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The Environmental Pillar of ESG and Financial Performance: A Portfolio Analysis 

 
 
 

Abstract 
 

Our research uses the environmental pillar of ESG as a proxy for environmental corporate social 

responsibility. We examine the performance of environmentally clustered portfolios by using 

simple quantitative investment strategies with optimum asset rotation. Post-hoc, sample-split 

analysis with non-parametric tests is performed. The results suggest that both environmental status 

and dynamic environmental performance are key characteristics of divergent financial behaviors. 

We show that environmentally low-rated companies present better financial performance, while 

environmental leaders are less risky and show more resilience. Assets with a dynamic 

environmental profile outperform on average in terms of returns and risk. Furthermore, supporting 

evidence of positive spillovers in high-rated environmental clusters is identified after the Paris 

Agreement. We evaluate the resilience of the environmental clusters during the COVID-19 crisis 

and the Russia-Ukraine war effect.  
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1. Introduction 

The incorporation of Environmental, Social, and Governance (ESG) factors into the investment 

process and its financial impact are still controversial issues among the academia and investment 

community. To some, ESG remains vague and there is no consensus on this matter. Larcker et al. 

(2021) analyse seven common myths related to ESG and find that there is no conclusive association 

between ESG and financial performance. 

In recent years, significant investments have been made in ESG stocks, sustainable funds and green 

bonds.1 Following the Paris Agreement, which was adopted in December 2015 (entered into force 

in November 2016), with 190 countries plus the EU that agreed to reduce their carbon emissions 

and limit the global temperature increase, various studies have attempted to answer further 

questions regarding the impact of the Paris Agreement on assets’ financial performance, and how 

to integrate carbon risk into  financial products (Delis et al. 2019). The decision of the US 

administration to re-join the Paris Agreement in 2021 brought carbon risk back on top of the climate 

change agenda. In this path, the investment community monitors more closely firms which 

incorporate carbon emission decisions into their investment process. In February 2020, COVID-19 

pandemic outbreak caused an unprecedented crisis in the financial markets since the global 

financial crisis of 2008-2009. The magnitude of the market crash was depicted in the 34% decline 

of the S&P 500 index in March 2020. The effect and the resilience of sustainable investments 

during times of crisis such as the COVID-19 pandemic have been investigated in recent studies 

(Albuquerque et al., 2020; Ding et al., 2020; Bae et al., 2021; Demers et al., 2021; Engelhardt et 

al., 2021). extraordinary 

 
1 A recent report by US SIF Foundation shows that investments in ESG and sustainable funds have increased 
from $1 trillion in 1998 to $8.4 trillion in 2022. See US SIF Foundation, “Report on US Sustainable and 
Impact Investing Trends,” (2022). 
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Whether ESG criteria can be integrated successfully into investment decisions and to what degree 

these criteria affect financial performance is a constant debate in the literature.2 And yet, despite 

its rapidly grown attention, the impact of ESG criteria remains unclear, especially in times of crises. 

Our motivation is triggered by the inconclusive answers on this matter, as well as the recent 

developments with respect to global warming. Therefore, we focus solely on the Environmental 

pillar of ESG and aim to shed more light on its financial impact on portfolio performance and how 

this can be implemented. In this paper we explore whether and how environmental information 

feeds into the financial behaviour of a sample of S&P 500 stock portfolios. We aim to raise the 

level of consciousness of portfolio investors to an exogenous to them second-order problem, that 

of environment and climate change.  

The contribution of our paper to the literature is threefold. First, we adopt the idea of clustering 

(i.e. clustering based on the environmental scores of ESG) instead of sorting, which has been 

broadly used in the literature, as sorting is often more vulnerable to short-term changes (Giese et 

al., 2019), “quality” factors (Bruno et al., 2021), and in some cases, to data driven results. In the 

first stage of our empirical analysis we employ seven straightforward criteria for optimum portfolio 

rebalancing. The use of clustering, instead of sorting, makes our rotation strategies more efficient, 

as all stocks belonging to a cluster are given the same chances of inclusion in a portfolio after 

rebalancing, while keeping at the same time the concept of environmental performance. Second, in 

order to be statistically consistent and answer the question as to whether the environmental cluster 

or the applied strategy drive our results,3 we examine the significance of the effect of each factor 

 
2 The relationship between environmental and financial performance has been extensively examined in the 
literature, since Hamilton et al., 1993; Diltz, 1995; Cohen et al., 1997; Yamashita et al., 1999; Derwall et al., 
2005; Kempf and Osthoff, 2007, to more recent studies on the impact of carbon emissions to financial 
performance and fixed income portfolio construction techniques, i.e. Bolton and Kacperczyk 2021, Görgen 
et al. 2020, Dorfleitner et al. 2020, Fabozzi et al. 2021. 
3 Many studies examine regional, sectoral, or applied strategy exposures (Bruno et al., 2021; Giese et al., 
2020; Nagy et al., 2016). 
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separately and of their interaction. We expand our research by including a contrast hypothesis and 

a post-hoc analysis, in an attempt to identify environmental clusters with potential divergent 

behaviour. Third, we select the Paris Agreement as a shock event, a milestone event against climate 

change, and we examine if any positive spillovers can be identified in our portfolios. We expand 

our analysis after the COVID-19 crisis unfolded, to assess the effects of the pandemic on the 

relationship between ESG and financial performance, as well as the implications of the war in 

Ukraine. 

We aim to identify long-term conclusions free from short-term variations, as well as to provide 

robust evidence attributed by the environmental performance and not by the selected strategy and/or 

parametrization. With clustering our empirical analysis examines the long-term relationship 

between environmental and financial performance. Unlike other studies that show an 

environmental premium being biased by short-term-driven results and other quality factors, we 

suggest that environmentally low-rated companies present higher returns. In contrast, companies 

with a dynamic environmental profile should be an optimal option, providing evidence of high risk-

adjusted returns. Environmental leaders are the risk-averted option for an investor and show more 

resilience, indicating positive spillovers after the Paris Agreement. We evaluate the resilience of 

the environmental clusters during the COVID-19 crisis and the Russia-Ukraine war effect. Our 

results explained by the environmental performance and not by the applied strategy. 

The rest of the paper is structured as follows. Section 2 reviews the literature on the relationship 

between environmental and financial performance and the ESG index. In Section 3 we present our 

empirical methodology and the data used in the paper. In Section 4 our empirical results are 

discussed. Section 5 gives concluding comments and offers some extensions of the current work. 
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2. The State-of-the-Art on ESG investing 

The attractiveness of socially responsible investing (SRI), or sustainable investing, has 

considerably grown for more than two decades,4 along with asset managers’ attention to ESG data. 

This is reflected in the annual growth of 26.1% of new signatories of the Principles for Responsible 

Investment (PRI) in 2021, representing more than $110 trillion assets under management (AUM).5 

PRI signatories are committed to integrating ESG data when making investment decisions.  

There is a widely held belief that sustainable investments pay off. However, it seems to be a 

continuously controversial issue in the literature (Renneboog et al., 2008; Larcker et al., 2021; 

Liang and Renneboog, 2021). Contradicting results started to appear in early studies too. Hamilton, 

Jo and Statman (1993), using data from socially responsible mutual funds with mainly 

environmental criteria, find that there is not SRI premium and social responsibility elements do not 

affect stock returns. This is in line with the basic finance principle, where such elements that are 

not proxies for risk do not affect the stock returns. Cohen, Fenn, and Konar (1997) report that there 

is neither an environmental premium nor a penalty for investing in low-polluter companies, having 

constructed industry-clustered portfolios with environmental responsibility criteria to investigate 

the financial performance difference between low-polluter and high-polluter companies in the 

United States (US).  

Studies have attempted to explain also the effect of sustainable investments during times of 

financial crises and shock events. The relation between ESG and financial performance of US 

commercial banks over 2003-2010 was examined by Cornett et al. (2016). They find positive 

evidence related to ESG performance. Especially after the financial crisis, banks gain from 

engaging in sustainability. Similarly, Lins et al. (2016), study ESG factors of non-financial 

 
4 United Nations, “Financing for Sustainable Development Report 2019” (2019) 
5 United Nations Principles for Responsible Investment, “PRI Quarterly signatory update Q2 2021” (June 
2021). 
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companies during 2008-2009 and showed that high-ESG rated firms had significantly higher stock 

returns, profitability and growth than low rated ones.  

The Paris Agreement as a shock event, was a milestone against climate change. Recent studies 

investigate whether the Paris Agreement can raise the awareness of investors. Monasterolo and de 

Angelis (2020) analyze a sample of “green” and “brown” indices from the US and EU (1999-2018), 

and argue that low carbon emissions are associated with low risk following the Paris Agreement. 

Bolton and Kacperczyk (2021) seem to agree with Monasterolo and de Angelis (2020). They 

examine the impact of carbon emissions in relation to stock returns over 2015-2017 and provide 

evidence of a carbon premium, with companies which generate higher carbon emissions 

demonstrating significantly higher stock returns. Seltzer et al. (2021) study companies with poor 

environmental performance and demonstrate results of lower credit ratings, over the 2009-2017 

period in the US, especially in states where the environmental regulations are stricter. They show 

that Paris Agreement as a shock event affected negatively “polluter” companies.  

The implications of the COVID-19 pandemic in the financial markets has drawn attention in the 

recent literature, showing ambiguous results. The resiliency of the high-ESG rated firms during the 

COVID-19 crisis is documented by Albuquerque et al. (2020). They analyze Environmental and 

Social ratings and stock returns from 2017 to 2019 in the US and show that high rated firms 

exhibited lower volatility after the COVID-19 outbreak. On the same page, Ding et al. (2020) 

evaluate 6,000 firms globally and argue that firms with better CSR performance demonstrated 

resilience during the pandemic. Lower idiosyncratic stock volatility with abnormal returns for high-

ESG rated European firms is evidenced by Engelhardt et al. (2021). They analyze a sample of 

European firms in 2019-2020. Bae et al. (2021) and Demers et al. (2021) contribute to the literature 

with similar mixed results. Both studies utilize ESG data from 2018-2019 and analyze US stock 

returns following the COVID-19 outbreak. They show no relation between ESG performance and 

stock returns and thus CSR does not immunize firms in uncertain times.  
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On the selection of the appropriate ESG portfolio construction techniques, numerous studies have 

provided deviate evidence on whether ESG and environmental investments outperform (Clark et 

al., 2015), while others tend to blame other “quality” factors, such as high profitability and 

conservative investment (Bruno et al., 2021). Two widely used SRI approaches (Clark et al., 2015), 

are the simple exclusionary approach, in which companies from controversial industries are 

excluded, and the inclusion strategy, in which inclusion screens are applied.6 One of the most 

prevalent portfolio construction techniques is sorting. Sorting stocks based on certain criteria, has 

been broadly applied in investment strategies, and basically in the momentum strategy, i.e. buying 

the best-in-class stocks and selling the laggards, or other alternatives. In such way it has been 

applied in portfolio construction techniques utilizing ESG criteria. An ESG momentum strategy 

applied by Nagy et al. (2016) over the period 2007-2015, advantaging stocks with increasing ESG 

scores. Their results showed that the ESG momentum strategies outperform the market. They 

provided also evidence of factor and industry contributions, showing a tilt towards mid-cap 

companies. A similar combined approach is followed by Verheyden et al. (2016), who apply as an 

additional step a preliminary ESG screening, excluding stocks with the lowest ESG scores. Their 

findings show improved returns, lower volatility by excluding low-rated companies with an ESG 

momentum strategy. Giese et al. (2019) sort companies using the ESG aggregate score, utilizing 

data of 1600 stocks during 2007-2017. They show a link between ESG rating and financial 

performance and provide evidence of outperformance for the higher ESG-rated companies. They 

assess the ESG momentum strategy analogous to Nagy et al. (2016) and find significant financial 

impact on stock returns. They evidence though, that ESG momentum works only in the short-term. 

Using 1600 stocks from developed markets from 2006 to 2019, Giese et al. (2021) extend their 

previous research by analyzing the aggregate ESG score, ESG factors individually and their sub-

 
6 Exclusion and inclusion strategy have been widely applied in the literature (Alessandrini and Jondeau, 2020; 
Dimson et al., 2020; Trinks et al., 2017; Nagy, Kassam and Lee, 2016; Clark et al., 2015; Hong and 
Kacperczyk, 2009; Diltz, 1995). 
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components. They show a positive return and positive alpha for higher ranked companies. 

However, environmental and carbon emission indicators show weakness in long-term results. Early 

studies also, using similar sorting techniques show that ESG criteria can be a substantial gauge in 

the investment process (Derwall et al., 2005; Yamashita et al., 1999; Kempf and Osthoff, 2007; 

Carhart 1997). 

Studies though, have provided evidence of applied strategy, sector, equity or geographic factors 

biases. Bruno et al. (2021) assess several studies using sorting and ESG momentum techniques and 

provide evidence of sector biases results, and exposures to high profitability and equity style 

factors. Similarly, Auer and Schuhmacher (2016), show that ESG rated companies outperform only 

when applying various portfolio screens with geographic and industry criteria. This study yields 

several combinations of ESG, geographic and industries conditions that should be considered in 

order to provide risk-adjusted performance. 

Sorting techniques have shortcomings. They are driven by short-term variations and lead to data 

driven results. Increased attention to ESG leads to inflated short-term performance (Bruno et al., 

2021), while in the long-term, lower expected returns (Cornell, 2020; Pastor et al., 2021). Likewise, 

Giese et al. (2019) evidence that ESG momentum strategy shows outperformance in the short-term. 

Long-term positions can be easily overestimated when considering ESG short-term driven results.  

Hence, in an attempt to avoid such shortcomings, we utilize the clustering technique with 

environmental scores of ESG. In order to overcome biases associated with the applied strategy, in 

our empirical analysis we employ seven criteria for optimum portfolio rebalancing. Our rotation 

criteria have no memory of past values after a particular time shift. More specifically, while the 

lookback concept keeps past information for the next rebalances, we accept that after several 

rebalances, the shift in time is bigger than the lookback period, thus keeping no past information 

compared to the first rebalance. This recursive procedure happens many times, since the lookback 
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period is much smaller than the entire period of analysis of 2003-2022. Therefore, there will be 

enough such realizations with zero or low memory from the past, or in other words, enough restarts 

of the chances of inclusion of an asset in a portfolio. Clustering methods is a common practice for 

portfolio optimization techniques (Tola et al., 2008; Chen and Huang, 2009). Our aim is to provide 

robust results explained by the environmental performance and not dependent on the selected 

specification, as explained more in depth in Section 3. Finally, our analysis considers also shock 

events such as the Paris Agreement, the COVID-19 period, as well as the Russia-Ukraine war, and 

examines if any spillovers effects can be identified in our portfolios. 

3. Data, Clusters analysis & Empirical Methodology  

3.1. Data 

The two main data categories concern the daily returns of the S&P 500 companies and their 

environmental score of ESG index, respectively. All data have been acquired from Thompson 

Reuters – Eikon (2022). Thomson Reuters database provides ESG scores of approximately 9,000 

companies globally, which measure companies’ ESG performance based on over 400 different 

metrics under 10 categories, across the three Environmental, Social and Governance pillars.7 The 

timespan of our sample is from 2003 until 2022, in daily frequency for returns and in annual 

frequency regarding environmental scores. As mentioned above, the ESG framework, sets four 

different clusters from A to D, based on the ESG score of each year (each quartile, starting from 

zero score until one hundred, represents one cluster from D to A respectively), with their respective 

subdivisions, plus [+], normal and minus [-]. The same cluster notation can be used in the 

disaggregate level based only on one ESG index component, E, S, or G score. This analysis uses 

only the E score to allocate the assets to clusters “A” to “D”.  To that end, we use the highest 

 
7 Thomson Reuters ESG data are widely used in the CSR literature (Albuquerque et al., 2020; Bae et al., 
2021; Demers et al., 2021). The relevant metrics are grouped into 10 categories: resource use, emissions and 
innovation (Environmental pillar), workforce, human rights, community, and product responsibility (Social 
pillar) and management, shareholders and CSR strategy (Governance pillar). For an overview and analysis 
of the ESG report and ratings providers, please refer to Huber and Comstock (2017). 
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frequency in years from the entire period an asset remains in a cluster to make the final allocation. 

Nevertheless, there is the case where a cluster remains approximately equally in two or more 

clusters, and hence the aforementioned criterion loses useful information. Usually this happens 

when high change rates of ESG scores exist. In this case, we classify our assets to a new cluster, 

called “T” for transition. To avoid discretionary criteria for including an asset to cluster T, we use 

the geometric mean of the absolute changes of the environmental performance (i.e. the “E” 

component of the ESG scores) of the examined period, and select only the assets whose means are 

bigger from the 3rd quartile (Q3). We selected the geometric mean as a measure of central tendency, 

since the samples of “E” scores of many assets include outliers, resulting in potential over or 

underestimation of the measure. Quoting Clark-Carter’s (2010) words, “The geometric mean has 

an advantage over the arithmetic mean in that it is less affected by extreme values in a skewed 

distribution”, which is our case here.  Hence, we have: 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖 = �
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑇𝑇,     𝐺𝐺𝐶𝐶𝐺𝐺𝐺𝐺.𝑀𝑀𝐶𝐶𝑀𝑀𝑀𝑀𝛥𝛥(𝐸𝐸) ≥  𝑄𝑄3 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖(max Years),     𝐺𝐺𝐶𝐶𝐺𝐺𝐺𝐺.𝑀𝑀𝐶𝐶𝑀𝑀𝑀𝑀𝛥𝛥(𝐸𝐸) <  𝑄𝑄3        (eq.1) 

where  Geom. Mean𝛥𝛥(𝐸𝐸) = �(1 + |𝛥𝛥𝛦𝛦2−1|)(1 + |𝛥𝛥𝛦𝛦2−1|) … �1 + �𝛥𝛥𝛦𝛦𝑛𝑛−(𝑛𝑛−1)��
𝑛𝑛

− 1  

Table (1) below presents examples of cluster allocation before and after the use of the logical 

statement. As shown, there are cases where the highest frequency in years does not set the cluster, 

but the high change rate of environmental performance does through its geometric mean. 

[Insert Table 1, about here]  

To estimate the computational time of cluster allocation, we use the big O notation for complexity 

classes. Eq.1 is a conditional statement; hence we take the maximum runtime from the two 

statements included. The upper statement is a basic assignment operation, while the lower is a 

nested condition of basic operations as well. Although the total time is a function of the size n of 
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all assets, the overall complexity class remains a constant time O(1) class, given we know the 

number of assets in advance, which remains unchanged. As shown in the following sections, our 

annual and daily data, of E scores and returns respectively, are not used in the same estimation 

block together, avoiding us to use aggregation or disaggregation techniques for mixed frequencies. 

While assets allocations in clusters, as explained above require only the annual data of the E scores,  

the clusters dependence analysis, portfolio rebalancing and its post hoc analysis use only daily 

returns.   

3.2. Clusters dependence analysis 

To have a comprehensive insight of the features of the clusters, which might allow us to explain 

better some of our empirical results, we make an initial analysis of their structure dependencies. 

We do this on two levels, first on their linear relationships using principal component analysis 

(PCA), and second on the extreme values of their performance using the extreme value theory.  It 

is well known that PCA aims to reproduce original variance structure of the initial dataset, here 

each cluster’s assets, using a relatively small number of eigenvectors. Our focus is to assess the 

level of homogeneity of the assets of its cluster. The more variance explained with fewer principal 

components after eigenvector-eigenvalue decomposition, the more homogenous the behaviour of 

the cluster in terms of stronger linear dependencies among assets, as eigenvalue 𝜆𝜆𝑖𝑖 represents the 

amount of variability between the assets of a cluster explained by the respective eigenvector.  

Figure (1) and Table (2) below present the results from the PCA Analysis. As shown, the best 

environmental clusters exhibit larger values of their first eigenvalues, and reach the same level (e.g. 

0.6) of explained variances using less eigenvectors compared to less environmentally friendly 

clusters and Cluster T as well.  These results suggest stronger ties or linear dependencies in assets 

belonging to clusters with higher environmental performance and the opposite for clusters D or T. 

In other words, assets in higher environmental status look more towards the same direction than 

assets on the rest of the clusters.    



12 
 

[Insert Table 2, about here] 

[Insert Figure 1, about here] 

We further explore dependence structures, within each cluster, in their extreme values. Towards 

that direction, we implement a multivariate extreme value test within each cluster based on max-

stability. Also, as a measure of tail fatness, we estimate the Obesity Index (Cooke et al., 2011). 

Before testing, we address the issue of i.i.d. variables using McNeil et Frey (2000) two-step 

approach. By default, an ARMA(p1,q1) process with GARCH(p2,q2) errors is assumed. 

Nevertheless, after testing our series for autocorrelation and partial autocorrelation8, we see that 

while several autocorrelations seem significant under the i.i.d. hypothesis, the autocorrelations are 

within the confidence bands of the GARCH hypothesis, as explained in Proberts et Boshnakov 

work (n.a.). Given this, we use a pure GARCH(p, q)  model as below:  

 𝑋𝑋𝑡𝑡 = 𝜇𝜇0 + 𝜎𝜎𝑡𝑡𝑍𝑍𝑡𝑡,            (eq.2) 

 𝜎𝜎𝑡𝑡2 = 𝑀𝑀0 +∑ 𝑀𝑀𝑖𝑖(𝑋𝑋𝑡𝑡−𝑖𝑖 − 𝜇𝜇𝜊𝜊)2𝑝𝑝
𝑖𝑖=1 + ∑ 𝛽𝛽𝑗𝑗

𝑞𝑞
𝑗𝑗=1 𝜎𝜎𝑡𝑡−𝑗𝑗2  

where  (𝑍𝑍𝑡𝑡) 𝑡𝑡∈ℤ  a strict white noise with mean 0 and variance σ2, independent of (𝑋𝑋𝑠𝑠) 𝑠𝑠<𝑡𝑡   for all t. 

Lags p, and q are identified with the AIC Information criterion.  

 The standardised residuals of eq.(2) replace our initial log return series in the following analysis 

of extreme values. Also, we separate return series for positive and negative returns to address the 

non-symmetric behaviour financial returns usually shown. Figure (2) below presents 

autocorrelations and partial autocorrelations for an asset’s log return series (up) and for the 

standardised residuals after the GARCH filter (middle). Also, Q-Q plots for them (returns are in 

left and residuals in right) are depicted respectively.  

[Insert Figure 2, about here] 

 
8 All test results are in the data file 
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Regarding the Obesity Index (OI), it is a scalar measure and it is defined for a random variable 𝑋𝑋 

as:  

𝑂𝑂𝑂𝑂(𝑥𝑥) = 𝑃𝑃(𝑋𝑋1 + 𝑋𝑋4 > 𝑋𝑋2 + 𝑋𝑋3|𝑋𝑋1 ≤ 𝑋𝑋2 ≤ 𝑋𝑋3 ≤ 𝑋𝑋4 ,     𝑋𝑋𝑖𝑖   𝑀𝑀𝐶𝐶𝐶𝐶 𝑖𝑖. 𝑖𝑖.𝑑𝑑. ,               (eq.3) 

It is expected that this probability is higher in the case of heavy-tailed distributions than in thin-

tailed ones. Given the joint density of n order statistics:  

𝑓𝑓1,2,…,𝑛𝑛(𝑥𝑥1,𝑥𝑥2, … , 𝑥𝑥𝑛𝑛) = �𝑀𝑀!∏ 𝑓𝑓(𝑥𝑥𝑖𝑖),   𝑥𝑥1 < 𝑥𝑥2 < ⋯ < 𝑥𝑥𝑛𝑛,𝑛𝑛
𝑖𝑖=1

0,   𝐺𝐺𝐶𝐶ℎ𝐶𝐶𝐶𝐶𝑒𝑒𝑖𝑖𝐶𝐶𝐶𝐶          (eq.4) 

And the restrictions  𝑥𝑥1 + 𝑥𝑥4 >  𝑥𝑥2 + 𝑥𝑥3   &  𝑥𝑥1 < 𝑥𝑥2 < 𝑥𝑥3 < 𝑥𝑥4 

𝑂𝑂𝑂𝑂(𝑋𝑋) equals the following integral:  

𝑂𝑂𝑂𝑂(𝑋𝑋) = 24∫ 𝑓𝑓(𝑥𝑥1)∞
−∞ ∫ 𝑓𝑓(𝑥𝑥2)∞

𝑥𝑥1
∫ 𝑓𝑓(𝑥𝑥3)∞
𝑥𝑥2

∫ 𝑓𝑓(𝑥𝑥4)∞
𝑥𝑥3+𝑥𝑥2−𝑥𝑥1

𝑑𝑑𝑥𝑥4𝑑𝑑𝑥𝑥3𝑑𝑑𝑥𝑥2𝑑𝑑𝑥𝑥1     (eq.5) 

In our data, we estimate OI by bootstrapping. We run 28 trials of samples of 4 points for each asset 

return series, in every cluster9. Although OI does not completely reflect the tail index or the extreme 

value index, since it is applied to the whole distribution, it is important as it does not require 

estimating a parameter of an ex-ante hypothetical distribution whose moments may or may not be 

infinite. OI follows the idea that larger values are further apart or that the sum of two samples is 

driven by the larger of the two. Assuming our returns for each cluster, are identically distributed, 

then the higher the OI value the heavier the tail of our series.  Table (3) below, includes the estimates 

of OI for all the clusters and their 95% confidence bounds, separately for positive and negative 

returns.  

[Insert Table 3, about here] 

 
9 Code file “Obesity Index.R” is available in the data file  
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As shown, negative tails are heavier compared to positive ones, for all the clusters they are referring 

to, but the T where the opposite is true. This is usual in financial returns as there is asymmetry 

between negative and positive disturbances, with bad news resulting in deeper losses compared to 

returns from good news. The second fact is that the worse the environmental cluster the heavier the 

tail, while for Cluster T, it seems to be closer to the environmentally good clusters A, B than to the 

bad ones, C and D., Given these two facts, it can be argued that Cluster T, performs rather not so 

conventionally compared to the other clusters, as it suffers less from bad news and earns more from 

good news, while it is not affected so much from extreme values like clusters C or D do.  

Moving to tail dependences, our focus is to examine dependence structures of extreme values in a 

portfolio of assets. To that end, we skip bivariate tests of extreme value copulas, despite their broad 

application in financial analyses, and proceed with multivariate extreme tests, that correspond to a 

portfolio of assets. Hence we apply the multivariate test of Kojadinovic et al. (2011) for a d-

dimensional random vector X of i.i.d. elements and continuous marginal cumulative distributions 

F1,.., Fd.  

It is well known that, based on Sklar (1959), the c.d.f. of this vector is, 

𝐹𝐹(𝒙𝒙) = 𝐶𝐶{𝐹𝐹1(𝑥𝑥1), … ,𝐹𝐹𝑑𝑑(𝑥𝑥𝑑𝑑)},   𝒙𝒙 ∈ ℝ𝑑𝑑 ,         (eq.6) 

where 𝐶𝐶: [0,1]𝑑𝑑 → [0,1]  is a copula capturing the dependence of vector’s X components. If, 

additionally, the following applies to copula C: 

𝐶𝐶(𝒖𝒖) = �𝐶𝐶 �𝐶𝐶1
1
𝑟𝑟 , … ,𝐶𝐶𝑑𝑑

1
𝑟𝑟 ��

𝑟𝑟

,∀𝒖𝒖 ∈  [0,1]𝑑𝑑 ,∀𝐶𝐶 >  0         (eq.7) 

The unknown copula C belongs to the class of extreme-value copulas. Keeping Kojadinovic et al. 

notation the test for the hypothesis 𝐻𝐻𝑜𝑜:𝐶𝐶 ∈  𝐶𝐶𝑥𝑥𝐶𝐶𝐶𝐶𝐶𝐶𝐺𝐺𝐶𝐶 𝑣𝑣𝑀𝑀𝐶𝐶𝐶𝐶𝐶𝐶  is based on processes of the form:  
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𝔻𝔻𝑟𝑟,𝑛𝑛(𝐶𝐶) =  √𝑀𝑀 ��𝐶𝐶𝑛𝑛 �𝐶𝐶1
1 𝑟𝑟� ��

𝑟𝑟

−  𝐶𝐶𝑛𝑛(𝐶𝐶)� ,𝐶𝐶 ∈  [0,1]𝑑𝑑 , 𝐶𝐶 >  0           (eq.8) 

𝔻𝔻𝑟𝑟,𝑛𝑛(𝐶𝐶, 𝐶𝐶) =  √𝑀𝑀 ��𝐶𝐶𝑛𝑛 �𝐶𝐶1
1 𝑟𝑟� , 𝐶𝐶��

𝑟𝑟

−  𝐶𝐶𝑛𝑛(𝐶𝐶, 𝐶𝐶)� ,𝐶𝐶 ∈  [0,1]𝑑𝑑 , 𝐶𝐶 >  0  

 

 

which can be used for the hypothesis 𝐻𝐻𝑜𝑜. Thus, the proposed tests for multivariate extreme value 

dependence, considering Cramer-Von Mises functionals, are: 

𝑆𝑆𝑟𝑟,𝑛𝑛 = ∫ {[0,1]𝑑𝑑 𝔻𝔻𝑟𝑟,𝑛𝑛(𝒖𝒖)}2𝑑𝑑𝒖𝒖       &        𝑇𝑇𝑟𝑟,𝑛𝑛 = ∫ {[0,1]𝑑𝑑 𝔻𝔻𝑟𝑟,𝑛𝑛(𝒖𝒖)}2𝑑𝑑𝐶𝐶𝑛𝑛(𝒖𝒖)        (eq.9) 

Based on these Test statistics, we run a sufficient number of random samples (portfolios) of assets 

of length of six, ten and fifteen, just like the portfolios in our methodology that follows.  We 

examine again positive and negative returns, separately per cluster. Table (4) includes, the times 

the Null hypothesis is not rejected, that is the times the portfolios extreme values belong to the 

family of extreme value copulas.  Moreover, Figure (3), shows the p-values of these tests for an 

overview. 

[Insert Table 4, about here] 

[Insert Figure 3, about here]  

 As we move from Cluster A to Cluster T, it becomes more probable that the unknown portfolio 

copula belongs to the class of extreme-value copulas. Also, this is the case as the portfolio’s length 

increases, regardless the cluster it belongs to.     

All in all, given the PCA analysis, the Obesity index and the multivariate extreme value test 

dependencies, the results sheds light to the amphoteric role of Cluster T. On one hand, this cluster 
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has the lowest homogeneity, in terms of linear dependency, resembling more clusters C and D, on 

the other thought, its tails are closer to these of clusters A and B regarding their fatness. In addition, 

it responds inversely compared to all the other clusters, with good news having stronger spillover 

effects on its right tail compared to bad news asymmetries on the left. Last, if  seen in a portfolio 

performance context, its extreme dependencies seem to belong more often to extreme-value copulas 

than with the other clusters making its performance less stable. The results in this analysis, stresses 

the volatile character of the low ranked clusters C and D, both when normal (with PCA) and 

extreme value conditions are examined (with obesity and ev tests), while Cluster T has mixed 

results.   

3.3. Methodology 

The proposed methodology is structured in four levels. In the first level we classify the S&P 500 

companies to an environmental cluster (EC). We select the clustering instead of sorting as the latter 

inserts significant short-term variations, whereas clustering with environmental criteria can identify 

a long-term relationship between environmental and financial performance. Bruno et al. (2021) 

show that increased attention to ESG leads to inflated short-term performance, while in the long-

term to lower expected returns (Cornell 2020; Pastor et al., 2021). The second level includes 

standard but straightforward criteria for optimum portfolio rebalancing on monthly basis in the 

clusters of the S&P 500 companies that we have already created. We utilize various criteria, 

regarding the applied optimization strategy and the portfolio parametrization, in order to overcome 

the problem of contradictory results that might be affected by the one or the other selected 

specification. In the third level, in order to provide robust conclusions attributed only by the 

environmental performance and not by other factors such as the selected strategy, we feed the 

results out of the second stage and apply a non-parametric factorial analysis of variance10, to 

 
10 Results from a permutational multivariate analysis of variance are also available in the following doi: 
10.17632/2jsb9z3d69.4. 
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identify true factors of variation among the S&P 500 stocks. The two factors of interest here are 

the environmental cluster and the applied strategy. We examine the significance of their effects 

separately and the effect of their interaction. Last, in the fourth level, we run appropriate 

nonparametric hypothesis tests to reach in out-of-sample conclusions and answer our main research 

question.  

Hence, following the clustering of the S&P 500 companies into environmental clusters as described 

in the previous section, we start our analysis by applying seven standard rotation criteria that work 

as strategies11. These are: the Arithmetic Mean (AM), the Mean-Variance12(U), the Minimum 

Volatility (S), the Skewness (SK), the Kurtosis (KR), the Sharpe-Ratio (SR) and the Normality 

Test (NT). Constant rebalancing, on a monthly basis, works as optimum asset rotation of the 

portfolios of the five different environmental clusters. We choose a number of rotation criteria to 

prevent biased errors and false conclusions spurring from one only strategy. 

Towards this direction, we compute the respective sample measures of the four central moments 

plus the mean-variance and the Normality measures that as follows:   

𝜇𝜇𝑅𝑅𝑡𝑡,𝑖𝑖 = 𝐸𝐸(𝑅𝑅𝑖𝑖) = ∑ 𝐶𝐶𝑗𝑗,𝑖𝑖
𝑗𝑗=𝑡𝑡
𝑗𝑗=𝑡𝑡−𝑚𝑚 𝑃𝑃�𝑅𝑅𝑖𝑖 = 𝐶𝐶𝑗𝑗,𝑖𝑖�, 𝑖𝑖 = 1, … ,𝑀𝑀            (eq.10)  

𝜎𝜎𝑅𝑅𝑡𝑡,𝑖𝑖 = �𝐸𝐸[(𝑅𝑅𝑖𝑖 − 𝐸𝐸[𝑅𝑅𝑖𝑖]2 =  �∑ (𝐶𝐶𝑗𝑗,𝑖𝑖 − 𝐸𝐸[𝑅𝑅𝑖𝑖]2)𝑗𝑗=𝑡𝑡
𝑗𝑗=𝑡𝑡−𝑚𝑚 𝑃𝑃�𝑅𝑅𝑖𝑖 = 𝐶𝐶𝑗𝑗,𝑖𝑖�            (eq.11) 

𝑈𝑈𝑅𝑅𝑡𝑡,𝑖𝑖 = 𝜇𝜇𝑅𝑅𝑡𝑡,𝑖𝑖 − 𝜆𝜆𝜎𝜎𝑅𝑅𝑡𝑡,𝑖𝑖
2            (eq.12) 

𝑆𝑆𝑅𝑅𝑅𝑅𝑡𝑡,𝑖𝑖 = 𝜇𝜇𝑅𝑅𝑡𝑡,𝑖𝑖/𝜎𝜎𝑅𝑅𝑡𝑡,𝑖𝑖                                                 (eq.13) 

𝑆𝑆𝑆𝑆𝑅𝑅𝑡𝑡,𝑖𝑖 = [(𝑅𝑅𝑖𝑖 − 𝐸𝐸(𝑅𝑅𝑖𝑖))3]/𝜎𝜎𝑡𝑡𝑖𝑖(𝐺𝐺)3 = ∑ �𝐶𝐶𝑗𝑗,𝑖𝑖 − 𝜇𝜇𝑅𝑅𝑡𝑡,𝑖𝑖�
3𝑃𝑃�𝑅𝑅𝑖𝑖 = 𝐶𝐶𝑗𝑗,𝑖𝑖�/

𝑗𝑗=𝑡𝑡
𝑗𝑗=𝑡𝑡−𝑚𝑚 𝜎𝜎𝑡𝑡𝑖𝑖(𝐺𝐺)3            (eq.14) 

 
11 Standard rotation criteria used in previous research (Alexopoulos, 2018), addressing different research 
questions and assets. 
12 We use the mean variance utility U, with λ equals to unit allowing a relative low degree of risk aversion. 
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𝑆𝑆𝑅𝑅𝑡𝑡,𝑖𝑖 = 𝐸𝐸[(𝑅𝑅𝑖𝑖 − 𝐸𝐸(𝑅𝑅𝑖𝑖))4]/𝜎𝜎𝑡𝑡𝑖𝑖(𝐺𝐺)4 = ∑ �𝐶𝐶𝑗𝑗,𝑖𝑖 − 𝜇𝜇𝑅𝑅𝑡𝑡,𝑖𝑖�
4𝑃𝑃�𝑅𝑅𝑖𝑖 = 𝐶𝐶𝑗𝑗,𝑖𝑖�/

𝑗𝑗=𝑡𝑡
𝑗𝑗=𝑡𝑡−𝑚𝑚 𝜎𝜎𝑡𝑡𝑖𝑖(𝐺𝐺)4            (eq.15) 

𝑁𝑁𝑇𝑇𝑡𝑡,𝑖𝑖(𝐺𝐺) = 𝑆𝑆𝑆𝑆𝑅𝑅𝑡𝑡,𝑖𝑖
3 + �𝑆𝑆𝑅𝑅𝑡𝑡,𝑖𝑖 − 3�2            (eq.16)  

where R is the returns variable and it is assumed a discrete random variable, m stands for the look-

back period, and i for the asset. Accordingly, we rank all the stocks of each environmental cluster 

based on the applied criterion each time, and keep the top k of them, for the next month’s portfolio 

return.  

We select the first top k stocks for inclusion in our portfolio after having them sorted in descending 

when the criteria of AM, U, SR and NT are used and in ascending order for the rest S, SK and KR 

criteria. To avoid data driven results, we apply, for each strategy and environmental cluster, a 

number of simulations with different lookback periods m and portfolio lengths l each time, that 

work as a sort of sensitivity analysis. To that end, we examine three lookback periods and three 

portfolio lengths, making it a total of 9 different runs per strategy and per group. In aggregate we 

simulate 63 cases per each of the five environmental clusters. For each case-portfolio, besides its 

arithmetic mean, we estimate standard performance measures, such as the geometric mean, the 

volatility, the Sharpe Ratio, the percentage of periods of positive returns, and indicators of the 

downside risk, such as the Maximum Drawdown, the 0.95VaR, and so on. A selection from the 

above measures is used as response variables in the next level of our research. The use of clustering 

instead of sorting, based on the environmental scores of ESG, makes our rotation strategies more 

efficient, as all stocks belonging in a cluster are given the same chances of inclusion in a portfolio 

after rebalancing while keeping at the same time the concept of environmental performance. On 

the contrary, if the sorting technique had been applied, this might not be possible as we might 

consider each time the same top environmental performers for rotation in a portfolio.   

Proceeding in our analysis, we examine the significance of the main and the interaction effects of 

our examined factors, i.e. the environmental cluster and the applied strategy. The positive answer 
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out of this analysis is basic, for the following post hoc clustering analysis to be valid. Therefore, 

we first test for the validity of anova assumptions. The response variables are by default 

independent as they stem from the different ESG groups of the S&P 500 stocks. We examine the 

existence of significant outliers, of normality and of homogeneity of variance for each combination 

of the groups of the two factors. For normality we use the Shapiro-Wilk Test (1965) and the 

D’Agostino-Pearson test (1973). For homoscedasticity of variance we select the Levene’s Test 

(1961). As it is shown, in the next section, the test results answer in negative on the non-violation 

of the assumptions of Anova analysis. To overcome this, we select to use the non-parametric 

factorial analysis of variance approach proposed by Wobbrock et al. (2011) based on the concept 

of the aligned ranked data transformation. 

Although rank transformations have appeared in statistics for years,13 there is criticism about non 

robust results when interaction effects are examined in a factorial design (Salter and Fawcett, 1993).  

In our two-factor analysis of environmental cluster (EC) and strategy (ST), we examine the 

significance of the effect of each factor (EC & ST) and of their interaction (EC*ST) on a response 

variable of interest, stripping from it each time, all effects but one. 

 

To achieve this, we use the Aligned Ranked Transformation (ART) of Wobbrock et al. (2011), 

which includes a pre-processing step that first aligns the data for both single and interaction effects, 

before assigning the ranks. This alignment helps in estimating the effects as marginal means, which 

then can be isolated from the effects of the rest factors and their interactions as well. Hence, ART 

transformation is twofold, first it does not require normality of our data, and second it estimates the 

true effect of each factor and of its interaction, stripped from the other factors effects. 

The aligned transformation from the initial response variable is estimated as follows:  

 
13 Conover and Iman (1981), Sawilowsky (1990) 
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𝑌𝑌𝑎𝑎𝑎𝑎𝑖𝑖𝑎𝑎𝑛𝑛𝑎𝑎𝑑𝑑 = 𝑌𝑌𝑟𝑟𝑎𝑎𝑟𝑟 − 𝑐𝑐𝐶𝐶𝐶𝐶𝐶𝐶 𝐺𝐺𝐶𝐶𝑀𝑀𝑀𝑀 + 𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝐺𝐺𝑀𝑀𝐶𝐶𝐶𝐶𝑑𝑑 𝐶𝐶𝑓𝑓𝑓𝑓𝐶𝐶𝑐𝑐𝐶𝐶            (eq.17) 

Cell mean is the average of all responses with the same levels of EC and ST factors. In our data is 

the average of 9 responses per response variable. The estimated effect (EE) is for the main effect 

for EC and ST: 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 𝐸𝐸𝐶𝐶𝚤𝚤����� − 𝜇𝜇  and 𝐸𝐸𝐸𝐸𝑆𝑆𝑆𝑆 = 𝑆𝑆𝑇𝑇𝚤𝚤���� − 𝜇𝜇            (eq.18) 

and for the interaction effect of EC*ST: 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸∗𝑆𝑆𝑆𝑆 = 𝐸𝐸𝐶𝐶𝚤𝚤 ∗ 𝑆𝑆𝑇𝑇𝚥𝚥����������� − 𝐸𝐸𝐶𝐶𝚤𝚤����� − 𝑆𝑆𝑇𝑇𝚤𝚤���� + 𝜇𝜇              (eq.19) 

The 𝑌𝑌𝑎𝑎𝑎𝑎𝑖𝑖𝑎𝑎𝑛𝑛𝑎𝑎𝑑𝑑 responses are then ranked, with the smallest value receiving rank 1, the next smallest 

rank 2, and so on.14 The transformed results are fed a standard factorial Anova in order to examine 

the significance, or not, of each factor (EC and ST) and of their interaction. F- statistics and p-

values are presented in respective tables for all the transformed response variables. 

The last step in our empirical methodology includes a complex contrast hypothesis and a post-hoc 

analysis. Contrast tests ask a specific question by framing a “custom” hypothesis, as opposed to the 

general anova null against alternative hypothesis. In our analysis, we attempt to identify potential 

environmental clusters whose financial performance seems to be more distant or in other words 

more “islanded” in comparison with the other ECs. To that end we examine for each response 

variable a number of custom contrast tests, we call “Diffs of Diffs”. Of all the possible combinations 

of the factors EC and ST, we ask if the difference EC(i)-EC(k) is different with ST(m) compared 

to ST(l). To that end, we run appropriate F-tests on the following: 

Null hypothesis:  

𝛨𝛨0: [𝜇𝜇𝐸𝐸𝐸𝐸(𝑖𝑖) − 𝜇𝜇𝐸𝐸𝐸𝐸(𝑘𝑘)]|𝑆𝑆𝑆𝑆(𝑚𝑚) − [𝜇𝜇𝐸𝐸𝐸𝐸(𝑖𝑖) − 𝜇𝜇𝐸𝐸𝐸𝐸(𝑘𝑘)]|𝑆𝑆𝑆𝑆(𝑎𝑎) = 0  

against the alternative  

 
14 All the aligned and ranked transformations for all the response variables are available in the following 
doi: 10.17632/2jsb9z3d69.4. 
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𝛨𝛨1: [𝜇𝜇𝐸𝐸𝐸𝐸(𝑖𝑖) − 𝜇𝜇𝐸𝐸𝐸𝐸(𝑘𝑘)]|𝑆𝑆𝑆𝑆(𝑚𝑚) − [𝜇𝜇𝐸𝐸𝐸𝐸(𝑖𝑖) − 𝜇𝜇𝐸𝐸𝐸𝐸(𝑘𝑘)]|𝑆𝑆𝑆𝑆(𝑎𝑎) ≠  0   

where 𝑖𝑖 ≠ 𝑘𝑘 , 𝑖𝑖,𝑘𝑘 = 1, … ,5, &  𝐺𝐺 ≠ 𝐶𝐶,   𝐺𝐺, 𝐶𝐶 = 1, … ,7. 

Hence, we count the number of the rejected  𝛨𝛨0 per cluster and response variable: 

�  � � 1
𝐻𝐻0=𝑅𝑅𝑎𝑎𝑗𝑗𝑎𝑎𝑅𝑅𝑡𝑡𝑎𝑎𝑑𝑑

�

𝑅𝑅

5

𝑅𝑅=1

   

 (eq.20)  

where R stands for the response variable. 

The ECi with the highest number in significant differences among all the response variables has the 

most islanded performance between them. 

The second path of the post-hoc analysis involves a standard non-parametric Mann-Whitney (MW) 

U test, for two independent samples. For each response variable and rotation strategy, we have five 

independent samples based on the EC. The samples are populated from all the possible 

combinations of the two sets listed below. 

First set for the lookback period, LB : {12,18,24}months 

Second set for the portfolio length, PL: {6,10,15)assets 

In each response variable we organize our hypothesis of MW tests in a pair-wise mode between the 

five different environmental groups. We use an upper-tailed test since we sort them in descending 

order based on their sample mean 𝑋𝑋�. That is: 

𝑋𝑋�𝑠𝑠𝑎𝑎𝑚𝑚𝑝𝑝𝑎𝑎𝑎𝑎(𝑖𝑖) > 𝑋𝑋�𝑠𝑠𝑎𝑎𝑚𝑚𝑝𝑝𝑎𝑎𝑎𝑎(𝑖𝑖+1) > ⋯ >  𝑋𝑋�𝑠𝑠𝑎𝑎𝑚𝑚𝑝𝑝𝑎𝑎𝑎𝑎(𝑖𝑖+4) 

Therefore, the null hypothesis is:  

𝛨𝛨0: 𝜇𝜇𝑠𝑠𝑎𝑎𝑚𝑚𝑝𝑝𝑎𝑎𝑎𝑎(𝑖𝑖) − 𝜇𝜇𝑠𝑠𝑎𝑎𝑚𝑚𝑝𝑝𝑎𝑎𝑎𝑎(𝑖𝑖+1) = 0  

Against the alternative  

𝛨𝛨1: 𝜇𝜇𝑠𝑠𝑎𝑎𝑚𝑚𝑝𝑝𝑎𝑎𝑎𝑎(𝑖𝑖) − 𝜇𝜇𝑠𝑠𝑎𝑎𝑚𝑚𝑝𝑝𝑎𝑎𝑎𝑎(𝑖𝑖+1) ≥ 0  
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Where i=1,…,5 stand for the different ECs  

According to the MW-U test results, we calculate a cumulative ranking for each cluster by adding 

all the individual rankings for all the applied strategies and response variables, as shown in eq (14). 

The smallest cumulative ranking corresponds to the best performance, the next one to the second 

best and so on. 

𝑇𝑇𝐺𝐺𝐶𝐶𝑀𝑀𝐶𝐶 𝑅𝑅𝑀𝑀𝑀𝑀𝑘𝑘𝑖𝑖𝑀𝑀𝑅𝑅𝐸𝐸𝐸𝐸(𝑖𝑖) = ∑ ∑ 𝑝𝑝𝐸𝐸𝐸𝐸(𝑖𝑖),𝑟𝑟𝑟𝑟,𝑠𝑠𝑡𝑡
7
𝑠𝑠𝑡𝑡=1

5
𝑟𝑟𝑟𝑟=1            (eq. 21) 

Where 𝑝𝑝𝐸𝐸𝐸𝐸(𝑖𝑖),𝑟𝑟,𝑠𝑠𝑡𝑡 is the individual ranking of the i environmental cluster, in rv response variable 

and with st rotation strategy. In case of non-rejection of the null hypothesis, the two examined ECs 

are given an equal rank. For the response variables of Total Return, Sharpe Ratio, and Geometric 

Mean the highest rank, i.e. 1st, is assigned to the biggest significant 𝜇𝜇𝑠𝑠𝑎𝑎𝑚𝑚𝑝𝑝𝑎𝑎𝑎𝑎(𝑖𝑖), on the opposite for 

the response variables of MaxDD*Vol and 0,95VaR, it is assigned to the smallest one. We assume 

equal weighting for all the response variables. 

Last, for the sake of completeness, we consider the impact, if any, of significant shock events. Upon 

that, we select the Paris Agreement adopted in December 2015, which is considered a milestone 

event against climate change and examine if potential positive spillovers exist in our portfolios of 

all the ECs. We expand our analysis following the COVID-19 outbreak in February 2020, to assess 

the effects of the pandemic on the relationship between environmental and financial performance, 

as well as the consequences of the war in Ukraine in 2022. We study the year before and after the 

shock events, by contrasting the different relative changes in annual performances scaled to the 

annual relative changes of the market’s index, SPY (i.e. elasticities) as shown in eq. 22 that follows. 

𝐷𝐷 𝐸𝐸𝐸𝐸𝑖𝑖 = �
�(𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡 − 𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡−1)

𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡−1� �

�(𝑅𝑅𝑅𝑅𝑆𝑆𝑆𝑆𝑆𝑆,𝑡𝑡 − 𝑅𝑅𝑅𝑅𝑆𝑆𝑆𝑆𝑆𝑆,𝑡𝑡−1)
𝑅𝑅𝑅𝑅𝑆𝑆𝑆𝑆𝑆𝑆,𝑡𝑡−1
� �

� �           (eq. 22) 

Where RV stands for the response variables as described before, i is for the EC, and t=2016 for 

Paris Agreement, t=2020 for COVID-19 and t=2022 for war in Ukraine. The hypothesis of this out-
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of-sample comparison is if the changes on the annual performances (before and after the shock 

event) are significantly different, among all the ECs or if they are all moving in the same response 

path in magnitude and sign after the shock event, regardless their environmental status. To that end, 

we apply the same nonparametric MW-U test in pair wise mode between ECs as before, using 

upper-tail tests after having ordered their sample means in descending order. For each cluster we 

estimate a sample of 7 different values of elasticities, based on the respective strategy each time. 

All in all, Figure (4) below presents, the applied framework of our methodology. 

[insert Figure 4, about here] 

4. Empirical results and discussion 

Table (5) presents the rebalancing results of the top-10 and bottom-10 portfolios from all the 

environmental clusters. Given all the possible parametrizations for rotation criteria, lookback 

periods and portfolio sizes, the results are supportive of a critical view. To assess the portfolios 

performance, for each parametrization we estimate a set of return and risk related variables.15 A 

selection of them is used, as response input variables in the next levels of our analysis.   

[Insert Table 5, about here] 

Prima facie, we observe that the low-rated environmental companies in cluster “D”, as well as 

those in cluster “T” with a dynamic environmental performance produce higher returns on average, 

contrary to the best environmental performers in “A” and “B” with lower on average performance. 

Our findings are consistent with Bolton and Kacperczyk (2021), Monasterolo and de Angelis 

(2020) and Dorfleitner et al. (2020), as well as with other empirical studies16, supporting the 

argument that low environmental performance is associated with higher returns, often with highly 

diversified portfolios in global scale. On the other hand, a positive link between environmental 

 
15 Ar. Mean, Gm. Mean, Volatility, Sharpe Ratio, Total Return, Min, Max, Skewness, Kurtosis, %+ Periods, 
Ar. Mean of %+, Vol. of %+, %- Periods, Ar. Mean of %-,Vol. of %-, MaxDD, Vol*MaxDD, 0.95-VaR. All 
results are available in the following doi: 10.17632/2jsb9z3d69.4. 
16 Hong and Kacperczyk, 2009; Blitz and Fabozzi, 2017; Dunn et al, 2018. 
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leaders and reduced risk is suggested with companies in clusters “A” and “B”. In line with Hoepner 

et al’s (2018) findings, best environmental performers are less risky in contrast to others with low-

rates ones. Hoepner et al. (2018) find that ESG engagement reduces firms' downside risk, as well 

as their exposure to downside risk factor. Similarly, Martiradonna et al. (2022) construct portfolios 

including and excluding green bonds, using various allocation strategies, to assess their risk 

performance while focusing on the COVID-19 crisis. They suggest that green portfolios outperform 

in terms of risk, while providing diversification benefits, including the period of COVID-19. Baker 

et al (2022) focus on green corporate bonds and suggest also that AAA-rated bonds present 

significantly low risk. 

Our results evidence improved risk-adjusted returns for companies with a dynamic environmental 

performance in clusters “T”, indicating a potential diversification effect, advantaging the strengths 

of both the environmental leaders and laggards. In the literature, Nagy, Kassam and Lee (2016) 

construct two investment strategies considering the ESG current and dynamic rating, and 

demonstrate evidence of different financial performance between the portfolios. The “ESG tilt” 

strategy, which is more long-term in nature, with an alpha signal related to the current ESG score, 

and the “ESG momentum” strategy which overweights firms with dynamic ESG status, utilizing 

an alpha signal related to the change in the score. Both portfolios outperform the benchmark. They 

exhibit that the ESG tilt portfolio lean towards less volatile stocks, while ESG momentum towards 

more profitable stocks. A qualitative representation of our remarks are shown in Figure (5).  

[Insert Figure 5 about here]    

Figure (6) shows the time series and the histogram of returns for the portfolio of environmental 

cluster “D” and of “A” respectively. The larger width in the time series band, the fatter tails and 

large spread of the histogram, as well as the estimated statistics on the right, support the previously 

stated argument for cluster “D” compared to “A” accordingly.  
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[insert Figure 6, about here] 

The results, for normality, and equality of variance, in Table (6) answer in negative to the non-

violation of the standard Anova assumptions, justifying the adoption of the ART anova. In most of 

the cases there is neither normality nor homoscedasticity of variance.17  

 [Insert Table 6, about here] 

Table (7) presents the results of the ART factorial nonparametric anova.18 For each response 

variable, we examine the significance of the main and the interaction effects of the factors EC and 

ST. Based on the F-statistic values, it can be induced, that portfolios listed in the S&P 500, behave 

differently depending on their environmental status and or the applied optimization strategy.19 

Although in the literature there are further analyses examining the causal effects between 

environmental factors and financial performance,20 the ART anova and the post hoc analysis results 

could be used here as an initial guide or a map for efficient asset selection depending each time on 

the investors needs either for returns or stability..   

[Insert Table 7, about here] 

Given the significant main and interaction effects, that EC and ST factors have on portfolios, the 

next question to be answered is if there is an environmental cluster with an idiosyncratic financial 

performance compared to the others, or if all clusters are in the same behavioural “neighbourhood”. 

To answer this, we created a specific contrast test, called “Diffs of Diffs”, which we applied 

 
17 Results for symmetry are included in the data file with the respective box-plot figures are available in the 
following doi: 10.17632/2jsb9z3d69.4. 
18 All the Aligned and ranked transformations are available in the following doi: 10.17632/2jsb9z3d69.4 
19 For robustness purposes, we additionally run a permutational multivariate analysis of variance given all 
the response variables. The results are on the same page with the ART factorial analysis, supporting the 
argument of significant effects of the environmental status. 
20 The causal relationship between corporate environmental & social performance and financial performance 
is investigated thoroughly in the literature (Preston & O'Bannon, 1997; Orlitzky et al., 2003; Waddock & 
Graves, 1997; Makni et al., 2008; Nelling & Webb, 2009; Hang et al., 2018 etc.) 
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recursively for all possible comparisons among clusters and strategies. The results in Table (8) 

show the number of all the significant differences of eq.20 of an environmental cluster in pair-wise 

mode with the others, given all the different criteria.21 In total there are 84 different contrast tests 

per cluster. As shown by the same number of significant differences between clusters in pair wise 

mode, clusters “D”, “C” and “T” belong to the same behavioural “neighbourhood”, in contrast with 

environmental leaders “A” and “B” which have also common characteristics. Cluster “D” 

nevertheless, has more significant differences with the others, suggesting a more distinctive 

(financial) behaviour. 

[Insert Table 8, about here] 

We visualize the results of Table (8) in Figure (7), where the test difference between two clusters 

is measured in a vertical black line, (e.g. A-B). Comparisons for significant differences, given the 

applied criteria, can be deduced from the length of these lines. In case of a significant difference 

the two examined lengths should be of unequal sizes, the opposite suggests non-significant 

differences. In Figure, we have drawn the line for all the “A-B” differences. 

[Insert Figure 7, about here] 

Table (9) includes the results of the MW non-parametric upper-tail tests, implemented in ordered 

and independent samples, as explained in the methodology. The results align with the previous in-

sample findings of the first-level portfolio rebalancing. In more detail, we see that the highest 

rankings (smaller values), in terms of return, are in “D” and “T” while based on the cumulative 

ranking from the two risk measures, it is clusters “A”, “B” and “T” respectively. Out of these in- 

 
21 All contrast test results with their respective p-values are available in the following doi: 
10.17632/2jsb9z3d69.4. 
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and out-of-sample results, we conclude that cluster T assets work well both in return and risk terms. 

[Insert Table 9, about here] 

That is to say, in case an investor wishes to diversify their portfolio towards profit, then the investor 

should first look for potential replacements or additions, with stocks from “D” and “T” 

environmental pools, while if one aims at less volatile environments, then they should mix their 

portfolios with stocks belonging to “A” and “B” clusters. Stocks listed in cluster “T” should be 

considered as an optimal option demonstrating best risk-adjusted returns.   

Table (10) results, concerning the Paris Agreement, show in general environmental leaders in 

cluster “A” have a better response after its ratification. We recognize that their response could be 

the aggregate effect of other underlying factors, therefore potentially decreasing the actual efficacy 

of the Agreement in the financial sector, with a negative sign for D- and B-rated companies, having 

underperformed in return and risk measures, based both on the in- and out- of sample results.   

[Insert Table 10, about here] 

Applying in the same way a MW non-parametric upper-tail test, we assess the impact of the 

COVID-19 crisis. Table (11) indicates no significant differences in clusters’ relative changes after 

the COVID-19 outbreak. Our findings are consistent with Bae et al. (2021) and Demers et al. (2021) 

who analyze the immunity of sustainable investing during COVID-19 pandemic and show no 

relation between ESG performance and stock returns. The results from MW non-parametric test in 

Table (12) show analogous results following the Russia-Ukraine war, with clusters “B”, “D” and 

“C” appearing slight negative effects.  

[Insert Table 11, about here] 

[Insert Table 12, about here] 
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All in all, our results have created an initial guide for portfolio management based on the concept 

of corporate environmental responsibility reflected through the ESG rankings and values. Our 

research identifies the environmental status of a firm as a key characteristic for its financial 

performance and a parameter not to be overlooked in a portfolio formation or update. 

 

5. Conclusions  

The focus of the paper is to examine whether the concept of environmental corporate social 

responsibility has divergent effects on the financial behaviour of portfolios of stocks, and if so, how 

this could be exploited by potential investors. Towards this direction, we used the environmental 

pillar of the ESG ranking, of all the stocks of S&P 500, and clustered them in five environmental 

groups based on a proposed logical statement. To avoid biased conclusions derived from a specific 

strategy or rotation criterion for portfolio rebalancing, we employ seven straightforward criteria, 

working, so to speak, as a sensitivity analysis. To reach in, out of sample conclusions and be 

statistically consistent, we implemented the ART factorial analysis of variance. The results 

suggested that environmental status is a significant factor for diversification on a portfolio’s 

performance. Given that, we expanded our research and attempted to answer if stocks belonging to 

an environmental cluster have more distant behaviour from the other clusters, and last which cluster 

should be the most suitable “pool”, as an investor’s first choice for portfolio management. Based 

on standard rankings of return and risk measures, and the employment of the lower tail non-

parametric Mann-Whitney U test, we conclude that low environmental-rated companies in cluster 

“D” produce higher returns, while “A” and “B” clusters are the risk averted option for an investor. 

Our findings suggest that companies with a dynamic environmental performance “T” should be an 

optimal option for asset selection, providing evidence of high risk-adjusted returns. Our results 

suggest positive spillovers of the environmental leaders following the Paris Agreement in 2016. 

We expand our research to examine the implication of COVID-19 pandemic and evidence no 

significant differences in clusters’ relative changes. Finally, similar results are shown following the 
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war in Ukraine, with clusters “B”, “D” and “C” showing insignificant negative effects. In terms of 

future research, it would be fruitful to investigate whether the nexus of environmental and financial 

performance differs in other stocks listed in European and Asian markets and how this is translated 

for good and bad environmental status.  
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Figures 
 

 
Figure 1. Eigenvalue Cumulative proportion for all the clusters 

 
 

Figure 2. Partial- and autocorrelations for original return series and standardized residuals after GARCH 
filtering 
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Figure 3. P-values of tests of multivariate extreme values copulas for negative returns of portfolios of Cluster A (left) 
and Cluster T (Right)  
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Figure 4. The overall framework of the Empirical methodology 
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* Dark shading represents the best performing clusters 
 

Figure 5. A qualitative representation out of the rebalancing results for all the portfolios. 

 

 

 
 
Up right and left: A Top-10, based on returns, environmental cluster “D” portfolio  
Bottom right and left: A Top-10, based on risk, environmental cluster “A” portfolio 
 

Figure 6. Time series and histogram of returns for the portfolios of environmental clusters “A” and “C”   
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Figure 7. Visualization of the “diffs of diffs” contrast test results 
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Tables 
 

Table 1. Companies’ classification before and after the logical statement  

Company 
 

A B C D 
Classification 

based on the highest  
frequency of years 

Geom.Mean  
of Δ(Ε)  ≥ Q3 

Final  
Classification  

Abiomed  10 0 4 3 A False A 
Estee Lauder  4 6 4 5 B True T 

Genworth Financial  0 9 4 4 B False B 
Mckesson  1 6 10 0 C False C 

Crown Castle  1 3 0 3 NA True T 
Cit Group  0 2 3 13 D False D 

 *Values stand for the cumulative years in the specific ESG cluster 
 
 

Table 2. First eigenvalue proportion and number of eigenvalues  
per Cumulative proportions  

Cluster 1st Eigenvalue Proportion Cumulative Proportion 
50%   75% 

A 0.34 #6 #26 
B 0.33 #6 #34 
C 0.33 #9 #33 
D 0.30 #8 #25 
T 0.27 #16 #63 

 

Table 3. Estimate of the Obesity Index 
 Positive tail Negative tail 

Cluster Obesity Index Confidence Interval Obesity Index Confidence Interval 
A 0.739 (0.737, 0.741) 0.748 (0.746, 0.750) 
B 0.743 (0.741, 0.744) 0.752 (0.751, 0.754) 
C 0.754 (0.752, 0.756) 0.754 (0.753, 0.756) 
D 0.766 (0.764, 0.768) 0.778 (0.776, 0.780) 
T 0.742 (0.741, 0.743) 0.736 (0.734, 0.736) 

           * The respective figures with the bootstrapped samples are available in the data file 

Table 4. Percentages (%) of non-rejection of the null hypothesis  
H0: 𝐶𝐶𝐺𝐺𝑝𝑝𝐶𝐶𝐶𝐶𝑀𝑀 ∈ extreme value family 

 Positive tail Negative tail 
Cluster #6 assets #10 assets #15 assets #6 assets #10 assets #15 assets 

A 12  22 22 16 24 22 
B 16 20 18 18 16 12 
C 10 28 30 18 20 20 
D 16 48 48 12 28 28 
T 34 46 48 28 38 36 
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Table 5. Top-10 & Bottom-10 portfolios  

 Arithmetic  
Mean 

Geometric  
Mean 

Total  
Return 

Sharpe 
 Ratio  Volatility MaxDD 0.95VaR 

T
op

-1
0 

0.275 (D) 0.235 (D) 39.866 (D) 0.797 (T) 0.186 (B) -0.409 (T) -0.008 (A) 
0.270 (D) 0.231 (D) 38.794 (D) 0.797 (T) 0.186 (B) -0.409 (T) -0.009 (A) 
0.270 (D) 0.230 (D) 36.480 (D) 0.779 (T) 0.188 (B) -0.409 (T) -0.009 (A) 
0.264 (D) 0.227 (D) 36.353 (D) 0.758 (T) 0.188 (B) -0.416 (A) -0.009 (A) 
0.259 (D) 0.224 (D) 31.047 (D) 0.745 (D) 0.188 (B) -0.416 (A) -0.009 (A) 
0.258 (D) 0.223 (D) 29.397 (D) 0.745 (T) 0.190 (B) -0.416 (A) -0.009 (A) 
0.236 (D) 0.205 (T) 26.880 (T) 0.744 (T) 0.190 (B) -0.426 (T) -0.010 (A) 
0.236 (D) 0.204 (T) 25.001 (T) 0.739 (T) 0.190 (B) -0.426 (T) -0.010 (A) 
0.233 (D) 0.201 (T) 23.092 (D) 0.733 (D) 0.192 (B) -0.426 (T) -0.010 (A) 
0.230 (D) 0.198 (D) 22.382 (D) 0.733 (D) 0.194 (T) -0.430 (A) -0.013 (B) 

B
ot

to
m

-1
0 

0.079 (B) 0.053 (A) 1.397 (A) 0.332 (C) 0.382 (D) -0.652 (D) -0.025 (B) 
0.080 (A) 0.053 (B) 1.397 (B) 0.332 (A) 0.380 (D) -0.652 (D) -0.025 (B) 
0.081 (B) 0.055 (C) 1.493 (C) 0.332 (B) 0.378 (D) -0.652 (D) -0.025 (B) 
0.082 (A) 0.058 (C) 1.655 (C) 0.353 (C) 0.375 (D) -0.650 (D) -0.025 (T) 
0.082 (B) 0.059 (C) 1.664 (C) 0.359 (C) 0.374 (D) -0.650 (D) -0.025 (T) 
0.082 (C) 0.059 (C) 1.667 (A) 0.361 (C) 0.372 (D) -0.650 (D) -0.025 (T) 
0.082 (B) 0.059 (C) 1.684 (C) 0.362 (A) 0.359 (D) -0.648 (D) -0.025 (A) 
0.083 (C) 0.060 (A) 1.761 (D) 0.366 (C) 0.355 (D) -0.648 (D) -0.024 (A) 
0.083 (C) 0.060 (C) 1.773 (C) 0.367 (A) 0.351 (D) -0.648 (D) -0.024 (A) 
0.083 (A) 0.060 (C) 1.775 (A) 0.367 (C) 0.330 (D) -0.648 (A) -0.024 (C) 

SP
Y

 

0.071 0.053 1.479 0.366 0.193 -0.537 -0.016 

* Environmental clusters in parentheses  
 
 
 

Table 6. Normality Tests & Equality of variance test of the Response variables 

  Response Variable 

  TR GM SR MaXDD*Vol 0.95VaR 

N
or

m
al

ity
* 

Shapiro-Wilk 
Test 

Rejection=3 
Non-Rejection=2 

Rejection=3 
Non-Rejection=2 

Rejection=2 
Non-Rejection=3 

Rejection=3 
Non-Rejection=2 

Rejection=5 
Non-Rejection=0 

D’Agostino-
Pearson 

Test 

Rejection=3 
Non-Rejection=2 

Rejection=1 
Non-Rejection=4 

Rejection=1 
Non-Rejection=4 

Rejection=1 
Non-Rejection=4 

Rejection=1 
Non-Rejection=4 

E
qu

al
ity

 
of

 
V

ar
ia

nc
es

 

Levene’s 
Test** Rejection Rejection Rejection Rejection Rejection 

*     On the five Environmental Clusters A-T, Rejection of the Null Hypothesis  
** All three versions of the test (mean, median, 10% trimmed mean) are used. 
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Table 7. Results from the Aligned Rank Transform (ART) non-parametric Anova 

 F-values* 
Response Variable Factor EC Factor ST Factor EC*ST 

TR 137.80(***) 71.26(***) 28.37(***) 

GM 209.13(***) 89.58(***) 30.00(***) 

SR 159.11(***) 61.40(***) 24.99(***) 

MaXDD*Vol 267.98(***) 88.76(***) 16.22(***) 

0.95VaR 205.80(***) 78.29(***) 51.81(***) 

* Significance in parentheses  

 

 

Table 8. “Diffs of Diffs” Contrast test results  
 

𝐶𝐶𝐺𝐺𝑀𝑀𝐶𝐶𝐶𝐶𝑀𝑀𝐶𝐶𝐶𝐶 𝑇𝑇𝐶𝐶𝐶𝐶𝐶𝐶 = [𝜇𝜇𝐸𝐸𝐸𝐸(𝑖𝑖) − 𝜇𝜇𝐸𝐸𝐸𝐸(𝑘𝑘)]|𝑆𝑆𝑆𝑆(𝑚𝑚) − [𝜇𝜇𝐸𝐸𝐸𝐸(𝑖𝑖) − 𝜇𝜇𝐸𝐸𝐸𝐸(𝑘𝑘)]|𝑆𝑆𝑆𝑆(𝑎𝑎) 

Response Variable 
Environmental Clusters 

EC (A) EC (B) EC (C) EC (D) EC (T) 

Total Return 30 32 45 54 39 

Geometric Mean 33 36 48 51 34 

Sharpe Ratio 38 40 43 49 40 

MaXDD*Vol 37 34 27 45 43 

0.95VaR 19 19 20 60 16 

Cumulative Sum 157 161 183 259 172 

The values in cells correspond to the number of the rejected Null hypothesis of the contrast test. 
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Table 9. Clusters Rankings based on the non-parametric MW-U test 

  
 𝑅𝑅𝑀𝑀𝑀𝑀𝑘𝑘𝑖𝑖𝑀𝑀𝑅𝑅𝐸𝐸𝐸𝐸(𝑖𝑖) = � � 𝑝𝑝𝐸𝐸𝐸𝐸(𝑖𝑖),𝑟𝑟𝑟𝑟,𝑠𝑠𝑡𝑡

7

𝑠𝑠𝑡𝑡=1

5

𝑟𝑟𝑟𝑟=1

 

    Environmental Clusters 

   Response 
Variable EC (A) EC (B) EC (C) EC (D) EC (T) 

  

M
ea

su
re

s 
of

 R
et

ur
n Total Return 22 20 19 11 11 

  Geometric 
Mean 24 20 19 11 11 

  Total Ranking_EC(i) 
on Returns 

46 40 38 22 22 

  

M
ea

su
re

s o
f 

R
is

k 

MaXDD*Vol 13 13 22 27 10 

  0.95VaR 7 13 20 25 17 

  Total Ranking_EC(i) 
on Risks 

20 26 42 52 27 

  Sharpe Ratio 22 17 16 13 10 
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Table 10. Environmental clusters responses after the Paris Agreement 

Response Variable 
Rankings* 

1st  2nd  3rd  4th  5th  

M
ea

su
re

s 
of

 R
et

ur
n Total Return A C T D B 

Geometric Mean A C T D B 

                 Sharpe Ratio T A C B D 

M
ea

su
re

s 
of

 R
is

k MaXDD*Vol D T C A B 

0.95VaR A D B C T 

 Best Performance  

*Based on their sample means  
** Clusters included in a grey shaded box have equal population means, meaning non-rejection of the 
Ho: 𝜇𝜇𝐷𝐷𝐸𝐸𝐸𝐸(𝑖𝑖)−𝜇𝜇𝐷𝐷𝐸𝐸𝐸𝐸(𝑗𝑗)=0, or in other words having no significant differences in their responses after the Paris 
Agreement. 

 

Table 11. Environmental clusters responses after the COVID-19 outbreak 

Response Variable 
Rankings* 

1st  2nd  3rd  4th  5th  

M
ea

su
re

s 
of

 R
et

ur
n Total Return D A B C T 

Geometric Mean D A B C T 

                 Sharpe Ratio C T A B D 

M
ea

su
re

s 
of

 R
is

k MaXDD*Vol D A B C T 

0.95VaR A T C B D 

 Best Performance  

*Based on their sample means  
** Clusters included in a grey shaded box have equal population means, meaning non-rejection of the 
Ho: 𝜇𝜇𝐷𝐷𝐸𝐸𝐸𝐸(𝑖𝑖)−𝜇𝜇𝐷𝐷𝐸𝐸𝐸𝐸(𝑗𝑗)=0, or in other words having no significant differences in their responses after the 
COVID-19 outbreak. 
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Table 12. Environmental clusters responses after the war in Ukraine 

Response Variable 
Rankings* 

1st  2nd  3rd  4th  5th  

M
ea

su
re

s 
of

 R
et

ur
n Total Return C A D B T 

Geometric Mean C A T D B 

                 Sharpe Ratio T B C A D 

M
ea

su
re

s 
of

 R
is

k MaXDD*Vol D C A B T 

0.95VaR T A C D B 

 Best Performance  

*Based on their sample means  
** Clusters included in a grey shaded box have equal population means, meaning non-rejection of the 
Ho: 𝜇𝜇𝐷𝐷𝐸𝐸𝐸𝐸(𝑖𝑖)−𝜇𝜇𝐷𝐷𝐸𝐸𝐸𝐸(𝑗𝑗)=0, or in other words having no significant differences in their responses after the war 
in Ukraine. 
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