis
fluctuates with market stress but is mostly lower than that of the gray portfolios.

The probability response curves thus bring out clearly the differential impact
of being green and gray on the probability of avoiding crisis. For all levels of
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explanatory factors (such as short-term liquidity, profitability, perceived growth
opportunity, and own stress and market stress factors), being green rather than
gray significantly lowers the probability of avoiding crisis.

We can now summarize the factors that might induce investors to choose greens
over gray in their portfolios and follow a less-carbon investment path.

2.7 Are the Greens Obvious Choice Over the Grays?
Some Remarks

The present study is an exploration into an area where individual decision-making
problems have significant implications from the point of view of society itself. It
could hardly be denied that while following less-carbon investment path through
increased investment in “green” projects are socially desirable, its implementation
is not so easy. The task of the policy-makers, however, will be simplified if the
imperative choice of the new “green” financial investment products is in fact obvi-
ous. This chapter delves specifically into this issue to examine whether given a
choice between green and non-green projects, greens become the optimal choice
of a rational investor. As is revealed by the study, the green (either completely or
partially) portfolios dominate the available alternative gray portfolios in an emerg-
ing market like India. While the 100 % green portfolio becomes, the global mini-
mum variance portfolio, portfolios with even a slight green touch in it, wins over
their gray counterpart. The green portfolios dominate the gray in terms of the own-
risk as well as the market risk, and the greener, the better. There is, however, a
discomforting feature. The green portfolio returns are chaotic and hence are sub-
ject to endogenously originated volatility in the system that cannot be predicted
or controlled. There are nonetheless judicious combinations of greens and grays
that could help investors avoid the problem. The greens moreover can survive
the financial stress better. As is suggested by the traditional scenario analysis, the
greens are less adversely affected in a crisis situation and are more stable during
recovery phases in the economy. Even the probabilities of surviving endogenously
generated crises are higher and the hazard ratios are lower for the green portfolios.
Although the study finds that there may be a critical balance between green and
gray beyond which adding more green assets to a portfolio does not improve its
probability of surviving financial stress, the “all-green” portfolio still dominates
the others. More interestingly, it is not the company fundamentals but the extent of
greenness that could effectively influence the probability of surviving crisis at the
firm level. Hence, green is always preferred to gray, and more green is better than
less green. Thus, following a less-carbon investment path is the most rational and
obvious choice for the investors in the Indian market.

The study thus far brings about the justification for the risk-averse investors
of choosing green portfolios over the grays. The techniques used in the analy-
ses, however, do not explicitly bring in the consideration of the market. A finan-
cial analyst often concedes that while the fundamentals, the intrinsic stability, and
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the innate ability to avoid crises are some of the necessary criteria for choosing
stocks, these are not sufficient. Investors, particularly, if they are myopic, will
search for stocks that could offer returns that are significantly and consistently
above the market return, or stated alternatively, that could “beat the market.” While
the speculators deem the ability to beat the market to be a sufficient criterion for
choosing stocks, a rational investor will always look for a fundamentally strong
stock that could beat the market. The study is now extended to introduce the mar-
ket to judge the market performance of the otherwise “strong and viable” green
stocks. Specifically, it considers the actual trading rule in the market to find out
whether the fundamentally strong greens could actually offer a more profitable
trading strategy, compared to their gray counterparts, which the investors could
take advantage of. The existence of such momentum trading would establish the
green’s ability to beat the market consistently. This will, of course, put the efficient
market hypothesis, a pillar on which traditional theories of finance rest, on trial.
Nonetheless, the supremacy of greens over the grays will be avowed.
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