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1. Introduction

Today’s worldwide crises have been booming
the interest for environmental, social and gover-
nance issues, shortly ESG issues. Since the val-
uation of the ESG corporate performance can
influence financial decisions, with far-reaching
impacts on corporate policies, customer prefer-
ences and asset prices, ESG rating agencies were
born. Nevertheless, the lack of regulation on
ESG disclosures generates poor and unreliable
data collection, resulting in measurement incon-
sistency and subjective reporting, which make
benchmarking very hard. In this regard, the
Aggregate Confusion project by MIT Sloan Sus-
tainability Initiative figures out a 0.61 correla-
tion between ESG rating agencies', against the
0.99 between Moody’s and Standard & Poor’s
credit ratings. It investigates the mismatches
and identifies scope, measurement and weights
divergences that is, what raters decide to mea-
sure, how they measure it, and the materiality
they recognise[l]. Additionally, there is a lack
of transparency about agencies’ rating method-
ologies. These trends suggest a key challenge in
putting all under a common ESG len.

We develop an algorithm which assesses a firm’s
ESG performance with an objective and trans-

!The project has focused on the rating agencies:
KLD, Sustainalytics, Moody’s ESG, S&P Global, Re-
finitiv, and MSCI.

parent snapshot of its impacts. To generate a
common alphabet of disclosure, we rely on the
Global Reporting Initiative Standards (GRIs).
We split the analysis into the three environmen-
tal, social and governance pillars, finding pillars-
specific key factors. Then, we group the GRIs,
or KPIs, in a way that each group describes
a key factor, integrating widely acknowledged
norms, developed by the United Nations, the In-
ternational Labor Organization, and the Orga-
nization for Economic Co-operation and Devel-
opment. Finally, we measure each factor’s im-
pact on the overall score, relying on a complex
research based on the UN Sustainable Develop-
ment Goals (SDGs), specific literature and news
sources. Our algorithm exploits a bottom-up
approach and progressively develops a scoring
process which aggregates a measurement and a
weight component. Finally, to be as transparent
as possible, it considers voluntarily data gaps
via a penalty algorithm, and tries to fill them
via predictive models.

At the end, we apply the algorithm on a set of
Italian companies and we compare the results
with Refinitiv and Sustainalytics ratings.



2. ESG pillars

The section deeply deals with the analysis of key
issues and topics populating the ESG scenario.
In the following we summarise the discussion,
presenting the common ESG blueprint of all
the identified key factors valuing the company’s
long-term performance. We recall that each key
factor collects a number of GRIs, Tables 1 and
3 are an example.

Environmental pillar
GHG, ODS and other significant emissions
Water

Land use and biodiversity

Raw materials sourcing
Waste and pollution

Clean-tech and renewables

Social pillar

Employment

Occupational and customer health and safety
Training and education

Modern slavery

Communities

Supplier social assessment

Product responsibility

Data privacy

Governance pillar

Economic performance and its impacts

Market presence

Business ethics

3. Constructing the rating

We develop an objective rating methodology
which takes shape from businesses sustainable
disclosures to think in a benchmarking scenario.
The GRI documentation presents both qualita-
tive and quantitative features to be disclosed.
To remove subjectivity and be as transparent as
possible, we translate the qualitative informa-
tion into quantifiable data, wherever possible.
In this way, the alphabet of disclosure collects
original and revised GRIs, marked with a r.
The algorithm builds a nested three-tiered struc-
ture based on convex linear combinations, whose
final aim is the corpora%e(ESG rating:

= Pi (1)
i2fe;s;gg
where e, S, g are the environmental, social and
governance pillars, = 1=3 and pj is pillar i
score, computed as:

>
Pi = Wb (2)
j=1
where:
o Nj is the number of key factors in pillar i
o (Wj)jof12;nig 18 the set of weights asso-
ciated with the key factors of pillar i (see
Section 4)
o (&)j2f1:2:::nig 18 the set of scores associated
with the key factors of pillar i
The core part of the procedure matches each key
factor J to the score §;, via different and specific
procedures which handle its KPIs. Precisely, it
evaluates either plain indicators or their ratio.
To ease the discussion, we refer to an "indica-

tor".

3.1. Measurement tool

The algorithm learns the global environmental,
social and corporate policies status, employing
a training dataset. Thus, it processes a gen-
eral rule for each indicator which is consistent
with the current scenario. Omne at a time, it
estimates the cumulative distribution function
(CDF) which has generated each indicator sam-
ple points, by computing the corresponding em-
pirical CDF (eCDF) which acts as a tool mea-
suring the company relative performance.

We denote with K a generic indicator, taking
values in Dk, with sample size m. To ease the
sumed to be in ascending order. Since the set
could have repetitions, we compute the highest
number of recurrent elements:

n= max nj
i2f1;2;:::;mg

where nj = #fj : Kj = kijg. We define the eCDF
Fk : Dk ¥ [0;1] as a step function jumping
high by at most n=m at each observed point:
1 X
k) = - Tag K
i=1 (3)
#fi: ki kg

= k2D
m ) K

Fx(k) =P (K

We model the CDF of a discrete random vari-
able since our training dataset is a finite collec-
tion of real data. However, since most of the
variables take values in intervals of real num-
bers, we might model them as continuous ran-
dom variables. Nevertheless, the difference be-
tween the step-wise CDF and any CDF fxk, ob-
tained through a continuous interpolation, is at
most equal to:



. . n
=kfx Fgkq = max ifk(k) Fx(k)j= o
K

Indeed, assuming m sufficiently large, and being
N  m reasonably, we get: limmwe1 =0, that
is, as the sample size increases, the difference be-
tween the proposed solution and whatever kind
of continuous CDF is negligible.

Evaluation process

Denoting with k the company registered value
for K, K is mapped with a score sk by evaluat-
ing Fk in k. Precisely, the procedure manages
the indicator in this way:

o if K assesses any sustainable business prac-
tice moving the company long-term for-
ward, then sk = Fg(k)

« if K assesses a business practice somehow
harming environmental protection, social
justice or corporate accountability, then
sk =1 Fk(k)

Either way the algorithm values a non-negative
contribute differing in the size of the recognised
score. Since ratings have a meaning in compar-
ison with the others, the contribute of a good
indicator is grasped such that greater values cor-
respond to greater scores, being the CDF a non-
decreasing function. Contrarily, the procedure
penalises misconducts delivering a score which
is worth the less the more the size of the danger,
being the opposite of the CDF a non-increasing
function.

Overall we construct 52 indicators, defining the
contribute of each of them step by step.

ESG score

Since it is a fair weighted sum of convex linear
combinations in [0,1], the comprehensive ESG
score falls into |0,1], where 1 and 0 indicate ex-
cellent and laggard capacity to fulfill sustainable
commitments, respectively.

In the following we show two examples of key
factors’ analyses. Throughout the discussion we
have:
o Kj: i-th indicator
o (Kij)j2f1:2;::mm;g: training dataset for K;
« Mj: number of Kj’s observations in the
training dataset
o Nj: highest number of recurrent elements in
(kij)j2f1;2;:::;mig
o Kj: value of Kj recorded by the company to
be evaluated
Before proceeding, we perform some transfor-
mations on the dataset. The strict connection
between raw materials, industrial products and

byproducts stands up from the resources con-
sumption up to the waste generated by the in-
dustrial activity, making KPIs more meaning-
ful when linked to the value of the production.
Thus, in the environmental pillar, the dataset
is divided by the corresponding total economic
value generated. This transformation is denoted
with a tilde.

Environmental pillar, Waste and pollution

rGRI rKPI

306-2ar  Waste prevention r
306-3a Waste generated X
301-4a Waste diverted from disposal y
301-5a Waste directed to disposal V

symbol

Table 1: Waste and pullution rKPIs, in tonnes.

The European Union Waste Framework Direc-
tive defines hierarchical guidelines for handling
components end of life, including prevention, di-
version from disposal and disposal. Accordingly,
we combine the evaluations of the waste actually
generated and its management practices, then
we apply a reward function taking care of the
prevention efforts?.

Waste generated: dealing with business im-
pact through waste generation, we define: K1 =
x and we compute: S1 =1 Fg, (K1).

Waste management: the total amount of
waste can be differentiated into diverted from
and directed to disposal. We define: Ky = y/x
and K3 = z/x and we compute Sp = Fx, (k2) and
S3 =1 Fk,(Ks). Finally, we combine the waste
management practices computing the weighted
sum of the evaluations of K, and Ks, to get a
comprehensive assessment:

s2:3 = ka2 Fi,(k2) + k3 (1 Fks(ks))
Since Ky + K3 = 1, we have:
FKz (kz) = P(Kz k2) =1 P(Kz > kg)
=1 Pl Kz3=>1 Kks)
=1 P(Ks<Kky)
thus
Frp(k2) =1  Fk,(ks)

2The reduction of some dangerous environmental im-
pacts is always considered both in the relative key factor
and in Clean-tech and renewables. We clarify it with an
example. The rGRI 306-2ar Waste prevention is placed
both in Waste and pollution and Clean-tech and renew-
ables. However, we consider it in two different ways.
In Clean-tech and renewables its contribute is computed
through the usual CDF-reasoning, while, in Waste and
pollution, it is applied a reward function to the overall
key factor’s score.




8ks 2 Dka; ks & (k3j)j2f1;2;:::;m3g
where the difference is at most n3=ms. Rea-
sonably, Sp.3 = Fk,(k2). Thus, we combine
the waste generated and the waste management
with a fair convex linear combination:
s=1=2s; +1=2 S2:3 (4)
Waste reduction: focusing on the attempts
to reduce waste, we define K4 = r. We apply an
adjusted function to the score created, which ac-
counts for the size of the waste prevented, mak-
ing use of the quantile function Qg, : [0;1] ¥
Dy, which takes the value of the probability p

and assigns X such that:
Qk,(p) =maxfx 2Dk, :P(Ks X) pg
We apply a continuous and increasing reward

function to the computed rating (Eq.4) of the
form fr(X) = (1 + r)x where r 2 [0;1] is the
reward rate. Thus, we define the adjusted func-
tion fa(x) : [0;1] ¥ [0;1] such that fa(X) =
min(f (x); 1) to stop the function growth at 1.
We compute Qg,(1=3) and Qk,(2=3) to split
the reduction in these three awarding categories,
matching them with a reward rate r:

Interval for k4 r
Iz = (QK4 (2=3); 1] 0.10
I = (Qa(1=3); Qk, (2=3)] 0.05
I, =[0; Qk, (1=3)] -

Table 2: Waste prevention chart.
Finally, kg4 falls into one of these three ranges
and the procedure computes the final score as
fa(s).

Social pillar, Employment

Governance bodies at the start of the period
rGRI rKPI Symbol
405-1ar.i #men Sm,b
405-1ar.ii #women 8w,b
405-1ar.v #individuals under 30 years gf’o)
405-1ar.vi  #individuals 30-50 years gl()30—50)
405-1ar.vii ~ #individuals over 50 years g(bSO)

Governance bodies at the end of the period
rGRI rKPI Symbol
405-1br.i #men Em,e
405-1br.ii #women Ew,e
405-1br.v #individuals under 30 years gf’o)
405-1br.vi  #individuals 30-50 years g§3°*5°)
405-1br.vii  #individuals over 50 years g
405-2ar Remuneration of women to men r

Table 3: Employment rKPIs. rKPIs concerning
the employee group are omitted, they are exactly
the same listing as the governance bodies’ one.

We measure the company’s level of diversity and
inclusiveness in favour of equal opportunities,
examining the composition of the workforce by
age and gender, and his pay.

Distinction by gender: to discuss the differ-
ence in the gender composition at time t, we
introduce:

_ jgm,t gw,tj
7t - T .
8 gm,t + gw,t
We define:
Kl = g.e
K, = g,b g.e

gb Cen> ) V(1 gb) (L w0

This disclosure provides a quantitative measure
of the organisational diversity by computing
s1 =1 Fk,(ki), combined with the evalua-
tion of the company re-balancing efforts dur-
ing the reporting period s; = Fg,(k2). More
precisely, K2 quantifies the change plans imple-
mented, reasoning as follows:

o if 41> ge the gender composition of the
governance body is somehow unbalanced at
the beginning of the reporting period, but it
is getting more gender balanced. This sce-
nario is matched to the size of the variation
over the maximum achievable improvement.

o If 41 < gethegender composition of the
governance body is getting more gender un-
balanced during the reporting period. This
scenario is matched to the size of the varia-
tion over the maximum possible worsening.

o If 51 = gethe gender composition of the
governance body remains unchanged in the
reporting period. This scenario is matched
to zero to identify a middle situation in
which neither an improvement nor a wors-
ening has been made.

We resolve the governance body analysis by gen-
der computing the convex linear combination of
s1 and Sy, matching S1 to the weight function
wy @ [0;1]% ¥ [1=2;1] assuming this form:

Wy =2 VA ()

where 2 R*. Indeed, basing on the initial
composition, as well as on the size of the varia-
tion in the reporting period, we recognise a dif-
ferent relevance to K1 and Kp, evaluating Eq.5
inX= gpandy=j p sl

Translating our reasoning into inequalities which
define half-planes, we choose the value of  pro-
ceeding as follows:
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