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ABSTRACT
The Sustainable Finance Disclosure Regulation (SFDR) imposes on investment companies the publication of sustainability re-
lated profiles of the portfolio creation process. This obligation seeks to enhance the information provided to customers on finan-
cial products with regard to the Environmental, Social and Governance (ESG) criteria. In order to understand to which extent 
this information is relevant for investment decisions, the reliability of the classification among funds with a different ESG focus 
(articles 6, 8, and 9) is studied from a financial perspective and verified through a hierarchical cluster analysis on principal com-
ponents of the performance measures of various funds distributed in Europe.

1   |   Introduction

In recent years, the increasing attention to environmental, so-
cial, and governance (ESG) issues has led to a rapid spread of 
financial instruments as well as investment decision-making 
processes linked to those activities or projects that take care of 
the environment and are beneficial to society.

Accordingly, specialized rating agencies have grown and have 
developed their own ESG scores algorithms through which is-
suers and financial investment instruments are classified and 
labeled at a certain degree of proximity to an ESG oriented ap-
proach. The purpose of rating agencies' ESG scores is to assist 
investors in more accurately assessing the non-financial  per-
formance of investment funds (Hartzmark and Sussman 2019). 
In this context, the Sustainable Finance Disclosure Regulation 
(SFDR) was designed in March 2021 to enhance transparency 

in the market for sustainable investment products. SFDR rep-
resents a critical regulatory development within the European 
Union's broader agenda to promote sustainable economic growth 
and environmental responsibility. As part of the European 
Green Deal and the EU Sustainable Finance Action Plan, the 
SFDR seeks to enhance the transparency, comparability, and ac-
countability of sustainability-related disclosures in the financial 
sector. The  SFDR applies to a wide range of financial market 
participants and financial advisers, including asset managers, 
pension funds, insurance companies, and investment firms 
operating within the EU. Its primary purpose is to address the 
information asymmetry between investors and financial insti-
tutions regarding environmental, social, and governance (ESG) 
considerations in investment decision-making processes.

The regulation mandates standardized disclosures at both the 
entity and product levels. At the entity level, financial firms are 
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required to disclose how they integrate sustainability risks into 
their investment or advisory processes. At the product level, the 
SFDR has harmonized rules for funds classification by indicat-
ing modalities and explicitly providing information necessary 
for a clear taxonomy based on the declaration regarding the in-
tegration of ESG factors at the asset manager level. In particular, 
Article 6 Funds are those whose objectives are not aligned with 
ESG's themes, Article 8 Funds's interest is directed toward ESG 
themes but do not represent the main criteria of the fund, while 
Article 9 Fund's main objective is to comply with ESG issues.

By imposing clear disclosure obligations, the SFDR aims to pre-
vent greenwashing and ensure that financial products marketed 
as “ sustainable” are held to objective and consistent criteria. 
This increased transparency is intended to empower investors 
to make more informed decisions aligned with their sustainabil-
ity preferences.

Moreover, the SFDR operates alongside other key regula-
tory initiatives such as the EU Taxonomy Regulation and the 
Corporate Sustainability Reporting Directive (CSRD), form-
ing a cohesive framework to reorient capital flows toward 
sustainable activities. Collectively, these measures seek to in-
tegrate sustainability more deeply into the financial system 
and support the EU's commitment to achieving climate neu-
trality by 2050.

Recently, some authors have analyzed the impact of SFDR 
over different perspectives finding that investor attention to 
SFDR has strong predictive power over equity market prices 
especially during bearish markets (Birindelli et  al.  2023); 
moreover, a better ESG label leads to larger fund net inflows 
(Becker et al. 2022; Scherer and Hasaj 2023; Duncombe et al. 
2023), and investment funds with sustainability objectives 
have higher financial incentives (Cremasco and Boni  2022; 
Wang 2024). Although there are various contributions which 
examined the determinants of financial performance, in-
cluding comparisons between socially responsible (SR) and 
non-SR funds (Choi and Lee  2024; Hart and Zingales 2017), 
only few works have analyzed the alignment between inves-
tors' interest to performance and investment sustainability 
orientation in the light of the new SFDR classification, as in 
Cosma et al. (2023) and Scheitza and Busch (2024) that shows 
the outperformance in the very short run of Article 9 funds 
over conventional funds during the two recent crises (Covid 
and Russia-Ukraine war) even if with a lack of performance 
persistence over the long run. Additionally, the study high-
lights the underperformance of light green funds compared to 
dark green ones.

To the best of our knowledge, the present study is the first to 
address the SFDR classification by reversing the traditional ap-
proach. Traditionally, research in this field of study starts by 
examining existing classifications and then analyzes how these 
predefined categories relate to differences in performance. In 
contrast, this paper takes a different and more exploratory ap-
proach. Rather than relying on existing labels from the outset, 
it first identifies groups of financial products that naturally clus-
ter together based on their performance characteristics. These 
newly formed clusters are then compared to the regulatory clas-
sifications to assess how well the current regulatory framework 

reflects actual performance patterns. This shift in methodology 
offers a meaningful contribution to the existing body of knowl-
edge. It can also be used to assess the reliability and accuracy 
of current regulatory classifications in meeting their intended 
goals and introduces a systematic way to evaluate both the orig-
inal regulatory groupings and the newly derived clusters based 
on a desired impact or characteristics. By applying statistical 
measures to both sets of classifications, the study provides a 
clearer understanding of whether the regulatory categories are 
truly aligned with observable achievement of a desired target. 
The purpose of this paper is to contribute to the wide and still 
open debate on the alignment of investors' performance objec-
tives and investment ESG orientation (Gantchev et  al.  2024; 
Buchetti et al. 2025); in other terms, it aims at providing valuable 
information for inverstors' approach to ESG investments, asset 
managers' strategies correct implementation, and policymak-
ers' evaluations about the effectiveness of the new regulation. 
A clustering analysis has been developed to discover inherent 
cluster structure in data, in order to evaluate the reliability of 
the classification among the prior (regulatory-based) and poste-
rior (performance-based) groups. The choice of this approach is 
justified since it allows for a deeper understanding of the under-
lying structure of the data. The novelty of this paper concerns 
the use of unsupervised methods in order to explain that there 
is no link between the sustainable fund orientation and their fi-
nancial performance; namely, there is no evidence of a possible 
trade-off between the two domains. Therefore, in this context, 
an innovative approach has been proposed taking into account 
the use of a classification based on asset managers declaration 
instead of external rating agencies. This is in contrast with the 
ESMA (European Securities and Markets Authority) main-
stream position assuming that ESG funds outperform non -ESG 
funds (ESMA 2022a, 2022b). Note also that the heterogeneity 
of sustainable funds is well-documented in existing literature, 
as highlighted by key references such as Sandberg et al. (2009) 
and Townsend (2020). To control for potential biases introduced 
by differing investment styles, which could influence both per-
formance outcomes and classification results, a homogeneous 
sample was constructed, since only European equity large cap 
blend style funds distributed in Europe have been used (Cortez 
et al.  2009, 2012; Fatemi et al. 2024). The analysis exclusively 
considers mutual funds characterized by similar portfolio struc-
tures. In particular, the sample was restricted to large-cap eq-
uity funds with no pronounced value or growth bias (within a 
±  10% range) and a sectoral composition consistent with their 
respective benchmarks. The only distinction remaining in our 
sample is between active and passive funds that is taken into 
account by using appropriate risk measures and risk adjusted 
performance measure.

Cluster methodology together with an unsupervised dimen-
sionality reduction technique has been applied to examine the 
return, risk, and efficiency of funds subject to the SFDR clas-
sification using daily data, gathered from Refinitiv database, 
over the course of 2  years since the adoption of the SFDR. 
This is an innovative approach for testing whether funds with 
a certain ESG classification exhibit common patterns of be-
havior in terms of return, risk, and efficiency; in particular, 
this approach deductively tests whether the data analysis pro-
vides homogeneous groups of funds characterized by the same 
ESG classification. The paper is organized as follows. After 
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presenting the research hypothesis focused on studying the 
relationship between ESG orientation and funds performance 
(Section 2), a brief description of the methodology is presented 
(Section 3). This paper proposes an innovative two-stage anal-
ysis to evaluate the validity of a specific hypothesis focused 
on verifying through cluster analysis on principal components 
(PCs), whether the prior SFDR classification provides useful 
information concerning performance expectations. Then, 
the dataset is described and the variables extraction method 
together with the hierarchical clustering algorithm (HCA) is 
provided (Section  4). At the end, a comparison between the 
prior classification and classification based on clustering 
model is discussed (Section 5).

2   |   Theoretical Analysis and Research Hypothesis

In this section, firstly, the more general literature on the perfor-
mance of sustainable versus conventional funds has been ana-
lyzed, then several contributions focusing on SFDR, which have 
emerged in the recent period, have been discussed.

2.1   |   Performance of Sustainable Versus 
Conventional Funds

The financial performance of ESG funds has stimulated a lively 
debate with respect to its connection with ESG issues that has 
not yet reached a consensus and has developed three different 
theories that can be summarized in negative, positive, or ab-
sence of relationship. In the literature, there is a substantial body 
of work examining the determinants of financial performance, 
including comparisons between socially responsible (SR) and 
non-SR funds, with notable studies (Brammer et al. 2005; Leite 
and Cortez 2014). However, all these papers were not focused on 
SFDR classification that started in 2021. SFDR classification is 
a self-statement of the investment companies, while many stud-
ies on SRI funds were based on SRI ratings provided by third 
parties.

In general, many studies show no statistically significant dif-
ferences in performance between ethical and conventional 
funds. This finding has been found in several markets, includ-
ing the United States, Europe, and Australia. Some specific 
studies that support this neutrality in performance include 
Bauer et  al.  (2007) for Germany, the United Kingdom, and 
the United States over the period 1990–2001, after controlling 
for investment style, and Kreander et al. (2005) for European 
funds. Using a matched-pairs approach, Schröder  (2004) 
and Bauer et  al.  (2007) also concluded that socially respon-
sible funds do not underperform their unfiltered counter-
parts. Cortez et  al.  (2009) found that European socially 
responsible funds generally exhibit neutral performance rel-
ative to conventional and socially responsible benchmarks. 
Gregory  (1997), using a size-adjusted benchmark, found no 
significant differences between the returns of ethical and 
nonethical funds in the United Kingdom. Other studies have 
also highlighted that the difference in performance between 
conventional funds and socially responsible funds is irrele-
vant or not significant (Goldreyer and Diltz  1999; Hamilton 
et al. 1993; Shank et al. 2005; Statman 2000; Rathner 2013). 

However, there is also evidence of underperformance of ethi-
cal (or SRI) funds in some studies and contexts.

Works that support the theory of a negative relationship between 
ESG orientation and performance find their foundation on the 
argument that ESG funds are portfolios less efficient since the 
reduction of the universe of possible investments implies a lower 
diversification capable of excluding companies characterized 
by returns above the average (Hamilton et al. 1993; Adler and 
Kritzman  2008). Similarly, other authors have demonstrated 
that ESG funds perform worse than conventional ones because 
of the higher screening activity that implies higher monitor-
ing or agency costs (Bauer et  al.  2007; Zeidan  2022; Chegut 
et  al.  2011; Fabozzi et  al.  2008; Statman and Glushkov  2008; 
Capelle-Blancard and Monjon 2014; Leite and Cortez 2014; Yue 
et al. 2020).

Renneboog et  al.  (2008) examined SRI funds in 17 countries 
across Europe, North America, and Asia, finding that investors 
pay a “price for ethics”, with SRI funds underperforming their 
domestic benchmarks. Likewise, Jones et  al.  (2008) found an 
underperformance of SRI funds relative to the Australian mar-
ket. Renneboog et  al.  (2011) found that SRI funds with “Sin/
Ethical” or environmental filters significantly underperform 
conventional funds globally. Ibikunle and Steffen (2017) found 
an underperformance of European green funds relative to con-
ventional funds over the overall period analyzed. A significant 
study in this regard is that of Renneboog et al. (2008) who found 
that fund returns decrease with the intensity of screening on 
social and corporate governance criteria; the specific type of 
responsible investing criteria used also appears to influence 
financial performance. A crucial point highlighted is the het-
erogeneity of Socially Responsible Investing (SRI) funds, which 
apply different levels of intensity in their screening criteria. This 
variation in intensity is critical to understanding its relationship 
to financial performance. In addition, Renneboog et al.  (2011) 
examined how screening intensity affects the relationship be-
tween money flows and performance. They found that more “ 
Sin/Ethical” screening significantly reduces sensitivity to past 
negative returns compared to conventional funds. More envi-
ronmental screening increases the sensitivity of money flows to 
positive performance, while more social screening reduces the 
sensitivity of flows to both positive and negative performance.

Barnett and Salomon (2011) hypothesized and found a curvilin-
ear (U-shaped) relationship between social screening intensity 
and financial performance. Authors found that community re-
lations screening was associated with higher financial perfor-
mance, while environmental and employee relations screening 
was associated with lower performance. This study suggests 
that the choice is not simply between being an SRI fund or not, 
but how socially responsible to be, managers should carefully 
consider the effects of their screening strategies on performance.

In contrast, some studies have reported an outperformance of 
ethical funds. Luther et  al.  (1992) had found weak evidence 
of outperformance for UK ethical trusts. Mallin et  al.  (2006) 
concluded that ethical funds tended to outperform matched 
nonethical funds, although they did not directly control for 
bias toward small businesses in ethical portfolios. Varma and 
Nofsinger  (2014) found that SRI funds outperformed their 
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conventional counterparts in periods of crisis and underper-
formed in other periods.

The idea of a positive relationship between financial perfor-
mance and ESG funds orientation is supported by the possibil-
ity of obtaining higher returns by ESG investing in comparison 
to conventional investing since funds using SRI criteria might 
actually select companies with more sustainable profitability 
and better long-term prospects (Gil-Bazo et al. 2010; Becchetti 
et  al. 2014; Braeken and Assen  2016; Neves et  al. 2023). In 
this perspective, the commitment to social and environmen-
tal issues implies that screening techniques provide valuable 
information to fund managers about firms cost of debt and 
default risk (Atif and Ali 2021). Further, Helliar et al.  (2022) 
proved that SRI funds are more diversified than conventional 
funds, whereas Klinkowska and Zhao  (2023) focused on the 
association between SRI fund flows and their performance 
and showed that SRI funds with greater performance attract 
more investments. The differences in performance persistence 
between SRI and non-SRI funds were investigated by Lean 
et al. (2015) who found evidence of the SRI funds' performance 
persistence.

2.2   |   Theoretical Implication of SFDR 
Classification System

The SFDR classification system has significant theoretical im-
plications across regulatory design, investor behavior, and the 
understanding of sustainability in finance. By introducing a 
three-tiered classification system for financial products, Articles 
6, 8, and 9 aim to increase transparency and mitigate green-
washing by providing a framework for disclosing sustainability-
related information. However, the SFDR is neutral regarding 
specific product design, not mandating the exact nature of sus-
tainable investment objectives for Article 9 funds. This has led 
to discussions about whether it effectively functions as a labeling 
regime. Scheitza and Busch (2024) highlight that while Article 
9 funds are often termed “dark green” or impact-related, a sub-
stantial portion follow general ESG strategies rather than fo-
cusing on transformative impact. A key theoretical implication 
explored is the concept of “category fuzziness”, as investigated 
by Cremasco and Boni (2022). Applying organizational category 
theory, they found that despite the SFDR's attempt to create 
distinct categories based on sustainability goals, the financial 
incentives of fund managers in Articles 6 and 9 funds appear 
similar, influenced by both financial and sustainability perfor-
mance. This suggests that the regulatory distinctions might not 
always translate into distinct internal behaviors and challenges 
the SFDR's effectiveness in creating clear, self-discriminating 
categories. From the perspective of investor behavior, the SFDR 
intends to provide more transparent and comparable infor-
mation, enabling investors to make more informed decisions 
aligned with their sustainability preferences. The theory is that 
increased transparency should incentivize fund managers to 
sustainably invest more and allow investors to allocate capital 
accordingly. Research by Becker et al. (2022) indicates that funds 
subject to the SFDR saw an increase in their sustainability rat-
ings post-announcement, and funds with better ESG labels sig-
nificantly experienced higher net fund flows. This suggests that 
investors do value ESG alignment and react to the introduced 

labels. However, Ferriani  (2024), comparing SFDR labels with 
Morningstar sustainability ratings, found that investors gener-
ally rely more on industry-developed sustainability scores for 
portfolio decisions, with the notable exception of Article 9 funds, 
which did attract positive inflows. This implies that investors 
might perceive the Article 9 label as a more credible signal of a 
primary focus on sustainability. It has also been theorized that 
the increased investment in sustainability-labeled funds could 
lead to ESG asset overvaluation. Furthermore, investors might 
focus on the label itself rather than the actual degree of ESG 
integration. The study by Abouarab et  al.  (2025) adds to this 
by showing that Article 9 funds exhibited a reduction in their 
greenwashing index after the SFDR's implementation, unlike 
Article 8 funds, suggesting the regulation might be effective in 
guiding genuine decarbonization efforts for funds with explicit 
sustainability objectives.

The SFDR attempts to codify and standardize the understand-
ing of sustainability within financial markets by creating dis-
tinct categories based on the level of sustainability integration. 
Article 9's requirement for a “sustainable investment objective” 
theoretically distinguishes funds with a primary sustainabil-
ity focus from those that merely consider ESG factors (Article 
8) or do not (Article 6). However, the findings of Scheitza and 
Busch (2024), indicating that not all Article 9 funds align with 
a strong impact-generating purpose, raise questions about the 
practical application of these distinctions and the interpretation 
of a “ sustainable investment objective”. Similarly, Abouarab 
et al. (2025)'s finding that only Article 9 funds showed a signif-
icant reduction in greenwashing suggests that the SFDR's im-
pact on genuinely embedding sustainability practices might be 
more pronounced for funds with the highest level of declared 
commitment. Cruciani and Santagiustina  (2023)'s analysis of 
Key Investor Information Documents (KIIDs) reveals that sus-
tainability information is discussed across multiple sections, 
consistently with the SFDR classification. This has implica-
tions for how sustainability is framed and communicated to 
investors, suggesting that it is an integrated aspect of fund 
disclosure rather than a separate theme. This work reverts the 
analysis of the performances of ESG funds versus non-ESG 
funds using the SFDR classification based on the asset man-
ager's declaration. This approach overcomes most of the limits 
that affect sustainability ratings in the classification of funds 
(Berg et  al.  2022; Martinez-Meyers et  al.  2024) and permits 
to verify whether funds that belong to the same SFDR cate-
gories, as Articles 6, 8 and 9 exhibit similar risk-adjusted per-
formances. Thus, the research hypothesis can be formulated 
as follows.

H1: SFDR Classification Provides Information on the 
Performance Metrics of Mutual Funds.

However, different performances within the same category of 
funds raise some doubts on the reliability of the research hy-
pothesis. Indeed, this evidence highlights important issues in 
the open debate on the performance of ESG funds and leaves 
space to claim that the relationship between ESG orientation 
and performance might be absent or weak. Thus, the paper aims 
to assess whether the SFDR classification system, which catego-
rizes funds based on their ESG orientation, has practical value 
in guiding investment decisions from a financial perspective. 



5 of 14

It is worth pointing out that the research question is suggested 
by ESMA position on the outperformance of ESG funds and 
by the evidence provided by the extensive literature before the 
introduction of the SFDR classification (ESMA 2022a, 2022b). 
Consequently, this raises the important issue on the possible 
influence of the SFDR classification on the financial perfor-
mance prediction, which represents essentially the position of 
the European regulator.

3   |   Methodology

This paper proposes an innovative two-step analysis to investigate 
the hypothesis that a priori funds classification of SFDR provides 
useful information concerning performance expectations. First of 
all, principal components analysis (PCA) has been used to find the 
most significant orthogonal linear combinations of funds charac-
teristics, which are called PCs (Jolliffe 2002). Then, these PCs have 
been included as new variables in the HCA which has been per-
formed by using the Ward criterion (Strauss and von Maltitz 2017). 
The choice of this variables reduction is justified, since it aims at 
identifying a smaller set of PCs that capture the most relevant in-
formation in the original dataset with minimal loss of informa-
tion. The agglomerative hierarchical clustering based on PCs can 
help to improve the interpretation of the underlying data structure 
as well as can help to lead to a more stable clustering (Everitt et al. 
2011). In the following, a brief review of the PC analysis and the 
hierarchical clustering, used in this paper, has been proposed, and 
external and internal clustering validation measures computed to 
evaluate the performance of the clustering algorithm on the ESG 
dataset (Rousseeuw 1987; Maulik and Bandyopadhyay 2002) have 
been clarified (S.3).

3.1   |   Variables Extraction With PCA

The PCA, also known as feature extraction method, is an un-
supervised dimensionality reduction method and enhances the 
performance of the modeling process with minimum informa-
tion loss. It was introduced by Pearson  (1901) and then devel-
oped by Hotelling (1933).

More specifically, this procedure uses an orthogonal transforma-
tion to transform a set of cases of correlated variables into a set of 
values of linearly uncorrelated variables, known as PCs. The PC 
components are used in order to interpret the dependence among 
the selected variables over the PCs as well as to evaluate the rela-
tionships among observations. Thus, the PCs are built so that they 
are ordered with respect to the portion of explained variance. Note 
that a few uncorrelated variables (the first few PCs) are deemed to 
be useful. In the following, the PCA is presented.

Formally, given a vector x of p variables, the aim is to find a lin-
ear combination of x that maximizes the variance. Thus, it turns 
out that for k = 1,2, … , p, the kth PC is given, as follows: 

where �′

k
 is an eigenvector of the variance 

∑
, corresponding 

to its kth largest eigenvalue �k. To derive the form of PCs, the 
constraint used is that �k has been chosen to have unit length 

�
�

k
�k = 1, then var(zk) = �k, where var(zk) denotes the variance of 

zk. It is worth noting that to maximize �′

1

∑
�1 subject ��

1
�1 = 1, 

the technique of Langrange multipliers is used. Thus, the func-
tion to be maximize is as follows: 

where � is a Lagrange multiplier; the maximum is obtained by 
setting equal to zero the first-order derivative with respect to �1 , 
that is, 

Thus, � is an eigenvalue of 
∑

 and �1 is the corresponding ei-
genvector. Note that to avoid the influence of scale and di-
mensionality, the original variables are standardized before 
performed the PCA.

3.2   |   Clustering Approach

Cluster analysis is an unsupervised method with the aim to 
identify groups of similar observations according to a set of 
particular criteria. In the, there exist several types of clustering 
approaches which have been developed for different structure 
of data. The main categories of clustering algorithms are hierar-
chical and partitive algorithms. Mainly, hierarchical approaches 
are divided in agglomerative and divisive. The agglomerative 
allows to find the structures of data in which initially each 
observation is considered as an individual cluster and then, at 
each step, the most similar pairs of clusters are merged; this is 
known as bottom-up processes. On the other hand, the divisive 
algorithms are top-down processes. The choice of clustering 
method is related to the aim of the study, which can involve pat-
tern classification, image segmentation and data mining. The 
definition of similarity between two objects implies a notion of 
distance. Similarity between clusters is generally measured by 
linkage methods, and in this study, the Ward-type linkage has 
been considered. In particular, Ward's linkage as the distance 
between two clusters corresponds to the minimum within-
cluster variance.

In this paper, the agglomerative hierarchical clustering for anal-
ysis ESG data set has been selected. The hierarchical clustering 
produces nested sequence of partitions between one cluster at 
the top and clusters of individual points at the bottom. The out-
put of hierarchical clustering is a tree and can be visualized as a 
tree in the form of a dendrogram.

3.3   |   Performance Metrics of Classification

In this section, a brief description of the metrics adopted to 
evaluate the performance of clustering algorithm on the ESG 
data set is provided. In particular, these metrics have been 
considered to assess if there is a significant difference between 
the prior SFDR classification and the classification of funds 
obtained by the cluster procedure. The validity measures 
consist in two main categories: external clustering validation 
and internal clustering validation measures. The internal 

(1)zk = �
�

k
x

(2)�
�

1

∑
�1 − �(��

1
�1 − 1),

(3)
∑

�1 − ��1 = 0
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validation measures evaluate the classification derived by the 
cluster procedure, based on the information within the data. 
On the contrary, the external measures evaluate the parti-
tions derived by the cluster procedure, based on available su-
pervised information, namely, information that has not been 
used for clustering.

Formally, let C = C1, … ,CK be a particular clustering parti-
tion of the n observations into K  disjoint clusters; the internal 
(Connectivity, Average Silhouette Width and Dunn indices) 
and external (adjusted Rand index, ARI) are defined in the 
following.

∙ The connectivity index is defined as follows: 

where nni(j) is the j-th nearest neighbor of the i-th observation, 
L is the number of nearest neighbors of i observations, �(i,nni(j)) 
is equal to zero if i-th and j-th are observations in same cluster, 
and �(i,nni(j)) is equal to 1

j
 if they belong to different clusters. 

The connectivity index lies in the range [0,∞): low values of the 
connectivity index are considered optimal. This index measures 
the connectedness how relates to what extent units are located 
in the same cluster in other terms, their nearest neighbors in 
the space.

∙ The average silhouette width reflects the compactness and sep-
aration of clusters and takes the form as follows: 

where a(x) = 1

ni

∑
y∈Ci ,y≠ x

d(x, y) and b(x) = min
1≤ j≤ k,j≠ i

1

ni

∑
y∈Cj

d(x, y) . 

The values of the average silhouette width are in the range 
[ − 1,1] and higher values indicate better cluster result in terms 
of compactness and separation of clusters.

∙ The Dunn index is defined as follows: 

where the Dunn index is the ratio of smallest distance between 
units in different clusters (intercluster separation) and the larg-
est intracluster compactness among all clusters. The Dunn index 
assumes values in the range [0,∞), where high values of Dunn 
index are considered optimal.

∙ The ARI is a measure of agreement between two data parti-
tions: one derived by the clustering procedure C1 and the other 
is the true clustering of the samples of ESG dataset based on do-
main knowledge C0. Therefore, in this paper, the ARI index has 
been used to compare and evaluate how similar are the parti-
tions of funds related to ESG with respect to the founds classifi-
cation obtained by using hierarchical clustering based on PCA. 
The ARI is defined as follows: 

where a, b, c, and d indicate, respectively, the number of sample 
pairs belonging to the same cluster in both C0 and C1, the num-
ber of sample pairs belonging to the same cluster in C0 but to 
different clusters in C1, the number of sample pairs belonging 
to different clusters in C0 but to the same clusters in C1, and the 
numbers of pairs belonging to different clusters in both C0 and 
C1 . The ARI index assumes values in the range [0,1) where val-
ues of index close to 0 indicate a random agreement between C0 
and C1 partitions, while ARI values close to 1 indicate that C0 
and C1 clustering both represent the same clusters.

4   |   Data and Classification Analysis

The dataset used in this study has been collected by Refinitiv 
Database from March 10, 2021 to March 10, 2023 and consists 

(4)Conn(C) =

n∑
i=1

L∑
j=1

�(i,nni(j)),

(5)s(k) =
1

n

k∑
i=1

∑
x∈Ci

b(x) − a(x)

max(a(x), b(x))
,

(6)Dunn(C) = min
1≤ j≤ k

⎧
⎪⎪⎨⎪⎪⎩

min
1≤ j≤ k

j ≠ i

min
x∈Ci ,y∈Cj

d(x, y)

max
1≤ l≤ k

�
max
x,y∈Cl

d(x, y)

�

⎫
⎪⎪⎬⎪⎪⎭

,

(7)ARI =
2(ad − bc)

(a + b)(b + d) + (a + c)(c + d)
,

TABLE 1    |    Description and descriptive statistics of relevant performance measures.

Sections Performance measures Formula Mean std min max

Return GM n

�∏n
i=1

�
1 + Rpi

�
− 1 0.11 0.10 -0.26 0.61

Indicators ER ER = Rp − Rf 0.07 0.04 -0.12 0.26

Alpha Alpha = Rp − Rbmk 0.03 0.04 -0.16 0.22

Risk � � = Stdev
(
Rp

) 0.17 0.02 0.07 0.29

indicators TE TE = Stdev
(
Rp − Rbmk

) 0.12 0.03 0.02 0.31

MaxDD MaxDD =
TroughValue−PeakValue

PeakValue
0.24 0.06 0.11 0.51

Risk adjusted SR
SR =

Rp −Rf

�p

0.41 0.26 -0.63 1.33

Performance indicators IR
IR =

Rp −Rbmk

TE

0.28 0.35 -0.82 1.23

where Rp is the mean of the time series of the return of the mutual funds, Rf  is the mean of the time series of the return of the risk -free asset, and Rbmk is the mean of 
the times series of the return of the benchmark.
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of 440 observations of various performance metrics referred to 
funds distributed in Europe and specialized on the European 
stock market with benchmarks coherent with a large cap blend 
style and by a set of 8 performance measures (Table 1). Taking 
into account that the investment style may influence the per-
formance and the classification results, a homogeneous sample, 
covering only mutual funds, characterized by a similar portfo-
lio, has been considered for the analysis.

Looking at the composition of the portfolio of the mutual 
funds, the analysis has been limited only on large cap funds 
without a value-growth bias (± 10%) and with a sectoral break-
down consistent with the composition of the benchmark. In 
order to provide a comprehensive assessment of the perfor-
mance of each fund, a set of financial metrics has been cal-
culated, encompassing various dimensions of return, risk, 
and risk-adjusted. For every fund in the sample, not only has 
the geometric mean of the returns been computed to capture 
the average performance over time, but additional indicators 
have been also included to evaluate both absolute and relative 
performance. Specifically, the analysis has incorporated the 
calculation of standard deviation of returns to assess the total 
volatility or dispersion of returns around the mean (Derwall 
and Koedijk 2009; Schröder 2007), as well as the alpha, which 
measures the excess return (ER) of a fund relative to a bench-
mark and serves as an indicator of manager skill (Edwards and 
Caglayan 2001). Furthermore, the tracking error (TE) volatil-
ity has been examined to quantify how closely a fund follows 
its benchmark index, thereby providing insight into active risk 
(Aber et al. 2009; Petajisto 2013). To evaluate downside risk, 
the maximum draw-down has been computed, which identi-
fies the largest peak-to-trough decline in fund value over the 
observed period and provides a sense of vulnerability during 
adverse market movements (Heidorn et  al.  2009; Brandon 
and Qing  2022). Additionally, two widely used risk-adjusted 
performance measures have been employed: the Sharpe ratio, 
which evaluates returns relative to total risk (Miralles-Quirós 
et al. 2019; López Prol and Kim 2022; Kourtis 2016), and the 
information ratio (IR), which refines this assessment by fo-
cusing on the fund's active return relative to its TE, useful in 
assessing the efficiency with which a manager generates ERs 
given the level of active risk taken (Abate et al. 2021).

In the following section, the performance measures are clas-
sified into three macro sections: Return, Risk and Efficiency 
(Buchetti et al. 2025; Shahrour 2022).

The first section is composed of three indicators, and it is fo-
cused on performance indicators assessing the absolute and 
relative return of each fund: the geometric mean of returns 
(GM), the ER defined as the difference between the return 
of the fund, and a risk free asset and the alpha indicator de-
scribed as the difference between the return of the fund and 
the return of the MSCI Europe Net Return. The second section 
is composed by three risk indicators: the standard deviation 
(�) measure of dispersion of fund's returns around the aver-
age, the TE that is the deviation from the benchmark of a fund 
and computed as standard deviation of alpha), and then max-
imum drawdown (MaxDD). The last section is composed by 
two risk adjusted performance indicators assessing the ability 
to reward each unit of risk in addition to the risk free asset, 

namely, in the case of the Sharpe ratio (SR) and to the bench-
mark in the case of the IR.

In addition, the classification variable defined as SFDR0 de-
scribes the rules for the classification of funds, as illustrated in 
Figure 1. More specifically, the SFDR0 can be defined as the fund 
manager's attitude to a more or less sustainability-oriented port-
folio composition and reporting.

It is worth highlighting that the variable of classification 
SFDR0 and the financial indicators used in this paper can 
be considered a valid syntheses of ESG factors in the invest-
ment decision-making process. In order to increase the accu-
racy of learning approach, a preprocessing data analysis has 
been performed to detect the presence of outliers values and 
removing funds with missing data. After the preprocessing 
phase, the dataset consists of 440 funds for which 8 perfor-
mance measures are taken with respect to the original data-
set. Table 1 provides the name of financial indicators used in 
this paper jointly with a brief description of them and descrip-
tive statistics. The descriptive statistics show positive risk ad-
justed performance indicators (namely, Sharpe ratio and IR) 
with a mean of 0.41 e 0.28 and a standard deviation of 0.26 
and 0.35, respectively. That means that on average, the funds 
of the sample were able to outperform the risk free asset and 
the benchmark. This is consistent with the positive average 
of GM. The average value of standard deviation is consistent 
with the risk of the benchmark, even though the TE suggests 
an active strategy of the funds. The MaxDD is clearly affected 
by the negative performance of the European stock market 
in 2022.

4.1   |   Variables Extraction Method for HCA in 
Financial Context

In this section, the PCA and the HCA have been applied to eval-
uate the specific hypothesis regarding the adequacy of the priori 
classification of funds (SFDR0) as defined in the previous section. 
More specifically, the paper proposes to check the null hypothesis 
that the priori classification is suitable to provide the economic 
information necessary for a correct classification with respect to 
the financial characteristics of mutual funds. First of all, before 
proceeding with the study, the variable Alpha has been removed. 
The choice to remove this variable is justified by considering that 
the Alpha indicator is the numerator of the IR and therefore the 
ability to outperform the benchmark is already covered by this 
measure. Moreover, in some cases, Alpha indicator can be in-
terpreted as a form of ER that also takes into account systematic 
risk (Berg et  al.  2022). The PCA analysis has been performed 

FIGURE 1    |    SFDR classification by article and definitions.

ARTICLE 6: funds that do not prioritise sustainability in their investment strategy

ARTICLE   : funds that promote8 investments or projects with positive environmental
or social qualities

ARTICLE   : funds that have sustainable investment as objective and meet the9
requirements of sustainable investment goals
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on the standardized values of the continuous original variables. 
Consequently, the PCA has been carried out on the correlation 
matrix, and the PCs with eigenvalues greater than one, based on 
Kaiser's rule (Kaiser 1958; Braeken and Assen 2016), have been 
included as covariates of HCA algorithm.

Table 2 presents the eigenvalues and the ratios of explained vari-
ances, from which it is evident as the PC variances are in pro-
gressive decline. From the eigenvalues in Table 2, it is worth to 
underline that the first two PCs can be selected, as the cumulative 
contribution rate exceeding the 84% is deemed to effectively re-
duce dimensionality while ensuring the preservation of sufficient 
information. Only the 15% of the variance remains unexplained.

Thus, the first PC of the data presents the highest eigenvalue 
(4.85); this component explains the greatest variation (69%) of 
the variables, making it the most significant. The influence is 
also equally distributed among all the variables. Similarly, the 
component with the second largest eigenvalue, (1.083) rep-
resents the second PC. This component explains an additional 
16% of the variation of the variables.

After checking the results in Table 2, it is reasonable the hypoth-
esis according to which the first component provides a measure 
related to the performance assessment, where SR and the IR indi-
ces are considered relevant for evaluating portfolios with normal 
distributions of absolute and relative returns in comparison with 
the risk free asset and the benchmark returns. In addition, the ER 
indicator allows investors to compare sets of funds against each 
other. On the other hand, the second PC provides a measures 
related to risks indicators described by the variables: �, TE, and 
MaxDD. This second PC describes a relevant multidimensional 
aspect of risk management. Indeed, the PC component provides 
evidence regarding the dependence among the specific metrics 
that organizations use to monitor and assess potential risks with 
respect to the impact of the overall performance.

Furthermore, the PCA analysis results have been displayed on 
the factor plane by focusing on the relations between PCs and 
financial variables (Gabriel 1971), as illustrated in Figure 2 and 
Table  3, respectively. In particular, the interpretation of the 
graphical output allows detecting among the variables (identi-
fied by arrows) which ones contribute to the construction of the 
axes on a circle, called the correlation circle.

From the Figure 2 and Table 3, it is evident that PC 1 best ex-
plains the variability of ER, GM, SR and IR variables. These 
values increase as PC 1 increase. On the contrary, PC 2 best ex-
plains the variability of MaxDD, � and TE variables. However, 
among these, the MaxDD and the � variables have been found 
to have higher weights than the one for the TE variable (vectors 
with longer lengths). Indeed, it is important to point out that if 
the arrows identify the variables, the angles between the respec-
tive vectors indicate the different degree of collinearity between 
the variables. Therefore, the arrows arrow indicate which vari-
ables account for most of PCs, while the length of the arrows 
corresponds to the intensity of the relationship.

4.2   |   Financial Data Clustering Based on PCA

Within this context, the PCA has been used as a feature ex-
traction to find the optimal subset of variables in terms of 
PCs ignoring redundant and irrelevant information. As a 

TABLE 2    |    Eingenvalues and percentange of explained variance.

PC Eingenvalues

% of 
explained 
variance

Cumulative 
% of total 
variance

PC 1 4.851867677 69.31239538 69.31240

PC 2 1.082675030 15.46678615 84.77918

PC 3 0.886083156 12.65833081 97.43751

PC 4 0.103876709 1.48395299 98.92147

PC 5 0.054288125 0.77554464 99.69701

PC 6 0.018119349 0.25884785 99.95586

PC 7 0.003089953 0.04414219 100.00000

FIGURE 2    |    Projection of the nine financial variables on the PC 1 
and PC 2.

TABLE 3    |    Pearson correlation coefficient between financial 
variables and the first two principal components (PCs).

Financial variables PC 1 PC 2

GM 0.968 0.227

ER 0.956 0.263

� −0.574 0.653

TE −0.282 0.595

MaxDD −0.873 0.332

SR 0.974 0.176

IR 0.939 0.202
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consequence, these PCs have been included as covariates of an 
AHC which aims to identify groups of similar observations ac-
cording to a set of particular criteria. As previously mentioned, 
the cluster analysis, conducted on the PCs, is characterized 
by the estimation of the dissimilarity matrix associated with 
the distances between the 440 funds (Euclidean distance) 
and similarity between clusters measured by linkage meth-
ods (Ward type linkage). In addition, the optimal number 
of clusters has been defined to 3 in accordance with several 
indices that combine information regarding intra and inter 
cluster compactness. The findings of cluster analysis has been 
depicted graphically in a diagram, known as cluster dendro-
gram, as given in Figure 3. It shows the graph generated from 
the dataset by using Ward's linkage of the multidimensional 
relationships among all of the samples, where the horizontal 
axis indicates the funds and the vertical axis indicates the dis-
tance (level of similarity) at which the clusters are merged. 
Furthermore, the partitions obtained have the following size: 
Cluster 1 (includes 213 funds), Cluster 2 (includes 32 funds), 
and Cluster 3 (includes 195 funds).

5   |   Comparison Between the Prior Classification 
and Classification Based on Clustering Model

In this section, the hierarchical clustering based on PCA has 
been applied to assess the specific hypothesis, namely, that 
the SFDR classification provides a consistent information for 
the funds with respect to the classification obtained through 
the AHC.

In order to clarify the modeling findings, the priori classification 
of funds regulated under the SFDR that classifies financial prod-
ucts into three main categories according to their characteristics 
and sustainability is called SFDR0. This priori classification of 
funds is called SFDR0, and it is associated to the model “ Model0”. 
On the other hand, the classification of funds under unlabeled 
categories based on the proposed approach is called SFDR1, and 
it is associated to the model “ Model1”. The choice to compare 
the partitions of SDFR0, defined Model0, and SDFR1, denoted as 
Model1, is justified considering the lively debate on the impact 
of ESG orientation on performance results. Thus, the misalign-
ment of the distribution of funds in Model0 and in Model1 has 
been assessed. The validation criteria to assess the clustering 
partitions have been based on internal validation measures, as 
shown in Table 4. From the findings reported in Table 4, it is 

evident that for all values, Model1 outperforms the priori classi-
fication Model0, in terms of separation and compactness.

In particular, the optimal values (for k = 3) for the average sil-
houette width and the Dunn index are 0.27 and 0.05, respec-
tively. Similarly, the lowest value of the connectivity index equal 
to 51.73 suggests better clustering structure compared to other 
partition in terms of within-cluster variance. Figure 4 illustrates 
the colormaps of the partitions achieved with Model1 with re-
spect to Model0. It is evident that the cluster partitions based on 
Model1 provide a more compact result than those obtained con-
sidering only the priori information or Model0.

On the other hand, a key aspect of this work has also been to 
compare the clustering procedure proposed in this paper with the 
priori classification (or priori knowledge) by using the external cri-
teria. In this context, the ARI index has been computed in order to 
provide a measure of similarity between these two different par-
titions. The ARI index has been computed, and the score equal 
to 0.05 has revealed that two cluster solutions can be considered 

FIGURE 3    |    Dendrogram of the funds and financial indicators based 
on Ward linkage method of hierarchical clustering.

TABLE 4    |    Performance metrics for the prior classification SFDR0 
based on Model0 and the classification driven by AHC approach SFDR1 
for k = 3 (Model1).

Model Silhouette Dunn Connectivity

Model0 0.09 0.02 76.96

Model1 0.27 0.05 51.73

FIGURE 4    |    PCA plot regarding the multivariate variation among 50 
funds in terms of financial variables. The colormaps of the partitions 
correspond to the partitions achieved with Model0 (a) with respect to 
the Model1 (b).
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independent; in other terms, the partitions provided by priori the 
classification Model0 and the partitions provided by PCA based on 
AHC; Model1 presents a low agreement of clusters, as also evident 
from the contigence table (Table 5) where there are the fund fre-
quencies in relation to the partitions of the two models SFDR0 and 
SFDR1, respectively. Table 5 shows an evident misallignment of the 
distribution for the funds in Model0 and Model1 suggesting the poor 
predictive information about performance measures cointained in 
the SFDR classification. Finally, the performance of the obtained 
clusters (Model1) and the priori classification (Model0) have also 
been evaluated with respect to the original financial data.

Therefore, to this aim, the boxplots categorized according to the 
three obtained clusters and with respect to the SFDR0 classifica-
tion are shown in Figure 5. From Figure 5, it is evident that the 
classification obtained using the proposed method is able to iden-
tify clusters characterized by specific financial variables. In partic-
ular, according to the results obtained, the funds found in Cluster 
3 are the most efficient (those with the greatest value on average 

with respect to the Risk Adjusted performance indicators, i.e., SR 
and IR), while Cluster 2 includes the most risky funds (that present 
on average higher values with regards to risks metrics, i.e., �, TE 
and MaxDD). For what concerns the funds found in Cluster 1, it is 
important to point out that these funds are characterized by simi-
lar values in terms of TE to Cluster 3 but have lower average values 
of performance indicators compared to the latter.

On the other hand, the priori classification based on SFDR0 does 
not highlight the presence of significant differences among the 
theoretical clusters in terms of financial variables. This result 
is justified by the idea that the performance of funds is strongly 
affected by other factors (i.e., management style and costs) that 
can explain the heterogeneity of the performance patterns of 
fund showing the same SFDR classification.

Finally, the averages associated to these financial variables 
have been compared with respect to both classifications by 
using the Kruskal–Wallis test. By fixing a significance level 
of 1%, this test checks for the validity of the null hypothesis 
that there is no difference among the partitions based on clus-
ter hypothesis. From the results in Table 6, it is clear that the 
null hypothesis cannot be rejected for the partitions based on 
the prior classification SFDR0, with respect to all the financial 
indicators, since the p-values are all greater or equal to the 
significance level, which means that there are no statistically 
significant differences among partitions. An opposite con-
clusion can be derived for the partition obtained by the pro-
posed method, for which the null hypothesis can be rejected, 
highlighting that the differences among the funds arise when 
the partitions are obtained by releasing the a priori classifica-
tion SFDR0.

TABLE 5    |    Contingency table used to determine which funds have 
been correctly assigned to null (Model0) and alternate distributions 
(Model1).

Model1

TotalCluster 1 Cluster 2 Cluster 3

Model0 Article 6 65 6 86 157

Article 8 115 19 89 223

Article 9 33 7 20 60

Total 213 32 195 440

FIGURE 5    |    Boxplots related to p = 7 financial variables classified by clusters with relation to a priori classification (a) and with respect to clas-
sification based on the AHC procedure (b).
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This demonstrates that even after the introduction of the SFDR 
(that represents a key step to market information since it shifts 
to asset managers the disclosure related to the sustainability 
orientation of the fund), it is not possible to make proven as-
sumptions of over or underperformance associated with ESG's 
funds orientation. This is also consistent with the position of 
ESMA, for which the evidence supporting the outperformance 
of ESG funds can be considered scarce; on the other hand, the 
general finding is that they tend to perform about the same—
neither significantly better nor worse than conventional funds 
(ESMA 2022a, 2022b).

6   |   Conclusions

The UE is leading the ESG deal at worldwide level and has de-
cided to use the financial system as a transmission mechanism 
in order to improve the sustainability of the economic decisions. 
Also, the asset management industry is part of this project, and 
the investment companies have to disclose in the key informa-
tion document the category of each mutual fund. The SFDR 
came into force in March 2021, and the first reaction of the mar-
ket has been a strong shift of Assets Under Management (AUM) 
toward Articles 8 and 9 funds (Becker et al. 2022).

The academic research on this topic has been often based on 
the ESG ratings provided by different companies (Morningstar, 
Refinitv) that unfortunately present a great divergence. The 
SFDR imposes an official classification of the mutual funds, but 
it is based on the declaration of the asset management compa-
nies and is exposed to the greenwashing risk (overstatement of 
the ESG orientation). Overall, the relationship between the in-
tensity of responsible investing criteria and the financial perfor-
mance of funds is far from straightforward and likely depends 
on the intensity of screening, the type of criteria used, the geo-
graphic context, and the time period analyzed. It is worth con-
sidering that the imposition of ethical constraints can be seen 
as a special case of restrictions on portfolio selection, which can 
lead to nonzero Jensen performance.

It is important to consider that the methodology used to com-
pare performance can affect results. The use of appropriate 
benchmarks, controlling for factors such as fund and company 
size (small company effect), investment style, fees, and the use 
of multifactor models are crucial aspects. Gregory (1997) argued 

that by accounting for the small company effect with a two-factor 
benchmark, the outperformance of the UK ethical funds found 
in previous studies disappears. Moreover, management fees may 
influence net performance for investors, if ethical funds have 
higher fees without superior performance, this would result in 
lower returns for investors. In summary, the evidence suggests 
that the relationship between the intensity of ESG criteria and 
the financial performance of mutual funds is not linear. Very 
low or very high screening intensity might be associated with 
better financial performance than moderate intensity. However, 
it is critical to consider the specific type of ESG criteria and the 
market context, as different intensities and types of screening 
can affect performance and investor behavior in distinct ways.

Finally, it is important to note that the definition of “ ethical” and 
“ unethical” can be vague and variable, making it difficult to es-
tablish a universally accepted list of “ unethical” companies. The 
European Supervisory Authorities (ESAs) published a joint opin-
ion on the SFDR, highlighting how the current provisions, while 
aimed at transparency, have generated complexity and potential 
greenwashing risks. The ESAs propose the introduction of a cat-
egorization system for financial products based on sustainability 
criteria and/or a sustainability indicator to simplify disclosures, 
especially for retail investors (www.​eiopa.​europa.​eu/​publi​catio​
ns/​joint​-​esas-​opini​on-​asses​sment​-​susta​inabl​e-​finan​ce-​discl​
osure​-​regul​ation​-​sfdr_​en). Although the SFDR regulation has an 
objective of transparency and disclosure of ESG policies by in-
vestment companies without making value judgments about the 
effects of such guidelines, ESMA has stated on several occasions 
most recently (Securities and Authority  2025) that ESG funds 
have outperformed non-ESG funds particularly in the equity 
sector by promoting investment in funds classified in Articles 
8 and 9. The story telling around the ESG benefits not only on 
the sustainability but also on better performances in terms of re-
turn, risk, and efficiency that have driven the tendency of many 
investors to select Articles 8 and funds. This study showed that 
the expectations of better performances only based on the SFDR 
classification are biased. The innovative approach of this study 
was to revert the analysis of the traditional performance metrics 
by creating clusters of funds with similar behaviors.

The clustering procedure was based on a PCA analysis of the per-
formance metrics that allow focusing only on the variables able 
to explain the features of the considered sample of funds. It is 
worth pointing out that the obtained partitions can be considered 

TABLE 6    |    Financial variables of the “prior classification” and based on AHC algorithm.

“Prior classification” AHC algorithm classification

Financial variables Kruskal–Wallis statistics df p-value Kruskal–Wallis statistics df p-value

GM 8.324 2 0.02 323.458 2 0.00

ER 8.148 2 0.02 317.057 2 0.00

� 4.414 2 0.11 74.780 2 0.00

TE 10.349 2 0.01 43.668 2 0.00

MaxDD 6.868 2 0.03 243.637 2 0.00

SR 8.612 2 0.02 322.245 2 0.00

IR 5.784 2 0.06 308.305 2 0.00

http://www.eiopa.europa.eu/publications/joint-esas-opinion-assessment-sustainable-finance-disclosure-regulation-sfdr_en
http://www.eiopa.europa.eu/publications/joint-esas-opinion-assessment-sustainable-finance-disclosure-regulation-sfdr_en
http://www.eiopa.europa.eu/publications/joint-esas-opinion-assessment-sustainable-finance-disclosure-regulation-sfdr_en
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better than the prior one in terms of homogeneity, and the con-
tingency table shows a low correlation of the classifications based 
on ESG declaration and on performances. The main finding of 
this research supports the idea that using the SFDR classification 
to create expectations of better future performance could be mis-
leading, since the different metrics seem to be affected by other 
factors. Our assumption is that the management style (active ver-
sus passive) and the cost of the funds should be taken into account 
and could explain better (or together) with the ESG orientation; 
the performance of mutual funds and future research on this 
topic is needed. For the time being, regulators and asset manage-
ment companies should pay attention to feed the idea that ESG in-
vesting is not only able to help the environment, to support social 
programs and to lead to better governance but is also a good deal 
in terms of performance because the data show a different story.
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