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RESEARCH ARTICLE

Testing green finance portfolio performance

Enoch Quayea, Radu Tunarub and Diana Tunaruc 

aUniversity of Bristol, Bristol, UK; bUniversity of Reading, Reading, UK; cUniversity of Kent, Canterbury, UK 

ABSTRACT 
Green activities are measured with a green revenue adjustment factor that can be used to 
adjust observed market stock prices. We examine the green revenue factors for all compa
nies that are part of the stock indexes representing the main five economies. Using multi
variate correlation coefficients, we detect higher-order groupings of green indexes that may 
highly or lowly correlate. We employ the green revenues factor to construct portfolios that 
may benefit from the wedge between high green companies and low green companies, for 
all five economies. The quintile portfolios are compared across mean return, the CAPM beta, 
and realised beta. We also statistically test their comparative dollar performance using high- 
order stochastic dominance tests. The US portfolio has better dollar performance than the 
corresponding portfolios for the other economies, while the similar portfolio for Japan has 
the least dollar performance out of portfolios of all the other economies.
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1. Introduction

Financial markets play an important role in facilitat
ing the climate change agenda through significant 
financial innovation aiming to capture the firms’ 
degree of green activities in the prices and the 
returns of market securities, see Zerbib (2019), 
P�astor et al. (2021), Pedersen et al. (2021), P�astor 
et al. (2022), Bolton and Kacperczyk (2022), Zerbib 
(2022). Edmans (2023) points out that at the end of 
2021, the assets under management for investors 
who signed the Principles for Responsible 
Investment reached 121 trillion dollars, an increase 
of 50% since 2019 (Matos, 2020) and almost 20 fold 
since 2006. A report on Bloomberg on February 8, 
2019, stated that Europe committed about 12 trillion 
dollars to sustainable investing whilst a report from 
Bank of America reported that the ratio of ESG ver
sus non-ESG bond funds for Western Europe is 
almost 10%, $2.6 billion inflows in ESG bond funds 
compared with $29 billion non-ESG bond funds. 
For the US, the respective ratio is only 0.5% ($0.82 
billion in ESG bond funds compared with $150 bil
lion in non-ESG funds), see Temple-West (2023). 
Japan experiences an impetus in the ESG area, with 
a package of $144 billion in decarbonisation bonds 
being announced over the next decade (Temple- 
West, 2023).

Portfolio optimization has been the cornerstone 
of financial markets for many years. Kolm et al. 
(2014) review the main techniques that evolved over 

the last several decades for portfolio construction. 
Their focus was mainly in building the portfolio. 
Another comprehensive review of the main financial 
applications of computational and data analytics 
approaches, is provided by Andriosopoulos et al. 
(2019) who discussed applications in portfolio man
agement, credit analysis, banking, and insurance. 
Somehow surprisingly, none of the above two 
reviews included issues related to climate finance 
and non-pecuniary utility preferences.

The literature combining portfolio construction 
with sustainable finance investor preferences has 
been sparse for a long time, a notable exception 
being Hallerbach et al. (2004) who showed how to 
change the usual portfolio construction paradigm to 
incorporate sustainable characteristics of the firms 
in the investment portfolio universe. Recently, there 
has been much interest in portfolio construction 
and climate finance. Pedersen et al. (2021) general
ize the Markowitz mean-variance optimization para
digm by including an additional constraint for the 
portfolio ESG score. The revised methodology 
results in a bi-criteria Sharpe ratio-ESG optimization 
method. Steuer and Utz (2023) took a step further 
and introduced a tri-criteria mean-variance ESG 
optimization that considers the portfolio ESG score 
as an objective function to be optimized. They claim 
that their multi-objective portfolio optimization 
problem always provides mean-variance – ESG-effi
cient solutions because it belongs to the class of 
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e-constraint problems. However, Marohn and Auer 
(2024) advocate that this idea is problematic and in 
fact, the approach in Steuer and Utz (2023) cannot 
guarantee efficient portfolios. Other recent research 
expanded the knowledge frontier on the socially 
responsible multi-objective problem focusing on 
constructing optimal portfolios via the usual 
reward/risk maximization and incorporating a 
dependence structure among asset returns utilising 
vine copulas, see Sahamkhadam and Stephan (2024). 
They also employ the cumulative zero-order sto
chastic dominance and applied their technique to 
EuroStoxx 50 constituents, the results indicating 
that including social responsibility leads to reduced 
portfolio returns but also lower portfolio risk.

While the literature on portfolio construction 
based on optimising various objective functions is 
well developed and growing year on year (see 
Alexander & Baptista, 2004; Ban et al., 2018; Brodie 
et al., 2009; Capponi & Rubtsov, 2022; Cornu�ejols 
et al., 2018; DeMiguel et al., 2009a; 2009b; 2013; 
DeMiguel & Nogales, 2009; Goldfarb & Iyengar, 
2003; Lassance et al., 2022; Popescu, 2007), there is 
less research on testing the comparative portfolios 
that are routinely proposed using various methods. 
Since the seminal paper by Lo (2002), portfolio per
formance comparison was done using the Sharpe 
ratio as the main yardstick and looking at its distri
bution for statistical testing. Several subsequent 
improvements in this direction were proposed by 
Ledoit and Wolf (2008), Bao (2009), Liu et al. 
(2012), Ardia and Boudt (2015), Ledoit and Wolf 
(2017), Qi et al. (2018). However, it is not clear that 
the Sharpe ratios are the best measure for compar
ing portfolio performance, and furthermore, their 
distribution may be highly uncertain. Thus, an 
improved theoretical development has been employ
ing stochastic order dominance for comparing port
folios performance using the entire distribution of 
returns. We advocate in this paper using stochastic 
dominance tests of the latest generation (Lee et al., 
2023) to compare the portfolios constructed using 
long-short strategies based on the green revenues 
factor for all five major economies. These tests are 
of order higher than one and they are also con
structed to test time consistent dominance.

In our study, we employ a novel granular dataset 
consisting of FTSE Russell Green Revenues Indexes 
for major economies and the daily green revenues 
factor values (GRF) for each constituent company of 
these indexes. The central element of the unique 
data we use is the GRF measure, which is calculated 
by FTSE Russell (part of LSEG now) and employed 
in the computation of Green Revenue indexes. We 
use the GRF information on all companies that are 
constituents of the major stock indexes in the top 

five economies to construct portfolios that reflect the 
level of green revenues as marketed by FTSE Russell 
(LSEG now). We build high minus low green revenue 
factor portfolios for all countries and compare their 
performance. We show that portfolios with US com
panies have a better dollar performance than port
folios using Japanese companies. Our analysis uses 
advanced testing for high-order stochastic dominance.

The main aim of this paper is to compare the 
green revenues within the major economies of the US, 
the UK, Europe, China and Japan, as well as of a gen
eral All-World. Furthermore, we compare the betas 
obtained for the green revenues adjusted share prices 
and show that the tilting towards green valuations 
impacts the distribution of the stock returns, the first 
two moments in particular. Our green CAPM models 
employ also the green revenues adjusted stock indexes, 
as calculated independently by the FTSE Russell 
(LSEG). This is the first time in the literature when a 
green CAPM model uses green adjusted stock prices 
and green adjusted stock indexes. We show that the 
tilting towards quasi green share prices reverts the 
relationship between the respective estimated betas 
and their corresponding realised counterparts.

We use the GRF adjustment factors to design 
investment strategies that may appeal to investors 
with green finance preferences. We compare the 
performance of these investment strategies across 
five major economies and we use recent statistical 
testing to compare the green-related investment 
strategies. Our results show a superior dollar return 
performance for portfolios using stocks from the 
US. This indicates that more profits can be extracted 
in those economies having firms that are more het
erogeneous regarding ESG principles, than in those 
economies where perhaps due to tighter regulation, 
or indeed due to local cultural views towards cli
mate change, firms are more homogeneous in their 
behaviour towards ESG.

The remainder of this paper is organised as fol
lows. The next section contains a succinct literature 
review. This is followed by a description of the sam
ple data, the main variables behind our analysis, and 
the methods employed. This section also includes a 
description of the process of green revenue meas
urement as it is independently carried out by FTSE 
Russell, which is part of the London Stock Exchange 
Group (LSEG) now. We then present in Section 4
the main empirical results regarding green portfolio 
comparison for the five major economies. Last sec
tion summarizes the main findings.

2. Literature review

The literature on the impact of environment on 
stock market prices and investors’ views and 
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behaviour has evolved over the years into a special
ised strand, see Hamilton et al. (1993), Klassen and 
McLaughlin (1996), Konar and Cohen (2001), 
Heinkel et al. (2001), Kempf and Osthoff (2007). 
There is an intensive debate in the literature on the 
existence of an ESG risk premium that is directly 
associated with risks emerging from climate change. 
Cornell (2021) points out that ESG investments may 
be popular because of their social preferences but 
investors choosing this investment style should not 
expect high returns. From a theoretical perspective, 
P�astor et al. (2022) provide compelling reasons to 
indicate that high returns for green stocks reported 
in recent years should not be taken as indicative 
predictors of high future returns for the same 
stocks. They show that when investors take more 
green companies in their portfolios, the risk- 
adjusted expected returns on those firms will be 
lower in equilibrium. Similarly, Pedersen et al. 
(2021) construct an ESG adapted CAPM and show 
that employing a strategy based on the new efficient 
environment frontier does not necessarily lead to an 
improvement in the Sharpe ratio.

A single-period equilibrium model, built with par
tial segmentation and heterogeneous preferences 
focusing on regular investors and sustainable invest
ors, has been developed by Zerbib (2022). This new 
model is a sustainable factor expanded CAPM model, 
which implies that sustainable investors may fre
quently influence the costs of capital for many firms 
through exclusionary screening and ESG integration.

There is an increasing strand of research combin
ing sustainable investments and portfolio analysis. 
In a highly innovative paper, Ballestero et al. (2012) 
consider portfolio construction under an utility the
ory under uncertainty and also embedding an eth
ical goal. Their new financial-ethical bi-criteria 
model is derived with absolute risk aversion coeffi
cients and targets depending on the investor’s eth
ical preferences. Their numerical results point out 
that traditional efficient portfolios may outperform 
the strong green portfolios in terms of expected 
return and risk, but this is not the case with weak 
green investment. Gasser et al. (2017) revisit 
Markowitz’ mean-variance methodology and suggest 
a way to incorporate also a social responsibility 
measure into the investment decision. Their method 
is applied in an a posteriori fashion and it allows 
investors to incorporate all ESG preferences. Their 
empirical analysis focuses on more than 6000 inter
national companies, covering the complete universe 
of social responsibility-rated stocks, and it concludes 
that “investors opting to maximize the social impact 
of their investments do indeed face a statistically 
significant decrease in expected returns.”

An excellent review of the latest green accounting 
and green finance literature is provided in the spe
cial issue discussed by Brooks and Schopohl (2021). 
Research in this area has been driven by environ
mental disclosures and reporting that may lead to 
possible future policies, but also by the impact of 
climate change on firm valuations. For this latter 
emerging strand of literature, some notable contri
butions are provided by Chapple et al. (2013), 
Clarkson et al. (2015), Johnston et al. (2008), and 
Matsumura et al. (2014), and the list is by no means 
exhaustive. Choi and Luo (2021) study the link 
between the size of a firm’s carbon emissions and 
its stock market value, looking at an international 
sample covering 28 countries. They conclude that 
there is a negative relationship between carbon 
emissions and stock market value. However, Griffin 
et al. (2021) argue that the opposite may be true. 
Analysing panel data of 228 Canadian firms over 13 
years, they find evidence that Activism, such as the 
Global Climate Strike on March 15, 2019, can have 
an impact on stock market prices. Ramelli et al. 
(2021) show that this event impacted negatively the 
market valuation of carbon-intensive firms and the 
financial analysts reconsidered their earnings expect
ations in the long run towards a lower level.

We believe that many of the criticisms of ESG 
empirical results have roots in methodological 
aspects. The different conclusions in the literature 
regarding the significance of carbon risk premia have 
been explained and reconciled in Lioui (2022) by 
employing an improved methodology that bypasses 
the problem of carbon measurement scaling. Many 
empirical studies rely on various ESG ratings but, as 
discussed in Larcker et al. (2022), there is a distinct 
lack of agreement of ESG ratings from different ESG 
ratings provides, see also Chatterji et al. (2016), 
Dimson et al. (2020), and Berg et al. (2022).

Yenipazarli and Vakharia (2015) argue that when 
introducing a new green product, it is paramount to 
think of consumer differentiation. The market should 
in general work with two prices for the green and 
brown versions of the product in order to maximize 
market development. They also show that charging 
green investors a premium because of their willing
ness-to-pay can lead to suboptimal strategies, even if 
the volume of trade is higher. This important idea is 
followed up in Quaye et al. (2024) who construct 
daily green-adjusted share prices for all constituent 
companies in the FTSE 1000 Green Revenues Index. 
They estimate the green-adjusted analogues to the 
CAPM beta and contrast the portfolio construction of 
a standard investor with that of a “twin” green 
investor who has the same dollar risk-return risk pref
erences but also holds high views on the necessity of 
green finance. Their study indicates that tilting stock 
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returns towards climate finance could change tem
porarily asset pricing views, but overall the Fama- 
French risk factors between the two settings, standard 
and green, are highly correlated.

3. Data and methodology

3.1. Green revenues quantification

According to FTSE Russell, in 2022, the green econ
omy was globally the fifth largest industry, similar in 
size to the fossil fuel sector. Despite the considerable 
diversity within the green economy, its concentration 
remains notable in a few key countries, particularly 
the United States (accounting for 54%) and China 
(12%). However, nations such as Japan, France, and 
Germany, while possessing smaller green economies 
in relative terms, exhibit a disproportionately high 
level of exposure to green activities. Using a compre
hensive taxonomy that is very similar to the EU 
Taxonomy, the Green Revenues Data Model 
(GRDM) developed by FTSE Russell (part now of 
London Stock Exchange Group) estimates the net 
contribution of a company to the transition to a green 
economy by measuring the exposure to environmen
tal (green) impact recorded on a company’s balance 
sheet. FTSE Russell has applied the GRDM to an 
extended global dataset covering almost 99% of total 
global market capitalization, to estimate the net envir
onmental impact of over 16,000 public companies 
across 48 developed and emerging markets.1

The FTSE 1000 Green Revenues Indexes reflect the 
green exposure that investors get by holding invest
ments in the stock of those respective companies. Our 
data includes, in addition to indexes, the green rev
enue factors for all constituents of a given index. This 
is a rich database comprising cross-sectional and time 
series information on the Green Revenue Factors 
(GRF). Thus, the GRF becomes an essential yardstick 
that measures the level of engagement of a company 
over time vis-a-vis the climate change environmental 
agenda. The GRFs are interpreted in this paper as 
green/brown indicators of the net percentage of green 
activities. The main activities monitored by the FTSE 
Russsell (LSEG now) are climate change mitigation 
and adaptation, water, resource use, pollution, and 
agricultural efficiency. Table 1 presents the overview 
of green revenue factors for all countries covered 
under the green revenues database.

The GRF takes values between 0 and 2, with 2 
representing a 100% green company (the ratio of 
green revenues to the total revenues is þ1) and 0 
representing the opposite, a totally brown company 
activity (the net ratio of green revenues to the total 
revenues is −1, i.e. there are no environmental ben
efits, but 100% damages). The mid-value of 1 is 
associated with a neutral level. The majority of 

companies in our study have GRFs close to neutral 
levels, indicating that the net position (green versus 
brown activities) of a company is close to zero.

The daily green-adjusted returns based on the 
green-adjusted share prices are computed as:

R�i, t ¼ ln
S�i, t

S�i, t−1

 !

¼ ln
Si, t

Si, t−1

� �

þ ln
GRFi, t

GRFi, t−1

� �

¼ Ri, t þ ln
GRFi, t

GRFi, t−1

� �

(1) 

The green-adjustment translates into an additive 
tilting factor applied to the standard returns which 

Table 1. Summary table for green revenues factor.
Country Mean SD Min q25 q50 q75 Max Firm count

Australia 1.11 0.13 0.91 1.09 1.09 1.12 2.23 89
Belgium 1.13 0.11 1.08 1.09 1.09 1.11 1.47 12
Brazil 1.14 0.19 0.81 1.08 1.09 1.13 2.02 61
Canada 1.12 0.18 0.94 1.09 1.09 1.10 2.20 48
Chile 1.22 0.27 0.98 1.09 1.09 1.27 2.11 19
China 1.14 0.22 0.59 1.09 1.09 1.12 2.31 226
Colombia 1.11 0.05 1.08 1.08 1.09 1.10 1.22 8
Czech Republic 1.11 0.15 0.97 1.02 1.09 1.20 1.29 4
Denmark 1.19 0.28 1.01 1.09 1.09 1.13 2.15 18
Egypt 1.11 0.02 1.09 1.09 1.10 1.12 1.14 5
Finland 1.16 0.11 1.08 1.09 1.12 1.19 1.42 14
France 1.16 0.21 0.92 1.09 1.09 1.12 2.23 77
Germany 1.12 0.14 0.75 1.09 1.09 1.12 1.95 70
Greece 1.10 0.03 1.07 1.09 1.09 1.10 1.17 8
Hong Kong 1.12 0.17 0.91 1.09 1.09 1.09 2.17 79
Hungary 1.11 0.03 1.08 1.09 1.11 1.13 1.14 4
India 1.11 0.11 0.77 1.09 1.09 1.12 2.03 124
Indonesia 1.11 0.08 1.06 1.09 1.09 1.09 1.52 28
Ireland 1.10 0.03 1.07 1.08 1.09 1.11 1.13 4
Iceland 0.92 0.00 0.92 0.92 0.92 0.92 0.92 10
Israel 1.09 0.03 1.01 1.09 1.09 1.09 1.14 25
Italy 1.12 0.13 0.88 1.09 1.09 1.12 1.56 29
Japan 1.13 0.11 0.62 1.09 1.10 1.12 2.08 467
South Korea 1.11 0.08 0.75 1.09 1.09 1.12 1.57 121
Kuwait 0.94 0.02 0.91 0.93 0.94 0.94 0.98 10
Malaysia 1.12 0.07 1.03 1.09 1.09 1.12 1.43 39
Mexico 1.10 0.07 0.93 1.09 1.09 1.09 1.29 31
Netherlands 1.13 0.15 0.94 1.09 1.09 1.12 1.65 21
Norway 1.21 0.34 1.07 1.09 1.09 1.14 2.24 11
New Zealand 1.22 0.33 1.03 1.09 1.09 1.20 2.16 12
Austria 1.12 0.04 1.06 1.10 1.11 1.14 1.19 7
Pakistan 1.11 0.03 1.09 1.09 1.09 1.12 1.15 4
Peru 1.17 0.02 1.16 1.16 1.17 1.18 1.18 2
Philippines 1.13 0.12 1.02 1.09 1.09 1.12 1.58 23
Poland 1.09 0.04 1.04 1.09 1.09 1.09 1.17 13
Portugal 1.45 0.55 1.07 1.10 1.24 1.81 2.25 4
Qatar 1.11 0.14 0.99 1.09 1.10 1.10 1.56 17
Romania 0.95 0.00 0.95 0.95 0.95 0.95 0.95 1
Russia 1.13 0.09 1.00 1.11 1.11 1.12 1.46 29
South Africa 1.10 0.08 0.94 1.09 1.09 1.09 1.50 54
Saudi Arabia 0.84 0.04 0.69 0.84 0.84 0.84 0.90 43
Slovenia 1.11 0.06 1.03 1.09 1.09 1.11 1.33 29
Spain 1.19 0.24 1.01 1.09 1.09 1.14 2.12 24
Sweden 1.10 0.03 1.01 1.09 1.09 1.12 1.15 33
Switzerland 1.11 0.05 0.99 1.09 1.09 1.12 1.31 44
Thailand 1.17 0.21 0.97 1.09 1.09 1.13 2.03 34
Turkey 1.09 0.05 1.00 1.09 1.09 1.09 1.28 25
Taiwan 1.13 0.16 1.04 1.09 1.09 1.10 2.24 87
United Arab Emirates 1.08 0.05 0.92 1.09 1.09 1.09 1.10 13
United Kingdom 1.14 0.20 0.87 1.09 1.09 1.12 2.24 107
United States 1.12 0.13 0.81 1.09 1.09 1.12 2.29 514

Notes: This table reports the time series mean of the cross-sectional sum
mary statistics of green revenue factors of the respective countries. The 
“firm count” column indicates the time series mean of the average number 
of firms per cross-section. The dataset spans 50 countries from May 26, 
2016, to December 21, 2022, at a daily frequency, with different starting 
dates. Firms with over 40% missing data are excluded for each country.
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correctly captures the level of engagement with the 
green agenda of a company over time. More specif
ically, an increase in the GRF factor over a period 
of time (more positive environmental impact), 
results in a reward in term of returns, while a 
decrease in the GRF (more negative environmental 
impact) leads to a penalty, with a green-adjusted 
return lower than the standard return. The green- 
adjusted prices and returns defined above together 
with the Green Revenues Indexes provide the basis 
for a new green-adjusted investment universe that 
investors and policy makers could explore further to 
better understand how the green efforts made by 
companies around the world are reflected in the 
financial markets.

3.2. Data description

The indexes we study are: the US FTSE Russell 
1000, the UK All Share index, China, Europe, Japan, 
and the All-World index. The daily time series of 
the green revenues indexes and the GRF time series 
for the constituents of those indexes are downloaded 
from the FTSE Russell database. The overall sample 
period spans from 26 May 2016 to 21 December 
2022, for a total of 1711 trading days. As dictated 
by data availability, the coverage in the FTSE 
Russell database begins at different times for differ
ent indexes and hence, the number of observations 
varies across indexes. For example, data for the 
FTSE Russell 1000 green index prices is available 
from 26 May 2016, while coverage for Japan begins 
later on 21 March 2017.

The number of firms utilized for each index 
varies across different economies by design, and 
within the same economy because of delisted com
panies. Table 2 shows that the US and China work 
with about 1000 firms on average while the UK, 
Europe and Japan with roughly 500–600 firms. The 
All-World Index has on average 3600 firms.

We present few summary statistics of the number 
of firms that are the constituents of the equity 
indexes in the five main economies and also in the 
All-World index in Table 3.

Regarding the GRF data, we compare the means 
of the cross-sectional averages across the six indexes 
and observe that there is a clear ordering, with the 
smallest value for the UK, followed by Japan, then 
the US, all lower than 1. It continues with Europe, 
followed by China and then All-World. Since a 
green revenue factor larger than 1 implies more 
green activities, one may infer that firms from 
China are on average greener than firms from 
Europe, for example. However, a more informed 
view can be obtained by looking at all quantiles 
listed in columns 5–7 of that table. Furthermore, the 

standard deviations indicate that actually Japan has 
the most consistent green revenue factors and, 
together with Europe have the largest minima. The 
lowest minimum GRF and the largest maximum 
GRF are for the US.

It would be also useful to see the evolution over 
time of the green revenues valuations measured by 
GRF. The GRFs have different distributions and 
evolutions across the economies compared in this 
study. This can be observed from the graphs in 
Figure 1 that illustrate the monthly time series of 
cross-sectional averages of GRFs for companies 
from all five economies and All-World. The confi
dence intervals are computed based on the cross- 
sectional 2.5% and 97.5% cross-sectional quantiles 
of GRFs from the respective economies.

The average and most of the GRF quantities for 
US are below 1, indicating that between 2016 and 
2022 the US was not highly geared towards climate 
change adjustments. This is perhaps not surprising 
given that this period coincided with the Trump 
administration, which formally withdraw from the 
Paris climate agreement in June 2017. Although 
there seems to have been a short-lived recovery 
towards positive green adjustments in early 2020, 
the COVID period pushed back the GRFs below 1 
in the US.

Interestingly, the GRFs for Japan are not as high 
as expected perhaps with values in the neutral terri
tory until COVID-19 eruption when there is a clear 
downward shift. By contrast, for the Chinese 

Table 2. Summary statistics for constituents counts.
Index Avg firms Min firms Max firms

UK 626 599 645
Russell 1000 (US) 1001 972 1031
Japan 508 493 520
Europe 663 634 689
China 1064 420 1774
All-World 3614 3060 4177

Notes: This table presents summary statistics for the number of constit
uents in each index over the entire sample period, from 26 May 2016 
to 21 December 2022. We denote by Avg firms; Min firms; and Max firms 

the average, minimum, and maximum number of firms in each index. 
These summaries are calculated from daily time series data on the 
number of listed companies in each index over the sample period.

Table 3. Summary statistics for green revenue factor 
around the world.
Index Mean SD Min q25 q50 q75 Max

UK 0.951 0.153 0.519 0.925 0.925 0.927 1.957
Russell 1000 (US) 0.991 0.125 0.395 0.965 0.968 0.997 2.000
Japan 0.986 0.111 0.616 0.936 0.939 1.000 1.909
Europe 1.025 0.159 0.620 0.982 0.983 1.013 1.999
China 1.038 0.211 0.513 0.973 0.988 0.989 1.993
All-World 1.077 0.134 0.439 1.043 1.043 1.074 1.999

Notes: This table reports the time series averages per index of cross- 
sectional summary statistics for the green revenue factor of all index 
constituents. The cross-sectional summary statistics include Mean 
(Mean), Standard Deviation (SD), Minimum (Min), Maximum (Max), 25th 
quantile ðq25Þ; 50th quantile ðq25Þ; and 75th quantile ðq75Þ index 
constituents.
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companies that are the constituents of the FTSE 
Russell China Green Revenues, the GRFs are quite 
positive, with almost the entire distribution above 1. 
The average GRF scores for the UK have been con
sistently above 1, with a quite tight confidence inter
val for GRF values, roughly between 0.98 and 1.04. 
The GRF evolution for companies in Europe is very 
similar to the UK, with a cross-sectional average 
above 1 and the lower confidence boundary roughly 
at 0.98. It is worth pointing out that the COVID-19 
pandemic period impacted the green revenues 
assessments for companies in the US and Japan, 
increasing in those economies the uncertainty about 
green activities. China experienced a positive shock 
in the GRF factor in 2020 followed by a more 
downward trend afterwards.

Perhaps surprisingly, UK and Europe were almost 
undeterred by the COVID shock, although for UK a 
slight downward trend for GRFs can also be noticed 
over the entire study period.

3.3. Methods

3.3.1. Multiple correlation coefficients
Crisci (2023) surveys methodologically several meas
ures for the identification of the strength of associ
ation between a response variable and covariates 
and she applies generalized estimating equations to 
gauge the impact of governance factors on environ
mental policy disclosure. Her research emphasizes 
the important pitfalls around estimation when work
ing with multivariate data. The proposed solution 
based on estimating equations requires only a 
mean-covariance specification and not the entire 
distribution.

In our paper, we take a look at the multivariate 
correlation coefficients that capture more than the 
pairwise correlation relationships. The groupings 
interactions or associations are particularly relevant 
for portfolio construction. For groups that are 
highly correlated the information can be used for 
cross-hedging exercises that are routinely executed 

Figure 1. Time series of cross-sectional average GRF. Notes: For each index, at the end of each month, we first calculate the 
time series average of GRF for each constituent stock using daily data from the past 1-year including the date of calculation. 
We then compute the cross-sectional average of the values obtained in the first step and plot them as monthly time series 
along with its 95% confidence interval depicted by the shaded area.
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in financial markets. Identifying groups that are not 
highly correlated helps with diversification.

Wang and Zheng (2020) generalized the Pearson 
coefficient of linear correlation to multiple variables. 
First, let us consider the case of correlation (and 
uncorrelation) for one extra variable, so that correl
ation measures are defined for a joint triplet of vari
ables. If X, Y, Z are three random variables and 
qxy, qxz and qyz are the Pearson linear correlation 
coefficients for the respective pairs of variables then 
the triple correlation coefficient among X, Y and Z is 
defined by

q2
XYZ ¼ q2

xy þ q2
xz þ q2

yz − 2qxyqxzqyz (2) 

This correlation measure has properties that are 
very similar to the Pearson correlation coefficient. 
The following properties are proved by Wang and 
Zheng (2020). For any three random variables X, Y, 
Z with non-vanishing variance, the triple correlation 
coefficient satisfies that 0 � q2

XYZ � 1; q2
XYZ ¼ 1 if 

and only if the sample values are linearly dependent; 
and q2

XYZ ¼ 0 if and only if the variables X, Y, Z are 
mutually uncorrelated.

For the multiple correlation coefficient defined in 
(2), the multiple uncorrelation coefficient is in a 
sense a dual measure to the multiple correlation 
coefficient that can be defined as

w2
XYZ ¼ 1 − q2

XYZ: (3) 

The generalization presented above can be con
tinued to an arbitrary dimension of random vector. 
Consider now a set of variables X1, X2, :::Xd and let 
us denote by R the correlation matrix constructed 
from pairwise Pearson correlation coefficients qxixj 

for the countries i and j.

R ¼

1 qx1x2
::: qx1xd

qx1x2
1 ::: qx2xd

..

. ..
. . .

. ..
.

qxdx1
qxdx2

::: 1

0

B
B
B
B
@

1

C
C
C
C
A

(4) 

The d-multiple uncorrelation coefficient (MUC) 
is defined by Wang and Zheng (2020) as

w2
x1x2:::xd

¼ detðRÞ (5) 

and then it follows by complementarity that the 
multiple correlation coefficient (MCC) is

q2
x1x2:::xd

¼ 1 − w2
x1x2:::xd

(6) 

Similar to the 3-dimensional case, there are simi
lar properties for the more general d-dimensional 
case, which are discussed in detail in Wang and 
Zheng (2020). In this paper, we compute multiple 
correlation and uncorrelation squared coefficients 
up to order 5.

3.3.2. Beta estimation
For a better understanding of the impact caused by 
the green revenues adjustment or tilting of the mar
ket share price for companies in main economies, 
we also consider any changes that may appear in 
conventional asset pricing exercises. The uncondi
tional beta is defined directly from the capital asset 
pricing model (CAPM) as

bi ¼ covðRi, RmÞ=varðRmÞ (7) 

where Ri, Rm are the share price return of company 
i and the return of market portfolio, respectively. 
The standard CAPM beta is estimated using the his
torical series of returns with the regression:

ri, t ¼ ai þ birm, t þ ei, t (8) 

where ri, t , rm, t are the excess return of company i 
and of the market portfolio over the risk-free rate, 
respectively, at time t. This leads to the most com
mon beta estimate bHIST

i ¼ b̂i: Typically, the regres
sion model is estimated based on a one-year rolling 
window of daily excess return data. That is, at the 
end of each month t, the regression model is esti
mated based on the previous 12-month period of 
daily return data, covering months t − 11 through t, 
inclusively. Andersen et al. (2006) define the realised 
beta as

bR
i, s ¼

Pt¼N
t¼1 ri, trm, t
Pt¼N

t¼1 r2
m, t

(9) 

where N is the number of observations during the 
estimation window s: It is known, see Andersen 
et al. (2006), that under weak regularity conditions 
this is the only consistent measure for the true beta.

The green revenue factor allows a direct trans
formation of the market share price of a firm into a 
green-revenue adjusted dollar price. We take advan
tage of being able to generate the tilted green reve
nues adjusted share prices and compute the 
corresponding CAPM green beta and the realised 
green beta for all firms that are the constituents of 
our green revenues indexes.

3.4. Time stochastic dominance test for green 
minus brown strategy

The GRFs permit us a quintile tranching based on 
time series average GRFs for the respective coun
tries. Those portfolios can be compared using static 
measures such as mean returns or betas. It is of 
great academic and practical interest to compare 
also the high minus low portfolios for each econ
omy. At the end of each month t, we sort stocks by 
their green revenue factor (GRF) and divide them 
into five quintiles: 1ðBrownÞ, 2, 3, 4, 5ðGreenÞ; from 
lowest to highest. Returns in each quintile are 
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weighted by market capitalisation at time t. We 
form a zero-cost long-short strategy with a long 
position in the highest GRF portfolio 5ðGreenÞ and 
a short position in the lowest GRF portfolio 
1ðBrownÞ: This method is applied to UK, US, Japan, 
Europe, and China. If these strategies pass the statis
tical test then we can conjecture that there is a pos
sible green revenues adjustment factor that can be 
computed and utilized based on the GRF.

We use the nonparametric time stochastic dom
inance (TSD) test discussed in Lee et al. (2023) to 
evaluate the dynamic performance of the green 
minus brown (long-short) strategy in country pairs. 
Testing long-short portfolio returns helps investors 
assess environmental sustainability and green tilting 
benefits by measuring and managing systematic dif
ferences across countries. The TSD test partially 
orders long-short portfolio strategies over time 
based on expected net present value criteria for gen
eral utility and discount functions of investors in 
these countries. We let Yi :¼ fYi, t : t 2 sg and Yj :

¼ fYj, t : t 2 sg represent the value-weighted 2

returns from a high minus low quintile strategy for 
country pairs i and j, where ði, jÞ 2 fUK, US, Japan, 
Europe, Chinag:

The time-path of value-weighted returns have a 
common support Y ¼ ½y, y� for all t 2 s and fkð�, tÞ
and Fkð�, tÞ :¼

Ð

y
� fkðz, tÞdz denote the density and 

distribution functions of Yi and Yj for t 2 s: The 
utility and time-discount functions are respectively 
denoted by u : Y 7!R and v : s7!R both of which 
are continuously differentiable. The expected 
discounted utility of prospect YðiÞ and YðjÞ at time 
t ¼ 0 is given by

NPVv, uðYiÞ ¼
XT

t¼0
vðtÞEFið�, tÞuðYi, tÞ

¼
XT

t¼0
vðtÞ

ð

Y
uðyÞfiðy, tÞdy

� �

NPVv, uðYjÞ ¼
XT

t¼0
vðtÞEFjð�, tÞuðYj, tÞ

¼
XT

t¼0
vðtÞ

ð

Y
uðyÞfjðy, tÞdy

� �

which depends on the utility function. Investors are 
assumed to rank outcomes rationally according to 
the values of NPVv, uðYiÞ and NPVv, uðYjÞ:

Utility functions are from nested classes: U1; a 
class of monotonically increasing functions, and U2;

a concave CRRA class for risk aversion. They are 
defined as follows: U1 ¼ u : uð1ÞðyÞ � 0 and U2 ¼

u : u 2 U1, uð2ÞðyÞ � 0; where uð1Þ and uð2Þ represent 
the first and second derivatives of the utility func
tion, respectively. A recursive definition is employed 

for higher-order utility function classes Um ¼ u :

u 2 Um−1, ð−1ÞmuðmÞ � 0 for m � 2:
Discount functions can be classified into three cat

egories: strictly positive V0 (indicating a positive 
degree of time preference), strictly decreasing V1 
(indicating increasing impatience over time), or 
strictly decreasing and convex V2 (indicating decreas
ing impatience over time). The definitions are as fol
lows: V0¼ v : vðtÞ> 0; V1¼ v : v2V0,vð1ÞðtÞ< 0; and 
V2¼ v : v2V1,vð2Þ> 0: To apply the hypothesis test
ing method, a definition is required to relate unob
servable utility-based comparisons to observable 
distribution comparisons. Accordingly, an investment 
decision Yi is said to first-order time and first-order 
stochastically dominate Yj; denoted Yi�1T1SDYj; if 
and only if

a. NPVv,uðYiÞ−NPVv,uðYjÞ�0,8ðv,uÞ2V1�U2, or 

b. Dð1, 1Þðy, tÞ � 0, 8ðy, tÞ 2 Y � s

where Dð1, 1Þðy, tÞ ¼ Fð1, 1Þ
i ðy, tÞ − Fð1, 1Þ

j ðy, tÞ and 

Fð1, 1Þ
k ðy, tÞ ¼

Pt
s¼0 Fkðy, sÞ ¼

Pt
s¼0
Ð

y
y fkðz, sÞdz, k¼ 1, 2 

(see Dietz and Matei, 2016).
A generalisation of this definition states that, 

investment decision Yi n-th order time and m-th 
order stochastic dominates Yj; if and only if

a. NPVv, uðYiÞ− NPVv,uðYjÞ,8ðv, uÞ 2 Vn�Um, or
b. For a ¼ 0, :::, n − 1, and b ¼ 1, :::, m − 1, 
ðiÞ Dðaþ1, bþ1Þðy, tÞ � 0, ðiiÞ Dðn, bþ1Þðx, tÞ � 0, 
8t 2 s, ðiiiÞ Dðaþ1, mÞðy, TÞ � 0, 8y 2 Y , and 
ðivÞ Dðn, mÞðy, tÞ 2 Y � s

n, m ¼ 1, 2 and u and v, respectively, denote the 
utility and time-discount functions both assumed to 
be continuously differentiable. i 6¼ j: The null 
hypothesis of the n-order time and m-order stochas
tic dominance is given by

Hðn, mÞ
0 : NPVv, uðYiÞ�NPVv, uðYjÞ, 8ðv, uÞ 2 Vn � Um

(10) 

equivalent to Fi and Fj satisfying first order TSD or 
higher order TSD.

For example, if we fail to reject Hð2, 2Þ
0 then all 

risk averse investors who discount with decreasing 
and convex discount functions would prefer invest
ment Yi to investment Yj: If we reject Hðn, mÞ

0 it 
means that there exists at least one investor with 
ðv, uÞ 2 Vn � Um who ranks the prospects as equiva
lent. More specifically, a rejection of the null, sug
gest that the NPV of the long-short strategy in 
country i is more or less the same as that in country 
j. Likewise, if we fail to reject Hð1, 1Þ

0 : Yi�Yj; we 
conclude that a given investor or economic agent 
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having increasing utility and decreasing discount 
function would assign higher NPV to long-short 
strategy in country i than long-short strategy in 
country j.

According to Lee et al. (2023), the test statistic is 
a one-sided Lp-type test statistic written as

TN ¼ rp
N

ð

X

Kp v̂1ðxÞ, :::, v̂LðxÞð Þ (11) 

where rN :¼
ffiffiffiffiffiffiffiffiffiffiffi
N1�N2

N1þN2

q
: For critical value calculations, 

Lee et al. (2023) suggested two alternatives: the con
tact set method and the numerical delta method. The 
contact set method improves over the conservative 
least favorable case (LFC), directly imitating the limit
ing distribution under the null hypothesis without 
computing the LFC-based critical value when the 
asymptotic distribution degenerates to zero. The 
numerical delta method is based on Fang and Santos 
(2019), Hong and Li (2018), and D€umbgen (1993).

The green revenues factors can be used as a yard
stick to classify firms into green, neutral and brown. 
The difference between green firms and brown firms 
represents a wedge that may be used to construct 
stock portfolios that would help to greenify econo
mies over time. If such a portfolio is profitable in 
dollars then that implies the respective economy still 
needs to do better to improve their climate agenda 
credentials. In a green perfect world, all firms would 
gave maximum green revenues factors and there 
will not be a wedge. We will construct this green 
minus brown type of portfolios for all economies 
investigated and we will pairwise test their portfolio 
dollar performance.

4. Empirical results

Returns on individual equities are winsorised at 1% 
and 99%. We require equities to have at least 200 

non-missing returns when estimating the 1-year 
horizon beta and at least 15 non-missing returns in 
the 1-month horizon beta.

4.1. Multidimensional correlations of green 
adjusted equity indexes returns

We calculate the daily logarithmic returns for all 
firms time series, denoted Ri, tþ1 ¼ ln Xi, tþ1

Xi, t 
for each 

i-th index X. The summary statistics of the green 
index return series reported in Table 4 indicate a 
predominantly positive mean daily return for the 
sampled indexes, with the only exception of UK and 
China. The distribution of returns as depicted by the 
25th-, 50th-, and 75th-quantiles does not vary sub
stantially across different indexes, generally being 
within the same order of magnitude. China reported 
the highest standard deviation, which is not surpris
ing given the severe adverse impact of the pandemic.

The results in Panel B of the Table 4 suggest that 
the revenues from the green revenues adjusted 
equity indexes in some economies are much more 
interdependent than other pairings. Despite its uni
versally positive sign, sample correlation qð�, �Þ
varies substantially across the different pairs of 
green index returns, ranging from a minimum of 
19.7% for qðJapan, USÞ; to a maximum of 94.9% 
qðAll World, USÞ: Respectively, the correlation coef
ficient between Japan and other indexes is consist
ently below 39% and that between China and other 
indexes is 50%. The largest pairwise Pearson correl
ation coefficients are for US and All-World, at 
almost 95% and between UK and Europe, at 94%.

The former relationship is perhaps not surprising 
given the economic dominance of the US economy 
on economies in other parts of the world. However, 
the latter strong connection upon green tilting of 
firms’ in the UK and Europe was perhaps expected 

Table 4. Summary statistics of green Revenues Adjusted Equity Index returns.
All-World UK All Share China Europe Japan Russell 1000 (US)

Panel A: Descriptive statistics
N (days) 1700 1625 1492 1702 1468 1710
Mean(%) 0.023 −0.001 −0.007 0.006 0.003 0.036
SD(%) 1.080 1.329 1.589 1.266 1.125 1.355
Min(%) −9.963 −13.707 −7.956 −14.056 −6.539 −12.985
Max(%) 7.950 10.885 12.641 8.499 6.937 9.039

q25 (%) −0.371 −0.561 −0.818 −0.500 −0.584 −0.433
q50 (%) 0.072 0.080 0.038 0.074 0.031 0.057
q75 (%) 0.507 0.595 0.833 0.595 0.622 0.672

Panel B: Unconditional correlation
All-World 1.000 0.767 0.497 0.793 0.383 0.949
UK All Share 0.767 1.000 0.419 0.941 0.359 0.594
China 0.497 0.419 1.000 0.431 0.342 0.345
Europe 0.793 0.941 0.431 1.000 0.367 0.612
Japan 0.383 0.359 0.342 0.367 1.000 0.197
Russell 1000 (US) 0.949 0.594 0.345 0.612 0.197 1.000

Notes: This Table reports the averages of cross-sectional summary statistics for the green index return from 26 May 2016 to 21 December 2022 in 
Panel A. The cross-sectional summary statistics include Mean (Mean), Standard Deviation (SD), Minimum (Min), Maximum (Max), Median (Median), 
25th quantile ðq25Þ; 75th quantile ðq75Þ; and the available number of sample points ðNÞ for each index return time series. The unconditional sample 
correlation of index returns between the All-World Index, UK All Share Index, China Index, Europe Index, Japan Index, and FTSE Russell1000 indexes 
are reported in Panel B.
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in sign but not so much in magnitude. It should 
also be noted the relative low correlation coefficients 
for Japan with all the other economies and also for 
China with all other economies. These results point 
out to different roles played worldwide by different 
economies, after adjusting firms’ share prices for 
green activities.

The multidimensional correlation coefficients 
offer a more insightful view of interactions between 
different groupings of economies. The classical pair
wise correlation coefficients of return time series of 
green revenues adjusted equity indexes of the five 
major economies and All-World as well, were pre
sented in Table 4 in Panel B. This normalised cor
relation matrix is also all that is needed to compute 
the multidimensional uncorrelation and correlation 
coefficients in formulae (5) and (6).

In Table 5, we report the multidimensional cor
relation coefficients for all possible 3-dimensional, 
4-dimensional and 5-dimensional groupings. At the 
3-dimensional level the strongest squared correlation 
coefficient is observed for q2 (All-World, Europe, 
US) at 98.28% followed closely by q2 (All-World, 
UK, Europe) at 95.79%. The lowest squared 3- 
dimensional correlation coefficient is for q2 (China, 
Japan, US) at 22.83% followed by q2 (UK, China, 
Japan) at 31.85%.

It should be also noted that higher correlation 
coefficients do not imply higher green values for 
share prices of firms from those respective econo
mies. It rather depicts the perception of investors of 
those companies as very similar, even after adjusting 
for green revenues. The 4-dimensional and 5- 
dimensional squared correlation coefficients reveal 
an interesting view. There are low coefficients for q2 

(China, Europe, Japan, US) at 22.83% and q2 (UK, 
China, Europe, Japan) at 31.85% but combining 
those two groups into q2 (UK, China, Europe, 

Japan, US) gives a coefficient of 95.31%. This points 
out that an investor that has strong green risk pref
erences may need to have a portfolio diversified in 
such a way to include firms from all five economies, 
in order to capture high order of interaction post 
green revenues adjustments. One possible explan
ation for these clear discrepancies may be related to 
cultural differences. It has been observed in the lit
erature recently, see Auzepy et al. (2023), that sus
tainability-linked loan borrowers are perceived quite 
differently in the EU and the US.

4.2. Portfolio sorts

We test whether GRF has an effect on realised stock 
returns. At the end of each month, we sort stocks in 
ascending order using their GRFs. We form quintile 
portfolios so that stocks with the lowest GRFs are 
assigned to quintile 1 and those with the highest 
GRFs are assigned to quintile 5. Based on the sort
ing outcome, we implement a trading strategy that 
takes a goes long on stocks with the highest GRF 
(quintile 5) and shorts stocks with the lowest GRFs 
(quintile 1). On this basis, we can attribute differen
ces in average returns to differences inherited from 
the spread in the GRF variable.

In Table 6, we report the results for the quintiles 
portfolios formed on the basis of the GRF for each 
economy. The first two panels present the time ser
ies average of each quintile portfolio. Upon the sort
ing, Japan has the largest betas compared like for 
like with the other economies (except for the lowest 
quintile for which US is the highest), whilst China 
has the lowest betas. One can also note the quintiles 
portfolios for the US and UK give similar betas. 
Panel C of the same table shows the average values 
of the GRF for the respective quintile portfolios and 
economies. For the lowest quintile, the lowest 

Table 5. Multiple uncorrelation and correlation coefficients for Green Revenues Indexes around the world.
Groupings W2 q2 Groupings W2 q2

All, UK, China 0.3085 0.6914 All, UK, China, Europe 0.0003 0.9997
All, UK, Europe 0.0420 0.9579 All, UK, China, Japan 0.2514 0.7486
All, UK, Japan 0.3470 0.6529 All, UK, China, US 0.0119 0.9881
All, UK, US 0.0994 0.9006 All, UK, Europe, Japan 0.0354 0.9646
All, China, Europe 0.2781 0.7218 All, UK, Europe, US 0.0019 0.9981
All, China, Japan 0.6195 0.3804 All, UK, Japan, US 0.0107 0.9893
All, China, US 0.0588 0.9411 All, China, Europe, Japan 0.2265 0.7735
All, Europe, Japan 0.0571 0.9428 All, China, Europe, US 0.0081 0.9919
All, Europe, US 0.0171 0.9828 All, China, Japan, US 0.0334 0.9666
All, Japan, US 0.0571 0.9428 All, Europe, Japan, US 0.0069 0.9931
UK, China, Europe 0.0930 0.9069 UK, China, Europe, Japan 0.6815 0.3185
UK, China, Japan 0.6814 0.3185 UK, China, Europe, US 0.0572 0.9428
UK, China, US 0.4123 0.5876 UK, China, Japan, US 0.4322 0.5678
UK, Europe, Japan 0.0989 0.9010 UK, Europe, Japan, US 0.0615 0.9385
UK, Europe, US 0.6254 0.3745 China, Europe, Japan, US 0.7717 0.2283
UK, Japan, US 0.5634 0.4365 All, UK, China, Europe, Japan 0.0256 0.9744
China, Europe, Japan 0.6707 0.3292 All, UK, China, Europe, US 0.0009 0.9991
China, Europe, US 0.5026 0.4973 All, UK, China, Japan, US 0.0050 0.9950
China, Japan, US 0.7716 0.2283 All, China, Europe, Japan, US 0.0026 0.9974
Europe, Japan, US 0.5404 0.4595 UK, China, Europe, Japan, US 0.0469 0.9531

Note: This table presents multiple uncorrelation and correlation square coefficients for the return time series of Green Revenues Indexes of All- 
World, UK, China, Europe, Japan and US. The sample period is from May 2016 and ending December 2022.
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average GRF is for Japan and the highest is for UK, 
followed closely by Europe. For the highest quintile 
portfolios, the lowest average GRF is for US at 1.083 
while the largest is for China at 1.280. Europe is 
second largest at 1.174, followed by UK with 1.139 
and Japan with 1.126. Therefore, the greenest port
folio can be constructed with companies from 
China, while the less green would be for Japan. US 
quintile portfolios have average GRFs varying 
between 0.948 and 1.083, indicating that most com
panies from the US basket are classified more or 
less as less green or net green neutral. Japan is the 
only economy with two quintiles (4th and 5th) with 
average GRF larger than 1.

Based on the above, it is very interesting to see 
the realised returns performance for those quintiles 
portfolios. For Japan and Europe, all quintiles have 
negative average returns, hence a high minus low 
strategy would generate a positive performance for 
Europe and negative performance for Japan. China 
has negative average returns for both low and high 
quintiles and positive average returns for all the 
other three middle quintiles. A high-minus-low 
strategy will also give positive returns for China. UK 
has negative average returns for all quintiles except 
the 4th and a high minus low strategy would also 
generate positive returns. US is perhaps the best- 
structured tranche of quintile portfolios, with nega
tive average returns for the first two quintiles and 
positive average returns for the last three quintiles. 

A high minus-low strategy would give the largest 
positive returns out of all economies.

4.3. Time stochastic dominance test results

Table 7 shows the results for time stochastic domin
ance for all possible pairings of economies. The All- 
World economy was left out of this analysis, since 
there is no clear regulatory, legal, and economic jur
isdiction. For robustness, we present three different 
methods for calculation of p-values, i.e. the least 
favorable case (LFC), contact set (Contact) algo
rithm, and the numerical delta method (NDM). 
Rejecting the null hypotheses in the first-time and 
first-order TSD test means that the NPV of long- 
short strategies implemented for countries on the 
right-hand side of (�) is more or less the same 
as that of countries indicated on its left-hand 
side. For example, rejecting Hð1, 1Þ

0 : NPVu, vðYUKÞ� 

NPVu, vðYEURÞ means that the NPV of the long- 
short strategy implemented in the EUR is more or 
less the same as that of the UK. When the null 
hypotheses are not rejected, it implies that the 
results show that NPV of long-short strategies in 
the first country, first-time and first-order stochastic 
dominates that of the second country. Take for 
example, Hð1, 1Þ

0 : NPVu, vðYUKÞ�NPVu, vðYUSÞ and 
Hð1, 1Þ

0 : NPVu, vðYUSÞ�NPVu, vðYUKÞ with strong evi
dence against the null (see p-values in the first and 
second row of Table 7). This indicates that an 
investor with green-preference, having increasing 
utility and decreasing discounting function would 
assign high NPV to long-short strategies in the US 

Table 6. Quintiles portfolios sorted on the green revenue 
factor.
Portfolio UK Russell 1000 (US) Japan Europe China All-World

Panel A: CAPM Beta
1(Low) 0.746 0.856 0.797 0.613 0.536 0.628
2 0.821 0.868 0.879 0.698 0.478 0.532
3 0.853 0.821 0.889 0.646 0.441 0.570
4 0.783 0.894 0.986 0.735 0.396 0.707
5(High) 0.851 0.866 0.942 0.717 0.439 0.610

Panel B: Realised Beta
1(Low) 0.743 0.851 0.795 0.610 0.533 0.623
2 0.819 0.865 0.878 0.697 0.475 0.529
3 0.853 0.819 0.888 0.645 0.439 0.569
4 0.782 0.893 0.985 0.733 0.393 0.705
5(High) 0.849 0.864 0.941 0.715 0.437 0.607

Panel C: GRF
1(Low) 0.955 0.948 0.919 0.953 0.946 0.947
2 0.977 0.965 0.930 0.966 0.977 0.962
3 0.978 0.967 0.948 0.967 0.986 0.966
4 0.981 0.981 1.001 0.991 0.990 0.993
5(High) 1.139 1.083 1.126 1.174 1.280 1.138

Panel D: Mean Return
1(Low) −0.018 −0.049 −0.099 −0.048 −0.064 −0.057
2 −0.032 −0.007 −0.130 −0.025 0.007 −0.026
3 −0.019 0.014 −0.089 −0.005 0.019 0.008
4 0.014 0.014 −0.108 −0.043 0.034 −0.018
5(High) −0.013 0.033 −0.127 −0.033 −0.010 −0.029

Note: At the end of each month, we sort stocks in each index into 5 
annualized value-weighted portfolios according to their green revenue 
factor (GRF). We report the time series average of each quintile port
folio’s value-weighted average CAPM beta, Realised beta, and the GRF 
used for sorting. Mean return denotes the annualized average portfolio 
excess return. The period of analysis starts from May 2016 and ends 
December 2022.

Table 7. Time stochastic dominance (TSD) test for high 
minus low strategy.
Test LFC (1,1) Contact (1,1) NDM (1,1)

NPVu, vðYUKÞ�NPVu, vðYUSÞ 0.010 0.000 0.005
NPVu, vðYUSÞ�NPVu, vðYUK Þ 0.350 0.265 0.220
NPVu, vðYUKÞ�NPVu, vðYJPNÞ 0.575 0.575 0.465
NPVu, vðYJPNÞ�NPVu, vðYUKÞ 0.120 0.120 0.105
NPVu, vðYUKÞ�NPVu, vðYEURÞ 0.360 0.360 0.330
NPVu, vðYEURÞ�NPVu, vðYUKÞ 0.64 0.640 0.59
NPVu, vðYUKÞ�NPVu, vðYCHNÞ 0.010 0.000 0.005
NPVu, vðYCHNÞ�NPVu, vðYUKÞ 0.115 0.045 0.065
NPVu, vðYUSÞ�NPVu, vðYJPNÞ 0.835 0.825 0.775
NPVu, vðYJPNÞ�NPVu, vðYUSÞ 0.030 0.010 0.030
NPVu, vðYUSÞ�NPVu, vðYEURÞ 0.295 0.285 0.195
NPVu, vðYEURÞ�NPVu, vðYUSÞ 0.010 0.010 0.010
NPVu, vðYUSÞ�NPVu, vðYCHNÞ 0.680 0.680 0.625
NPVu, vðYCHNÞ�NPVu, vðYUSÞ 0.340 0.340 0.315
NPVu, vðYJPNÞ�NPVu, vðYEURÞ 0.155 0.155 0.140
NPVu, vðYEURÞ�NPVu, vðYJPNÞ 0.840 0.840 0.795
NPVu, vðYJPNÞ�NPVu, vðYCHNÞ 0.030 0.020 0.030
NPVu, vðYCHNÞ�NPVu, vðYJPNÞ 0.375 0.365 0.280
NPVu, vðYEURÞ�NPVu, vðYCHNÞ 0.015 0.015 0.015
NPVu, vðYCHNÞ�NPVu, vðYEURÞ 0.075 0.045 0.040

Note: This Table reports the p-values of the Lee et al. (2023) time stochas
tic dominance (TSD) test using the null hypothesis specified in 
Equation (10). The null hypothesis states that the expected discounted 
utility of the strategy in country i, NPVu, vðY iÞ; first-order time and first- 
order stochastic dominates that of j, NPVu, vðY jÞ; thus, n ¼ 1 and m ¼ 1:
The reported p-values are those obtained from the LFC algorithm, 
Contact-set approach, and numerical delta method (NDM).
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than in UK. Similar interpretations suffice for the 
other six instances. The conclusion is largely the 
same irrespective of the type of test-statistic 
employed.

Focusing on the contact-set approach, the test 
results in Table 8 show that the long-short portfolio 
strategy in US second-order stochastically dominates 
that in the UK for second-time order at 5% signifi
cance level. This means that a risk-averse investor 
having a monotone decreasing discounting function 
will assign higher NPV to long-short strategy in the 
US than long-short strategy in the UK. This finding 
remains the same at 1% significance level when the 
paired-test involves US and Japan. In addition, the 
long-short portfolio strategy in the UK second-order 
stochastically dominates that in Japan for second- 
time order at 10% significance level. Similarly at 
10% level of significance, we find that the long-short 
strategy in Europe second-order stochastically domi
nates that in Japan for second-time order.

Based on the results in Tables 7 and 8, we docu
ment that the NPV of long-short strategy in US 
second-order stochastically dominates that in the 
UK and Japan for both first and second-time order 
at 5% and 1% significance levels, respectively. This 
can be interpreted as an evidence for a dynamic dol
lar realised gains associated with green-tilted inves
ting for a risk-averse agent with a monotone 
decreasing discounting function. These insights 
might be challenging to observe from a reduced- 
form analysis that relies solely on mean values, as it 
hampers the ability to infer discounted utility or dis
counting factors when using the t-test or the 

conventional static first-order and second-order sto
chastic dominance test.

At first glance, it may seem surprising that in 
general the portfolio strategy for the US dominates 
all the other corresponding portfolio strategies based 
on high minus low in GRF selection. However, one 
possible reason for the outcome results may be the 
fact that the constituents of the Green Revenues 
Index for US (Russell 1000) are more dispersed in 
terms of GRF whereas the constituents for Europe 
and Japan may be closer together in terms of GRF.

5. Conclusion

To transition towards a fully green economy, it is 
essential for investors in financial markets to operate 
in an environment where stock prices accurately 
reflect the extent of green activities undertaken by 
the companies in which they invest. In this study, 
we employ a detailed database of green revenues to 
track the relationship between green activities and 
stock prices across global markets, specifically com
paring the five largest economies.

Firms seeking to position themselves within the 
portfolios of investors worldwide, regardless of their 
alignment with green initiatives, can gain valuable 
insights from our analysis. For those firms aiming 
to be perceived as viable green investment opportu
nities without compromising their competitive edge, 
relocating operations to regions such as the UK, 
Europe, or China may prove advantageous. These 
regions are more conducive to green investment 
strategies, offering an environment that supports the 
transition towards sustainability. Conversely, firms 
that wish to attract investors while simultaneously 
continuing or expanding their involvement in 
brown economic activities might find greater success 
operating in the US. For investors exposed to such 
firms, it is crucial to recognize that in economies 
where the majority of firms are transitioning 
towards a green economy, achieving green invest
ment objectives becomes more feasible and can 
potentially be leveraged as a marketing tool for 
financial products. On the other hand, in countries 
where there is a large discrepancy between green 
and brown firms, investors may consider strategic 
trading approaches, such as going long on green 
firms and short on brown firms, in anticipation of 
upcoming regulatory shifts. Alternatively, investors 
might opt to take a position that goes long on 
brown firms and short on green firms, should exter
nal events—such as presidential elections—signal a 
potential retreat from green finance.

Firms in the UK and Europe demonstrate a 
higher level of environmental sustainability com
pared to firms in the US and Japan. As a result, 

Table 8. Time stochastic dominance (TSD) test for high 
minus low strategy.
Test LFC Contact NDM

NPVu, vðYUKÞ�NPVu, vðYUSÞ 0.135 0.030 0.130
NPVu, vðYUSÞ�NPVu, vðYUKÞ 0.400 0.330 0.345
NPVu, vðYUKÞ�NPVu, vðYJPNÞ 1.000 1.000 1.000
NPVu, vðYJPNÞ�NPVu, vðYUKÞ 0.095 0.095 0.095
NPVu, vðYUKÞ�NPVu, vðYEURÞ 0.405 0.405 0.395
NPVu, vðYEURÞ�NPVu, vðYUKÞ 0.660 0.660 0.645
NPVu, vðYUKÞ�NPVu, vðYCHNÞ 0.285 0.280 0.270
NPVu, vðYCHNÞ�NPVu, vðYUKÞ 0.355 0.355 0.340
NPVu, vðYUSÞ�NPVu, vðYJPNÞ 0.625 0.560 0.555
NPVu, vðYJPNÞ�NPVu, vðYUSÞ 0.050 0.000 0.050
NPVu, vðYUSÞ�NPVu, vðYEURÞ 0.360 0.360 0.335
NPVu, vðYEURÞ�NPVu, vðYUSÞ 0.195 0.110 0.185
NPVu, vðYUSÞ�NPVu, vðYCHNÞ 1.000 1.000 1.000
NPVu, vðYCHNÞ�NPVu, vðYUSÞ 0.235 0.235 0.230
NPVu, vðYJPNÞ�NPVu, vðYEURÞ 0.085 0.085 0.085
NPVu, vðYEURÞ�NPVu, vðYJPNÞ 1.000 1.000 1.000
NPVu, vðYJPNÞ�NPVu, vðYCHNÞ 0.175 0.175 0.175
NPVu, vðYCHNÞ�NPVu, vðYJPNÞ 0.425 0.415 0.375
NPVu, vðYEURÞ�NPVu, vðYCHNÞ 0.355 0.340 0.310
NPVu, vðYCHNÞ�NPVu, vðYEURÞ 0.315 0.315 0.29

Notes: This Table reports the p-values of the Lee et al. (2023) time sto
chastic dominance (TSD) test using the null hypothesis specified in 
Equation (10). The null hypothesis states that the expected discounted 
utility of the strategy in i, NPVu, vðY iÞ; n ¼ m ¼ 2; second-order time 
and second-order stochastic dominates that of j, NPVu, vðY jÞ: The 
reported p-values are those obtained from the LFC algorithm, Contact- 
set approach, and numerical delta method (NDM).

12 E. QUAYE ET AL.



investors subject to legal constraints, such as pen
sion funds in France, or those influenced by stake
holder-driven objectives focused on fostering a more 
sustainable society, as seen in Scandinavian coun
tries, may increasingly include firms from the UK 
and Europe in their portfolios to meet these social 
and regulatory requirements. Economies that are 
more supportive of green activities, such as the UK 
and Europe, exhibited greater resilience in their cli
mate change initiatives during the COVID-19 
pandemic.

We comparatively analyse the dynamics of the 
GRF over the entire period of our study. We con
clude overall that companies in the UK, Europe and 
China have more green exposure than the compa
nies in the US and Japan. By monitoring dollar real
ised returns portfolio strategies, we observed that a 
high minus low portfolio based on the GRF measure 
leads to US being the dominating force in terms of 
dollar generation. Thus, investors can use the GRF 
database to design strategies that still produce sig
nificant returns while taking into consideration the 
green revenues levels of the companies representing 
the major economies.

Portfolios including US and/or UK on one side 
and China and/or Japan on the other will be more 
diversified given the lower multiple correlation coef
ficient for those groupings. Our findings indicate 
some polarization for firms in the US and UK on 
one side and for firms in the China and Japan on 
the other.

Using the latest advances in stochastic order 
dominance for portfolio strategies, we compare the 
performances of long-short green portfolios that can 
be organised for the major five economies. Given 
the larger wedge in terms of green revenues for 
firms in the US relative to firms in the other econo
mies, it is perhaps not surprising that in dollar 
terms the US portfolio is the most dominant whilst 
the Japan portfolio is the least dominant. As green 
activities cover more firms from more countries 
worldwide further research could be carried out 
along similar lines exposed in our paper to con
struct green portfolios with equity of firms from 
those other countries.

Policymakers may find the results of our study 
valuable and start thinking about measures to sup
port activities related to helping the climate change 
agenda. In this context, governments could consider 
implementing taxes on the profits generated by 
firms engaged in environmentally harmful (brown) 
activities, and transfer those taxes to alleviate the 
financial losses induced to firms following green 
policies. Such measures could be introduced over a 
defined period, for example, five years, during which 
firms that change their operations to comply with 

the climate change agenda can offset their losses 
made by comparing to operating as before, in a 
standard non-green way. Over time, this approach 
may encourage more firms to shift to operating in a 
greener way, as they would not face immediate 
financial detriment while transitioning.

Furthermore, policy makers could look at the 
results obtained by investors into foreign firms. To 
further advance the climate change agenda, regula
tors could also implement taxes on profits obtained 
from investing in non-green firms in other coun
tries. This may stop domestic investors following 
dollar profits with disregard to climate change 
agenda. Such a policy may contribute to a segrega
tion of economic activities that would encourage the 
“green capital” to return to the green economies, 
while the “brown capital” will remain in the brown 
economies.

Notes

1. For a given company, any activity generating green 
revenues is mapped to one or more micro sectors 
and then an aggregate green revenue measure is 
computed. The GRDM relies on a three-tiers green 
system by dividing the activities of a company, over 
the 133 micro-sectors as following: Tier 1 includes 
activities with significant and clear environmental 
benefits(such as Solar); Tier 2 covers activities with 
limited but net positive environmental benefits (such 
as Water Utilities); Tier 3 includes activities with net 
neutral or negative environmental benefits (such as 
Nuclear).

2. The stocks in the quintile portfolios are weighted by 
market capitalisations.
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