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ABSTRACT

This study examines the environmental, social and governance (ESG) scoring methodologies used by Bloomberg and S&P Global 

through the lens of Data Envelopment Analysis (DEA). It addresses a notable gap in the literature by identifying the underlying 

factors that shape ESG scores and providing practical insights for companies seeking to understand or improve their sustain-

ability ratings. Our comparative analysis reveals clear differences between the two rating agencies. While Bloomberg's raw 

ESG scores are generally higher than those of S&P Global, the DEA- normalised results tell a different story. Bloomberg applies 

stricter internal benchmarks, resulting in lower efficiency scores. In contrast, S&P's lower raw scores convert into higher DEA 

efficiencies, suggesting a more lenient, peer- based benchmarking approach that tends to cluster firms near the top regardless of 

their absolute ESG performance. A particularly striking finding is that 99% of ESG scores from both agencies correlate with net 

income, highlighting a strong connection between financial performance and ESG ratings. Our regression analysis supports this, 

showing that firms with better financial outcomes tend to receive higher ESG scores. However, we also find that companies with 

growing cash reserves—often indicative of reinvestment and expansion—may be penalised, receiving lower ESG scores. This 

suggests a potential bias against firms prioritising long- term growth over immediate returns. This study lays the groundwork for 

future research aimed at refining ESG datasets and expanding the scope of analysis.

1   |   Introduction

Imagine two investors striving to build sustainability- focused 
portfolios. They evaluate the same company but consult dif-
ferent environmental, social and governance (ESG) ratings—
one from Bloomberg, the other from S&P Global—and arrive 
at radically different conclusions. This is not an anomaly but 
a symptom of a deeper, unresolved tension in today's ESG 
ecosystem. Recent studies have shown that ESG scores often 
diverge significantly across providers due to differences in 

underlying indicators, weighting schemes and assessment 
philosophies (Berg et  al.  2022; Gibson Brandon et  al.  2022). 
As ESG factors become central to corporate responsibility 
and investment decision- making, the lack of transparency 
in how these scores are constructed remains both perplexing 
and consequential (Liu 2022; Clementino and Perkins 2021). 
Despite their growing influence in directing capital and shap-
ing firm behaviour, ESG ratings still function largely as black 
boxes, with proprietary methodologies rarely disclosed in 
full (Mayer and Ducsai 2023). This raises pressing questions: 
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What exactly do these scores measure? Why do they vary so 
drastically across agencies? And to what extent do they re-
flect genuine sustainability performance rather than merely 
mirroring traditional financial metrics (Mahanta et al. 2024; 
Duque- Grisales and Aguilera- Caracuel 2021)?

This study arises from the intersection of such practical puz-
zles and empirical uncertainties. While ESG frameworks aim 
to capture a firm's non- financial performance—ranging from 
carbon emissions and board diversity to ethical supply chains 
and transparency—they are often reduced to single numerical 
scores by rating agencies. These scores are intended to guide 
investors, inform regulators and drive corporate change (Barko 
et al. 2022; Duque- Grisales and Aguilera- Caracuel 2021). Yet re-
search has consistently flagged significant inconsistencies in the 
methodologies behind them. Liu (2022) observes that the met-
rics used to assign ESG scores are rarely disclosed, while Mayer 
and Ducsai (2023) highlight the unreliability that emerges from 
such methodological opacity. Berg et  al.  (2022) further docu-
ment the divergent practices and weighting schemes that drive 
variation in ESG ratings, raising serious questions about their 
comparability and utility.

At a practical level, these disparities create confusion for stake-
holders and raise the risk of misallocated capital. Corporations, 
unsure of how they are being assessed, may adopt inefficient 
or performative strategies. Investors, attempting to align their 
portfolios with ethical goals, confront inconsistent signals. The 
lack of transparency in ESG scoring methodologies thus under-
mines the accountability and trust that these metrics are sup-
posed to engender. In this context, the present study seeks to 
reveal how two leading rating agencies—Bloomberg and S&P 
Global—evaluate and rank firms using ESG criteria. Our aim is 
not only to expose the mechanics beneath their assessments but 
also to critically examine whether ESG ratings genuinely reflect 
sustainability practices or are disproportionately shaped by fi-
nancial performance.

To investigate this, we employ a hybrid methodological frame-
work that combines Data Envelopment Analysis (DEA) and the 
Technique for Order Preference by Similarity to Ideal Solution 
(TOPSIS1). This approach allows us to infer the implicit prior-
ities embedded in ESG scores. Drawing on a panel of 67 firms 
across the United States, Hong Kong and South Korea, span-
ning 24 industries over 4 years (2018–2021), our analysis reveals 
substantial divergence in how ESG ratings are constructed. 
Bloomberg's ESG scores have higher raw averages (e.g., 54.10 
overall) compared to S&P's lower averages (29.10), suggesting 
a more generous baseline. However, when DEA- normalised, 
the picture reverses—Bloomberg's scores yield lower efficiency 
ratings, reflecting a stricter, innovation- driven evaluation. This 
implies that although Bloomberg awards higher raw ESG scores, 
it applies tougher internal benchmarks when transformed into 
efficiency metrics. S&P, despite its lower raw averages, shows 
higher DEA efficiency clustering (80%–100%), revealing a more 
lenient, benchmark- oriented method that places firms nearer 
the top, regardless of absolute sustainability performance. Thus, 
DEA- normalised results expose Bloomberg's critical stance and 
S&P's relatively tolerant scoring logic. Yet perhaps most strik-
ingly, we find that nearly 99% of ESG scores from both agencies 
correlate with net income. This raises a provocative implication, 

indicating that ESG ratings may be more reflective of profitabil-
ity than previously acknowledged.

Moreover, our findings expose a paradox. Companies accumu-
lating larger cash reserves—typically indicative of growth and 
reinvestment—often receive lower ESG ratings. This pattern 
suggests that specific scoring frameworks may inadvertently 
penalise expansion- oriented firms, perhaps based on an as-
sumption of higher environmental footprints or delayed ESG 
compliance. Such insights challenge the normative expectations 
surrounding ESG metrics and invite deeper scrutiny into how 
they are applied.

This study contributes to the literature by providing a compar-
ative, empirical dissection of ESG methodologies—something 
that has been largely missing to date. It introduces a novel, 
data- driven approach to understanding the priorities behind 
ESG assessments and reveals how financial variables may be 
disproportionately influencing sustainability scores. In doing 
so, it offers practical insights for investors seeking transparency, 
for firms aiming to align strategies with rating criteria, and for 
policymakers considering how best to regulate and standardise 
ESG disclosures.

The structure of this paper is as follows: Section  1 introduces 
the study; Section 2 provides an overview of ESG and DEA and 
reviews the literature on ESG and DEA applications; Section 3 
details the methodology; Section  4 discusses the findings and 
Section 5 concludes the study.

2   |   ESG, Efficiency and the Evolving Landscape of 
Corporate Evaluation

Over the last decade, the concept of sustainability has trans-
formed from a peripheral concern into a central force reshaping 
the ethos of global business. At the heart of this shift lies the 
ESG framework—ESG—which now acts as a guiding lens for 
understanding corporate behaviour beyond traditional financial 
performance. While this framework promises a more holistic 
view of a firm's impact, the growing institutionalisation of ESG 
has also raised new questions about how these metrics are as-
sessed, rated and ultimately trusted.

ESG, in its most elemental form, captures a company's align-
ment with ecological responsibility, social fairness and ethical 
governance. The environmental pillar focuses on how firms 
manage natural resources, reduce emissions, develop eco- 
innovation capabilities and comply with regulations like the 
Paris Agreement (Fuente et al. 2022; Luo and Tang 2023). The 
social dimension is concerned with labour practices, stakeholder 
relationships, philanthropic activities, diversity and broader 
societal well- being (Pelosi and Adamson  2016; O'Riordan and 
Fairbrass 2014; Zanten and Tulder 2021). Governance, the often 
underexamined pillar, addresses how companies are structured 
and led, highlighting transparency, executive compensation 
and anti- corruption efforts (Arjoon 2006; Veldman et al. 2023; 
Sancak 2023). Together, these components form a triad intended 
to steer businesses towards long- term value creation that ben-
efits shareholders, communities and the environment alike 
(Sandberg et al. 2023; Chen et al. 2023).
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As the ESG movement matures, however, the tools used to 
measure and compare ESG performance remain deeply frag-
mented. Although numerous reporting frameworks like GRI, 
SASB and TCFD have emerged to encourage transparency 
(Arvidsson and Dumay  2022), there is still no universally 
accepted benchmark. As a result, firms often approach ESG 
disclosure as a compliance exercise rather than a strategic im-
perative, leading to variability in reporting quality and ma-
teriality assessments (Atkins et al. 2023; Bouten et al. 2011). 
This lack of consistency undermines the credibility of ESG 
assessments and leaves stakeholders with a challenging ques-
tion: How can one trust the scores that claim to reflect a firm's 
sustainability profile?

Amid this uncertainty, the role of efficiency analysis becomes 
increasingly relevant. Efficiency, in this context, is not simply 
a matter of cost- cutting or output maximisation but a broader 
evaluation of how well firms convert financial, human and en-
vironmental resources into meaningful ESG outcomes. DEA 
has emerged as a valuable method for benchmarking such per-
formance. As a non- parametric technique rooted in operations 
research, DEA evaluates the relative efficiency of decision- 
making units (DMUs) by comparing multiple inputs and outputs 
across peers (Paradi and Zhu 2013; Antunes et al. 2024; Yang 
et al. 2018). This approach is particularly suited to ESG evalu-
ation, where performance is multi- dimensional and cannot be 
reduced to a single metric.

DEA's flexibility enables researchers to model variable returns 
to scale (VRS) or constant returns to scale (CRS), capturing 
the unique growth trajectories of firms (Teixeira et  al.  2023). 
Extensions such as the Malmquist- DEA Index allow for tracking 
technological progress and productivity over time, while Free 
Disposal Hull (FDH) models accommodate undesirable outputs 
like pollution, crucial in sectors where sustainability involves 
mitigating negative externalities (Chen and Ali 2004; Cherchye 
et  al.  2002; Ferreira et  al.  2020; Halkos and Tzeremes  2011). 
Scale efficiency (Lozano and Villa 2010; Liou and W 2011) and 
catch- up dynamics (Shao and Lin 2016; Ndicu et al. 2023) fur-
ther deepen the interpretive power of DEA, especially in rapidly 
evolving industries where firms must continuously adapt to new 
standards.

To complement DEA, multi- criteria decision- making tools such 
as TOPSIS are increasingly employed. TOPSIS ranks firms based 
on their geometric distance from an ideal ESG performance vec-
tor, offering an intuitive way to assess trade- offs across com-
peting criteria (Rouyendegh et  al.  2020). Unlike DEA, which 
determines weights endogenously, TOPSIS allows for external 
optimisation of weights, revealing latent priorities in rating 
practices. This makes it particularly effective for unpacking the 
black box of ESG ratings, especially when different agencies use 
opaque and inconsistent methodologies (Behzadian et al. 2012; 
Kim et al. 2013).

Despite the analytical promise of these tools, the literature 
remains uneven in its application. ESG has been praised 
for its positive associations with financial resilience, espe-
cially during economic shocks like the COVID- 19 pandemic 
(Broadstock et  al.  2021; Zhou and Zhou  2021). It has been 

linked to improved regulatory compliance, customer loyalty 
and even access to capital (Paraschi 2022; Linnenluecke 2022; 
Lee and Kim 2022; Keeley et al. 2022). Yet, deeper questions 
persist around whether high ESG scores truly reflect superior 
sustainability performance or simply echo familiar patterns of 
financial robustness.

Recent studies employing DEA provide some insight into this 
complexity. Xie et al. (2018) and Iazzolino et al. (2023) identify 
a non- linear, bell- shaped relationship between ESG disclo-
sure and efficiency, suggesting that more is not always better. 
Other region- specific studies reveal substantial heterogeneity. 
For example, Ali et al. (2022a, 2022b) highlight the positive so-
cial efficiency of ESG firms in East and Southeast Asia, while 
Pham et al. (2022) find stronger business performance among 
ESG- aligned transport firms. In contrast, Su and Xue (2023) 
observe that ESG boosts labour efficiency in China, whereas 
Moskovics et al.  (2023) document similar benefits in Brazil's 
environmental performance. Yet Karginova- Gubinova (2022) 
challenges this optimism by showing that ESG initiatives had 
little effect on market efficiency in Russia. This finding under-
scores how geopolitical and institutional context can mediate 
ESG outcomes.

Collectively, these studies point to an unresolved challenge: ESG 
metrics are only as reliable as the frameworks and methodolo-
gies that underpin them. Rating agencies like Bloomberg and 
S&P Global—arguably two of the most influential ESG score 
providers—apply divergent and largely opaque methods. What 
remains poorly understood is how these agencies weigh various 
performance indicators and whether their scores meaningfully 
capture differences in sustainability performance or merely 
reflect traditional financial metrics such as profitability and 
leverage.

This is the critical gap the current study seeks to address. By 
applying DEA and TOPSIS to firm- level data scored by both 
Bloomberg and S&P Global, we investigate the underlying ar-
chitecture of ESG scores—how they are constructed, what fac-
tors drive them, and whether they reward genuine sustainability 
or mask financial biases under the ESG label. In doing so, we 
hope to offer a more transparent, comparative and data- driven 
perspective on the effectiveness and credibility of ESG rating 
systems in a global context.

3   |   Methodology

In this study, similar to Wanke et al. (2021), we use a hybrid 
method for the Multi- Criteria Decision Making (MCDM) ap-
proach that involves implementing three distinct steps. The 
first step entails testing various nonparametric frontier mod-
els, such as DEA, FDH and Malmquist Productivity Index 
(MPI), as well as their underlying specifications, such as CRS 
and VRS, to establish the boundaries of epistemic uncer-
tainty regarding ESG scores' efficiency. The second step uses 
Kullback–Leibler divergence measures to evaluate the distri-
butional similarities of efficiency score vectors in the first step 
and ascertain if distinct assumptions yield relevant variations 
in outcomes. This step is helpful in analysing and interpreting 
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ESG efficiency levels resulting from decisions made by firms. 
The third step involves utilising a quadratic programming 
model to maximise the correlation matrix among TOPSIS 
scores and efficiency measures computed in the first step. 
By optimising TOPSIS weights, the latent importance levels 
assigned by the agencies to distinct performance criteria are 
revealed.

3.1   |   Efficiency

DEA is a non- parametric linear programming technique that 
was introduced by Charnes et al.  (1978). This method aims to 
establish a connection between the estimation of technology 
and the calculation of performance related to this technology 
(Bogetoft and Otto 2010). In simpler terms, DEA is a method-
ology that is employed to determine the best- practice produc-
tion frontiers and to estimate the relative efficiency of different 
decision- making units (DMUs) based on the observations of in-
puts and outputs. It is important to note that DEA differs from 
the parametric methods in that it allows for the consideration 
of multiple inputs and outputs, as well as the inclusion of spe-
cific functional forms that do not dictate the efficient frontier. 
Consequently, DEA is less constrained as it assumes that vari-
ations in the data contain information about efficiency and 
technology conditions. The estimation of the efficiency score 
for a given DMU is conducted by utilising the efficient frontier 
constructed by the DMUs with the highest performance (Paradi 
et al. 2011). Additionally, a set of DMUs is utilised to evaluate 
one another, and the DEA approach combines the methods of 
minimal extrapolation and the Farrell efficiency of a firm, re-
sulting in a proportional improvement.

This methodology incorporates various approaches to scaling, 
including CRS, increasing or decreasing returns to scale and 
VRS. The VRS specification, also known as BCC, assumes free 
disposability, convexity, and a γ = 1. This model ensures that 
each observation is benchmarked only against similar- sized 
observations. In contrast, a CRS considers γ ≥ 0. The DEA en-
velopment model computation is presented above for both 
input- oriented and output- oriented approaches. Furthermore, 
Equations (1) and (2) depict the envelopment model for both CRS 
and VRS frontier types.

3.2   |   Multi- Criteria Decision Making (MCDM)

MCDM is a sophisticated procedure encompassing numerous 
divergent criteria. It is common to encounter predicaments char-
acterised by non- square matrices, rendering classical inversion 
techniques inapplicable. Consequently, the Moore- Penrose pseu-
doinverse emerges as an invaluable tool in such circumstances. 
Suppose A is a matrix with m alternatives and n criteria, repre-
senting how each alternative performs against each criterion. It is 
an m × n matrix. ω is a column vector of size n, representing the 
optimal weights for each criterion. These weights reflect the im-
portance or priority of each criterion. B is a column vector of per-
formance scores for each alternative, possibly obtained through 
methods like DEA, SFA (Stochastic Frontier Analysis), TOPSIS, 
or COPRAS (Complex Proportional Assessment). We want to find 
the vector ω that best satisfies the equation Aω = B, given A and B.

However, if m¬n, A is not square, and we cannot use the 
classical inversion method. Instead, we can use the Moore- 
Penrose pseudoinverse to find a solution that minimises the 
least squares error. First, we compute the Moore- Penrose 
Pseudoinverse, calculating the pseudoinverse of the matrix A. 
This can be done using Singular Value Decomposition (SVD), 

where A+ = V
+
∑

UT. Then we solve for weights by multiply-
ing the pseudoinverse with vector B to obtain the optimal 
weights: w = A+B. This gives a solution that minimises the 
least squares error ‖Aw − B‖. The resultant vector w encom-
passes the optimal coefficients for each criterion, reflecting 
their relative significance in the decision- making procedure. 
The solution obtained through the utilisation of the Moore- 
Penrose pseudoinverse might not be unique if the system is 
underdetermined (i.e., if there are more criteria than alterna-
tives). Nonetheless, it does furnish a solution that minimises 
the sum of squared differences, thereby presenting a sensible 
approach for numerous MCDM problems encountered in the 
real world. Moreover, this approach presupposes that the ma-
trix A possesses a complete column rank. If it does not, the 
regularisation techniques may be necessary to ensure the 
identification of a meaningful solution. Lastly, the implemen-
tation of this method is relatively straightforward in most nu-
merical computing environments such as MATLAB, Python 
with SciPy, or R, as they typically offer built- in functions for 
the computation of the Moore- Penrose pseudoinverse. To 
ensure the weight of vector w sums to 1, we normalise the 
weights through the Moore- Penrose pseudoinverse, dividing 
each weight by the sum of all weights:

3.3   |   Free Disposal Hull (FDH)

FDH is a nonparametric mathematical programming tech-
nique used for efficiency assessment and benchmarking 
(Fukuyama et  al.  2016). It is a frontier method that allows 
for non- convexity in production possibilities, unlike other 
methods such as DEA (Fukuyama et  al.  2016). The FDH 
model assumes free input–output disposability, meaning that 
any excess inputs or outputs can be disposed of without cost 
(Fukuyama et al. 2016). The FDH model is used to evaluate the 
efficiency of DMUs by comparing their performance to that of 

(1)

min �

s. t.
∑n

j=1
�jxij≤�xio,∀i

∑n

j=1
�jyrj≥ yro,∀r

�j ≥0,∀j
(

Add
∑n

j=1
�j =1 when using VRS

)

(2)

max �

s. t.
∑n

j=1
λjxij≤ xio,∀i

∑n

j=1
λjyrj≥ϕyro,∀r

j≥0,∀j
(

Add
∑n

j=1
λj =1 when using VRS

)

(3)wi =
wi

∑n
j=1 wj
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the observed units (Dibachi and Izadikhah 2023). It envelops 
a given sample of data with a piecewise linear hull, which rep-
resents the production possibility set (Tauchmann 2012). The 
efficiency of a DMU is determined by its distance to the hull, 
with closer distances indicating higher efficiency (Abbasi 
et al. 2014).

One advantage of the FDH model is its ability to handle super-
efficient observations, which are located beyond the estimated 
production possibility frontier (Tauchmann 2012). This allows 
for a more comprehensive assessment of efficiency, as it con-
siders the potential for DMUs to achieve higher levels of per-
formance (Tauchmann  2012). Additionally, the FDH model 
is less sensitive to outliers compared to other nonparametric 
approaches (Tauchmann  2012). The FDH model has been 
applied in various sectors, including container ports, transit 
services, zakat management organisations and maintenance 
groups (Cullinane et  al.  2005; Ryandono et  al.  2021; Abbasi 
et  al.  2014; Dibachi and Izadikhah  2023). It has been used 
to estimate container port production efficiency, analyse the 
efficiency of zakat management organisations in Indonesia, 
and evaluate the performance of maintenance groups under 
uncertainty conditions (Cullinane et  al.  2005; Ryandono 
et al. 2021; Dibachi and Izadikhah 2023). The FDH model can 
be implemented using different software and commands, such 
as R (Tauchmann 2012). Statistical inference based on subsa-
mpling bootstrapping can be used to assess the uncertainty 
of the efficiency estimates (Tauchmann 2012). Furthermore, 
improvements have been made to the finite sample approx-
imation of the FDH model, which enhances the accuracy of 
confidence intervals for individual efficiency scores (Simar 
and Zelenyuk 2020). The mathematical expression for calcu-
lating the efficiency score (ρ) of a DMU within FDH is pre-
sented as a linear programming problem, aiming to maximise 
the efficiency while adhering to the input–output constraints. 
For a single DMU scenario involving m desirable outputs and s 
undesirable outputs, the formulation proceeds as follows:

Subject to:

where λi represents the weights assigned to the desirable out-
puts and yi denotes the amounts of desirable outputs for the ef-
ficient DMUs.

Where μj signifies the weights allocated to the undesirable out-
puts and zj stands for the amounts of undesirable outputs for the 
efficient DMUs.

This constraint normalises the weights, ensuring their collective 
sum equals 1. The objective revolves around determining the max-
imum value of ρ while upholding the outlined constraints. The 
weights λi and μj play a pivotal role, signifying the relative signif-
icance or contribution of each desirable and undesirable output, 
respectively, to the efficiency score. This formulation empowers 
the FDH model to optimise concerning both output categories, fa-
cilitating a more comprehensive evaluation of efficiency.

3.4   |   Technique for Order Preference by Similarity 
to Ideal Solution (TOPSIS)

We constructed a TOPSIS ranking employing the TOPSIS 
package in R (Yazdi  2013). TOPSIS, a ranking technique 
for MCDM, calculates positive ideal solutions that maxi-
mise the benefit criteria and minimise the cost criteria, as 
well as negative ideal solutions that maximise the cost crite-
ria and minimise the benefit criteria (Roy and Shaw  2023). 
Naturally, there exist several alternative MCDM models, such 
as VIseKriterijumsko KOmpromisno Rangiranje (VIKOR) and 
Multi- Attributive Border Approximation Area Comparison 
(MABAC). Nevertheless, TOPSIS presents four primary advan-
tages over other methods, as highlighted by Kim et al.  (2013). 
Firstly, it is founded on sound logic that embodies the rationale 
behind human choice. Secondly, it relies on a scalar value that 
concurrently accounts for both the best and worst alternatives 
(Kim et al. 2013). Thirdly, it entails a straightforward computa-
tional process that can be readily implemented in a spreadsheet. 
Fourthly, it enables the visualisation of performance measures 
for all alternatives on attributes in a polyhedron, at least for any 
two dimensions (Kim et  al.  2013). Furthermore, TOPSIS pos-
sesses the benefit of employing the computational procedure 
irrespective of problem size (Ic 2012). Lastly, TOPSIS also gen-
erates cardinal or scale metrics for positive and negative ideal 
solutions, which are obtained through linear combinations of 
the original criteria (Aye et  al.  2018; de Andrade et  al.  2020). 
Additionally, it represents one of several multicriteria models 
resembling established nonparametric and parametric effi-
ciency measurement methods, such as DEA and stochastic fron-
tier analysis, respectively (Bogetoft and Otto  2010; Galan and 
Tan 2024). Considering the ideal solutions presented by TOPSIS, 
each alternative is assessed by taking into account its distance 
from the positive ideal solution and the negative ideal solution 
(Behzadian et  al.  2012). As a result, an evaluation matrix is 
formed, consisting of m alternatives and n criteria. The elements 
of this matrix, represented by xij, correspond to the intersections 
of m × n. The first step in the procedure proposed by Tzeng and 
Huang (2011) entails normalising the initial decision matrix.

The initial values of the decision matrix, xij, have been trans-
formed into rij (i.e., the standardised values of the decision matrix). 
Subsequently, a weighted standardised decision matrix is con-
structed, which serves as a valuable tool for performance evalua-
tion, wherein wj represents the assigned weight for the criterion j.

(4)Maximize: �

(5)Input constraints:
∑m

i=1
�iyi ≤ �y

(6)Undesirable output constraints:
∑s

j=1
�jzj ≤ �z

(7)

Non − negativity constraints: � ≥ 0, �i ≥ 0, �j ≥ 0 for all i, j

(8)Normalisation constraint:
∑m

i=1
λiyi +

∑s

j=1
μjzj = 1

(9)
rij =

xij
�

�

∑

x2
{ij)

�

for i = 1, … ,m and j = 1, … ,n

(10)vij =
(

wjrij
)

m×n�
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In (9), we have a very well- known result.

Following the discussion of this preliminary TOPSIS procedure, 
we revisit this step to explain the approach employed for calcu-
lating the variable weights. The third step involves the determi-
nation of both the positive (A*) and negative (A0) ideal solutions, 
utilising the following equations:

Where v∗
1
=

{

max
(

vij
)

if j ∈ J ;min
(

vij
)

if j ∈ J �
}

, and

Where v�
1
=

{

min
(

vij
)

if j ∈ J ;max
(

vij
)

if j ∈ J �
}

.

Defining the ideal solutions, we calculate the distances of the 
targets for each alternative i. The first is the separation from the 
positive ideal:

The same is done with the negative ideal:

Finally, we need to compute the relative closeness coefficient. 
All alternatives can be cardinally ranked according to the close-
ness coefficient:

There exists a notable distinction between DEA models and 
TOPSIS methods, as previously mentioned. In DEA models, the 
initial step involves the calculation of the weights assigned to each 
criterion within the model. Conversely, TOPSIS methods employ 
externally defined values for these criteria weights, thus allowing 
for the utilisation of various techniques to achieve this objective. 
DEA models themselves establish a well- suited set of weights for 
both inputs and outputs. On the contrary, TOPSIS calculates the 
Euclidean distances on the normalised vectors of the positive out-
puts and negative inputs criteria, employing the weights that were 
previously determined by the decision- maker (Aye et al. 2018).

3.5   |   Weight Optimisation

The establishment of the weighting is an essential undertaking 
in the subsequent portion of this investigation. It incorporates 
the construction of a covariance matrix connecting the mea-
sures of efficiency with the indicators employed by S&P and 
Bloomberg. The optimisation of the weights assigned to each 
variable is carried out to capture the orientation of the associa-
tion more effectively between the two collections of scores. The 
description of the method employed to optimise the weights is 
presented in (16). The initial group of variables consists of four 
frontier analyses: FDH, VRS, CRS and SE, along with three 
dynamic efficiency measures: MPI, technological change, and 

efficiency change, and a TOPSIS score. These variables utilise 
total assets, total liabilities, total debt, working capital and oper-
ating cash flow as inputs and revenue, net income and Earnings 
Before Interest and Taxes (EBIT) as outputs on an annual basis 
from 2018 to 2021. Furthermore, each method is computed in 
terms of a Farrell output- oriented efficiency measure.

4   |   Empirical Analysis

4.1   |   Data

Our empirical investigation draws on a panel dataset compris-
ing 67 publicly listed firms operating across Hong Kong, South 
Korea and the United States, covering a broad spectrum of 24 
industries. Spanning the years 2018–2021, this dataset yields 
268 firm- year observations—each one representing a distinct 
snapshot of how financial structures and ESG scores evolve 
over time. The financial data were retrieved from Yahoo 
Finance, while the ESG scores—our primary measure of sus-
tainability performance—were obtained from Bloomberg and 
S&P Global, two of the most widely used and influential ESG 
rating providers in both academic and practitioner contexts 
(Berg et al. 2022; Gibson Brandon et al. 2022).

The variables used in the analysis were carefully chosen based 
on well- established research connecting financial structure 
to sustainability outcomes (Chatterji et  al.  2016; Tamimi and 
Sebastianelli 2017; Duque- Grisales and Aguilera- Caracuel 2021). 
We treated total assets, total liabilities, total debt, working capital 
and operating cash flow as input variables, reflecting the resource 
base and financial obligations that shape a firm's operational con-
text (Zhou and Zhou 2021; Lozano and Villa 2010). On the output 
side, we focused on revenue, net income and EBIT, which serve as 
outcome proxies for how effectively firms transform these finan-
cial inputs into performance, including their capacity to generate 
sustainable value (Halkos and Tzeremes  2011). This input–out-
put configuration allowed us to operationalise a DEA framework 
that captures both financial efficiency and its latent influence on 
ESG ratings, building on methods established in prior DEA- ESG 
research.

The 2018–2021 time frame was chosen deliberately. It offered 
not only comprehensive and consistent data coverage across all 
three countries but also captured a unique composition of eco-
nomic conditions. The years 2018 and 2019 represent a period 
of relative macroeconomic stability—a critical baseline—while 
2020 and 2021 reflect the profound disruption brought on by the 
COVID- 19 pandemic. This temporal span allowed us to observe 
whether ESG scoring remained stable or adaptive in the face of 
systemic shocks, drawing on Broadstock et al. (2021), who sim-
ilarly explored ESG dynamics during financial crises, as well as 
Albuquerque et al. (2020), who examined ESG resilience during 
market downturns.

Constructing this panel involved several steps. From an initial pool 
of 200 firms identified through Bloomberg and S&P Global's ESG 
databases, we undertook a multi- stage filtering protocol to refine 

(11)A∗
=

{

v∗
1
, … , v∗

n

}

(12)A�
=

{

v�
1
, … , v�

n

}

(13)S∗i =
[

∑
(

v∗i −vij
)2
]1∕2

i = 1, … ,m

(14)S̀i =
[

∑
(

v̀i−vij
)2
]1∕2

i = 1, … ,m

(15)C∗

i
=

S̀i
(

S∗
i
+ S̀i

)
0 < C∗

i
< 1

(16)

max ∣ cor(TOPSIS_{scores},X_{agency}) ∣_F s. t. 0≤w TOPSIS_i≤2,

0 ∣ ∀i
∑

_{i} (w TOPSIS_i)=1
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the sample. Firms with missing ESG scores, incomplete financial 
data, or extreme outliers that distorted comparative analysis were 
carefully excluded (Berg et al. 2022). This rigorous screening pro-
cess, summarised in Table  1, ensured analytical integrity while 
preserving diversity across sectors and geographies. The final 
sample of 67 firms reflects a balance between data quality and rep-
resentativeness, providing a robust foundation for both the DEA 
model and subsequent regression analyses.

Table  2 provides an overview of the descriptive statistics of 
ESG scores and the financial conditions of the firms in this 
study. What immediately stands out is the marked divergence 
between the two major ESG rating agencies. Bloomberg's 
scores suggest a broader and more generous evaluation frame-
work, with firms averaging a score of 54.10 on the overall 
ESG index. The ESG components follow a similarly distrib-
uted pattern—54.60, 54.90 and 52.70, respectively—each with 
a standard deviation of about 28. These figures suggest not 
only internal consistency across the sub- pillars but also a de-
gree of variation that reflects meaningful differentiation be-
tween firms.

S&P Global, by contrast, offers a more conservative view. The 
average overall ESG score across firms stands at just 29.10, 
nearly half that of Bloomberg and its subcomponents—envi-
ronmental (29.80), social (28.70) and governance (29.00)—track 
closely, each with slightly narrower dispersion. This difference 
is not just a random variation; it highlights fundamental discrep-
ancies in how rating agencies interpret and score ESG- related 
disclosures. Where Bloomberg appears to reward technological 
leadership and forward- looking initiatives, S&P seems linked 
more to relative benchmarking, leading to a more conservative 
assessment landscape.

Beyond the ESG scores themselves, the financial backdrop of 
the sample firms reveals a complex and uneven landscape. On 
average, firms posted a Return on Equity (ROE) of −0.72, with 
a standard deviation of 13.88, reflecting a highly dispersed set 
of outcomes—from deeply negative returns to strong equity 
gains. The mean return on assets (ROA) was more stable at 0.04, 
though modest, suggesting constrained efficiency in capital 

usage across the sample. These financial metrics, while narrow 
in average terms, point to considerable heterogeneity in perfor-
mance—a pattern seen across other indicators as well.

Firm size varied dramatically. The average total assets came in at 
just over $10 billion, but this figure masks an extraordinary range, 
as shown by a standard deviation exceeding $27 billion. Similarly, 
revenue averaged $6.71 billion, but with a spread wide enough to 
include firms of vastly different scales and maturities. Core prof-
itability indicators tell a similar story. Operating cash flow, for 
example, averaged $588 million, yet varied widely (SD = $1.53 bil-
lion) and EBIT averaged $349 million with similarly large devia-
tions. The data show a clear contrast: some firms are financially 
strong, while others are struggling with instability or slow growth. 
Net income, a key variable in our analysis, averaged $152 million 
but varied widely—with a standard deviation of $693 million—
highlighting the uneven financial landscape behind ESG evalu-
ations. On the debt side, firms held an average of $2.42 billion in 
total debt, but again, the dispersion was wide (SD = $5.27 billion), 
reflecting a spectrum of capital structures and leverage strategies.

What this descriptive profile reveals is far more than just numerical 
variability. It tells the story of an ESG rating environment situated 
within a field of financial contrasts. These statistics are not simply 
background—they are active components in shaping how rating 
agencies perceive firms. As our findings later show, ESG scores 
may not be as neutral as they seem—they often reflect a firm's fi-
nancial situation, highlighting the need for greater transparency 
and clearer understanding of what these scores really mean.

To contextualise our sample characteristics, we compare our de-
scriptive statistics with those reported in prior studies of a similar 
nature, as detailed in Table 3. For instance, the mean ESG score 
in our sample (Bloomberg: 54.1; S&P: 29.1) falls within the mid- 
range of those observed by Mahanta et al. (2024) and Basdekidou 
and Papapanagos (2024), who report average ESG scores of 58.0 
and 73.3, respectively, using Refinitiv data. Similarly, our finan-
cial variables, such as ROA (mean = 4%) and ROE (mean = −0.72), 
are broadly aligned with the ranges documented in Agarwala 
et  al.  (2024) and Cheng et  al. (2024), though our sample shows 
slightly more variation, particularly in profitability and asset 

TABLE 1    |    Sample selection process.

Step Criteria/description Numbers of firms/observations Rationale

1 Initial firm pool from Bloomberg 
and S&P ESG datasets (across 

HK, Korea, and the US)

200 firms (800 firm- year observations) Firms listed in at least one ESG rating 
system between 2018 and 2021

2 Removed firms with incomplete ESG 
data for any year (Bloomberg or S&P)

−60 firms Ensures consistent ESG score 
availability over the full period

3 Removed firms with missing 
financial data (e.g., ROA, total 

assets, liabilities, interest expense)

−35 firms Required for DEA, TOPSIS, 
and regression models

4 Removed firms with inconsistent 
or outlier values (extreme financial 

anomalies or duplicated records)

−38 firms Data cleaning to enhance 
robustness and reliability

5 Final sample retained for analysis 67 firms (268 firm- year observations) Dataset with complete ESG and 
financial data over 2018–2021
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scales. For example, Cheng et al. (2024) report mean ROA and ROE 
of 5.98% and 12.41%, respectively, in a Chinese context. In contrast, 
our global sample includes firms with both positive and negative 
performance across multiple regions and sectors. Our firms also 
exhibit greater heterogeneity in total assets and revenues, indi-
cating broader cross- industry representation. These comparisons 
confirm that our sample is not only representative of ESG research 
norms but also adds value through its methodological novelty and 
the diverse institutional contexts covered.

4.2   |   Density

Figure 1 presents a clear but concerning picture. Most firms in 
our sample are performing around the 50% efficiency mark, re-
gardless of the method used. At first glance, this might seem 
like a positive sign of consistency. But when we look closer, it 
suggests something else—a kind of stagnation. Rather than im-
proving or falling behind, many companies appear to be stuck in 

the middle, not pushing forward towards stronger ESG perfor-
mance. This idea aligns with previous findings that firms often 
aim for the ‘safe middle’, choosing not to lead or lag significantly 
in sustainability performance (Kotsantonis and Serafeim 2019).

The results become more revealing when we focus on the 
TOPSIS method, which shows a peak around 25% efficiency. 
This suggests that many firms are not close to the top perform-
ers, but rather trying to catch up. These companies may be aim-
ing high but face barriers—such as a lack of resources, complex 
ESG standards, or unclear rating systems—that keep them 
from reaching the leaders. This pattern supports arguments 
by Berg et al.  (2022), who found that inconsistent ESG rating 
methods often confuse rather than encourage firms working 
to improve.

Our productivity and frontier- shift results tell a similar story. The 
MPI shows little movement over time, meaning that both firm 
performance and the standards used to judge that performance 

TABLE 2    |    Summary statistics for variables.

Variables Min Max Median Mean SD

ROE −227 7.41 0.08 −0.72 13.88

ROA −0.37 0.26 0.03 0.04 0.05

Equity −6.45 × 105 7.10 × 1010 1.20 × 108 4.57 × 109 1.09 × 1010

Total assets 9.52 × 105 2.11 × 1011 3.37 × 108 1.02 × 1010 2.75 × 1010

Total liabilities 3.37 × 105 1.45 × 1011 1.75 × 108 5.71 × 109 1.72 × 1010

Revenue 4.97 × 104 7.63 × 1010 1.01 × 108 6.71 × 109 1.37 × 1010

Operating cash flow −2.07 × 109 1.32 × 1010 1.33 × 107 5.88 × 108 1.53 × 109

Cash resources 1.64 × 104 4.77 × 109 3.57 × 107 4.17 × 108 7.96 × 108

Non- current assets 3.10 × 105 1.89 × 1013 2.18 × 108 7.38 × 109 2.30 × 1010

Current assets 4.75 × 104 4.66 × 1010 1.58 × 108 2.89 × 109 6.20 × 109

EBIT −5.17 × 109 9.85 × 109 1.71 × 107 3.49 × 108 1.02 × 109

Interest expense 1.41 × 103 2.04 × 109 2.37 × 106 9.39 × 107 2.75 × 108

Cost of revenue 1.60 × 103 6.44 × 1010 7.82 × 107 5.66 × 109 1.23 × 1010

Current liabilities 8.92 × 103 3.17 × 1010 8.85 × 107 2.30 × 109 4.79 × 109

Net income −5.31 × 109 6.61 × 109 7.83 × 106 1.52 × 108 6.93 × 108

Total debt 1.00 × 103 2.82 × 1010 9.72 × 107 2.42 × 109 5.27 × 109

Working capital −9.68 × 109 2.55 × 1010 4.66 × 106 5.98 × 108 2.88 × 109

ESG bloomberg 4.06 100 56 54.10 24.30

E bloomberg 1.60 100 53.40 54.60 27.50

S bloomberg 1.60 100 57.601 54.90 28.10

G bloomberg 0 100 53.60 52.70 27.90

ESG SP 0 89 19.50 29.10 25

E SP 0 96 19 29.80 28.10

S SP 0 91 19.60 28.70 24.60

G SP 0 103 20 29 24.10
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remained largely unchanged during the study period. This sug-
gests that while the global ESG conversation moves forward, the 
tools we use to measure progress may not be keeping up. This 
has been a concern raised by Eccles and Stroehle  (2018), who 
warned that ESG rating systems can become outdated or discon-
nected from real sustainability goals.

In Figure  2, we see an essential difference between the two 
rating agencies. S&P's ESG scores tend to fall between 80% 
and 100%, while Bloomberg's scores cluster lower, around 65%. 
This suggests that while S&P may appear more generous in ef-
ficiency terms, this stems from a comparative framework that 
compresses scores towards the top, rather than truly rewarding 
high sustainability performance. Bloomberg, by contrast, of-
fers a more discriminating lens, possibly making it tougher for 
firms to appear efficient, even if their raw scores are numerically 

higher. These differences are not small. They confirm concerns 
raised in the literature (Chatterji et  al.  2016; Gibson Brandon 
et al. 2022) that ESG scores can vary widely depending on who 
is doing the rating, even when the firm's behaviour remains 
the same.

Altogether, these findings raise important questions. If most 
firms score similarly and the standards for judging them barely 
shift, what are ESG scores really telling us? And if different 
agencies give the same company different results, can we trust 
these scores as indicators of real sustainability performance? 
What we see in these figures is more than data—it's a reflec-
tion of how unclear and uneven the ESG landscape remains for 
firms, investors and policymakers alike.

4.3   |   Weight

Figure 3 and Table 4 reveal the internal mechanics of ESG score 
construction by two of the field's most influential rating agen-
cies, namely Bloomberg and S&P Global. Though both operate 
under the shared goal of quantifying corporate sustainability, 
the pathways they take diverge in ways that are both method-
ologically telling and ideologically significant.

In Bloomberg's case, the overwhelming reliance on the CRS 
model—accounting for 85% of its scoring logic—suggests a 
deeply entrenched assumption, indicating that firms, regard-
less of size, operate under similar efficiencies when it comes to 
transforming financial resources into ESG performance. This 
dominant logic is complemented by a 10% weight on frontier 
shift methods, showing that Bloomberg values technological 
change and innovation, reflecting the evolving nature of ESG 
progress. The small but notable inclusion of VRS at 4% indicates 
some room for recognising disparities in operational efficiency, 
particularly among firms of differing sizes or maturity levels. 
Interestingly, the MPI is almost entirely sidelined at 1%, sug-
gesting limited emphasis on productivity changes over time in 
Bloomberg's evaluative approach.

S&P Global, by contrast, crafts its assessments through a more 
comparative lens. CRS still dominates at 73%, yet the agency 
assigns a significantly larger share (25%) to Scale Efficiency 
(SE). This structure implies a strong emphasis on benchmark-
ing firms against industry leaders—those that define what ‘best 
practice’ looks like in ESG performance. Such an approach 
aligns with prior research suggesting that ESG scores often act 
as signalling mechanisms, reflecting not just internal practices 
but relative positioning within peer groups (Chatterji et al. 2016; 
Berg et  al.  2022). The density plots bear this out: they exhibit 
sharp peaks at the upper bounds, consistent with rating method-
ologies that prioritise outperformance and comparison against a 
shifting frontier.

Bloomberg's incorporation of frontier shift models further un-
derlines its forward- leaning stance. By capturing changes in 
technological capabilities and process improvements over time, 
the agency appears to reward firms that innovate, adapt and stay 
ahead of regulatory or market- driven ESG expectations (Eccles 
and Stroehle 2018). The limited but present use of VRS comple-
ments this, suggesting that Bloomberg is willing to acknowledge 

TABLE 3    |    Comparative descriptive statistics from similar ESG- 

related studies.

Author(s), year Variable Mean SD

Mahanta et al. (2024) ESG (refinitiv) 58.00 19.82

E score 53.57 25.70

S score 58.23 24.14

G score 60.79 21.01

Total assets 
(million USD)

21,791 53,963

Debt (million 
USD)

5358 14,178

Revenue 
(million USD)

14,118 40,120

Basdekidou and 
Papapanagos (2024)

ESG 73.31 7.84

Agarwala et al. (2024) ESG 33.97 11.56

ROA 8.55 7.04

ROE 16.68 13.12

Cheng et al. (2024) ROA 5.98 8.35

ROE 12.41 16.43

Total assets 
(Bil RMB)

801.52 3443

Total debt 
(Bil RMB)

170.00 560.51

Net income 
(Bil RMB)

2.26 8.23

Xie et al. (2018) ESG 22 13

E score 22 16

S score 27 15

G score 48 7

Revenue 
(million USD)

4378 15,248

Note: Mean and standard deviation of variables of similar studies.
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differentiated performance levels that may not fit a one- size- fits- 
all efficiency assumption.

What is most striking, however, is not the divergence in scoring 
composition but a common thread running through both agen-
cies' frameworks: the centrality of net income. With a weight-
ing of 99% in both models, financial profitability emerges as the 

silent architect behind ESG scoring. This finding resonates with 
recent critiques in the literature pointing to the financialisation 
of ESG metrics, where performance is often inferred from fis-
cal health rather than concrete sustainability outcomes (Gibson 
Brandon et al. 2022). This implies that firms with greater finan-
cial slack are more capable of allocating resources towards sus-
tainability reporting, technology adoption, or compliance, thus 

FIGURE 1    |    Density plot scores. [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 2    |    Density plot TOPSIS of scores. [Colour figure can be viewed at wileyonlinelibrary.com]
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scoring higher, not necessarily because they are more sustain-
able, but because they are more solvent.

In short, while Bloomberg and S&P diverge in method—one 
leaning into innovation and flexibility, the other into bench-
marking and comparison—they converge on a fundamental as-
sumption, which argues that financial performance, particularly 
profitability, is a reliable proxy for ESG commitment. Whether 
that assumption holds under greater scrutiny is a question this 
study raises but does not presume to resolve. What it does sug-
gest, however, is the urgent need for a more transparent, plu-
ralistic and context- sensitive approach to ESG evaluation—one 
that resists reducing sustainability to a financial footnote.

4.4   |   Regression

Table 5 reveals that the regression coefficients show no signifi-
cant differences across countries, suggesting a uniform adoption 
of ESG practices globally, despite varying cultural contexts. This 
is supported by the insignificant trend variable, implying stable 
ESG scores over the years. Surprisingly, the Oil & Gas Refining 

& Marketing industry—usually seen as highly polluting—has a 
positive and significant coefficient of 0.14, likely reflecting in-
vestments in carbon credits, setting it apart from other sectors 
when compared to the real estate benchmark. Financial metrics, 
such as ROA and Current Liabilities Ratio, positively correlate 
with ESG scores, while Log Interest Expense and Log Cash 
Resources have a negative impact on scores. This pattern sug-
gests that larger, more established firms with substantial assets 
receive higher ESG ratings, potentially due to their capacity to 
invest in ESG practices, unlike growing firms, which may prior-
itise expansion over strict ESG compliance. The impact of ROA 
and current liabilities on ESG scores is partly supported by Tang 
et al. (2024). In contrast, the negative effects of cash resources 
on ESG scores are in line with Jabbouri and Almustafa (2021), 
who focused primarily on financial performance rather than 
ESG. Finally, the negative impact of interest expense on ESG 
scores is supported by Andersson et al. (2022), who argue that 
interest expense may lead enterprises to prioritise financial re-
turns over investments in environmental protection and social 
responsibility, resulting in lower ESG performance. This implies 
that agencies might impose penalties on expanding companies, 
assuming they have a larger environmental footprint, which re-
sults in lower ESG scores for these firms.

To ensure robustness, we conducted two additional regression 
analyses, namely a Panel Regression with random effects and a 
generalised linear model (GLM). As Table 6 indicates, the GLM 
was employed to accommodate potential non- normality in the 
distribution of the dependent variable (TOPSIS scores) and to 
allow for a flexible link function between predictors and out-
comes. While key variables such as ESG scores and Interest 
Expense remained significant, others, including ROA, Current 
Liabilities Ratio, Construction Materials, Food Products, 
Household Products, Industrial Conglomerates, Cost of Revenue 
(log) and Cash Resources (log), lost significance. At the same 
time, Trend and Construction and Engineering emerged as sig-
nificant. These results suggest some model- specific sensitivities, 
though the consistency of the main relationships reinforces the 
robustness of our findings.

FIGURE 3    |    TOPSIS weights of scores. [Colour figure can be viewed at wileyonlinelibrary.com]

TABLE 4    |    Optimised weights.

Ratio Minimum Maximum

Total assets 1.94 × 10−9 1.14 × 10−5

Total liabilities 2.06 × 10−6 8.57 × 10−3

Total debt 1.93 × 10−7 1.58 × 10−7

Working capital 1.36 × 10−6 1.27 × 10−6

Operating cash flow 3.33 × 10−6 2.41 × 10−4

Revenue 4.09 × 10−10 3.84 × 10−8

Net income 0.99 0.99

EBIT 2.15 × 10−8 6.29 × 10−6
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The Panel Regression, as shown in Table 7, accounts for hetero-
geneity across firms and time, thereby improving the reliability 
of inference. A Hausman test indicated that random effects were 
the optimal choice. The results from this model closely mirrored 
those of the original regression, with most core variables main-
taining their statistical significance.

5   |   Discussion and Conclusion

This study is driven by a key question that challenges the sustain-
ability field. What do ESG scores really measure? ESG scores are 
widely interpreted as signals of ethical or responsible business 
conduct, yet their construction remains elusive, often concealing 
more than they disclose. This concern is not new; studies such 
as Berg et al.  (2022) and Mayer and Ducsai (2023) have shown 
that ESG ratings suffer from notable divergence, stemming from 
inconsistent methodologies, variable indicator weightings and 
a lack of transparency across providers. Liu  (2022) echoes this 
criticism, emphasising that the proprietary nature of ESG score 
construction leaves stakeholders with limited ability to compare 
firms meaningfully.

In response to this ambiguity, our investigation set out to un-
derstand the mechanics behind ESG scores assigned by two 
of the most influential rating agencies—Bloomberg and S&P 
Global. Employing a hybrid approach that combines DEA and 
the TOPSIS, we aimed not merely to add methodological so-
phistication but to address a critical empirical gap in the liter-
ature. While ESG scores increasingly shape investment flows 
(Friede et al. 2015; Barko et al. 2022) and corporate positioning 

TABLE 5    |    Regression coefficients.

Variable Coef. SE z p

(Intercept) 1425 3180 0.44 0.654

ROE 0.00 0.00 1.57 0.115

ROA 0.39 0.14 2.66 0.007**

Current assets ratio −1424 3180 −0.44 0.654

Non- current assets 
ratio

−1424 3180 −0.44 0.654

Current liabilities ratio 0.12 0.06 2.00 0.044*

ESG 0.00 0.00 −3.22 0.001***

S ratio −0.07 0.05 −1.36 0.173

G ratio 0.00 0.06 −0.06 0.950

Trend 0.00 0.00 0.56 0.569

Country Hong Kong −0.02 0.03 −0.65 0.516

Country Korea −0.08 0.05 −1.64 0.100

Industry aluminium 0.02 0.03 0.58 0.562

Industry chemicals −0.14 0.03 −4.46 0.000***

Industry coal & 
consumable fuels

−0.01 0.03 −0.30 0.764

Industry construction 
materials

−0.06 0.03 −2.29 0.021*

Industry construction 
& engineering

0.06 0.05 1.36 0.174

Industry personal 
products

−0.05 0.03 −1.48 0.137

Industry electric 
utilities

0.01 0.03 0.35 0.724

Industry food & 
staples retailing

0.05 0.05 0.87 0.385

Industry food products −0.06 0.03 −2.06 0.039*

Industry paper & 
forest products

−0.06 0.04 −1.33 0.184

Industry gas utilities −0.09 0.04 −2.64 0.008**

Industry household 
products

−0.10 0.05 −2.18 0.029*

Industry industrial 
conglomerates

−0.11 0.04 −2.94 0.003**

Industry machinery 
and electrical 
equipment

−0.03 0.04 −0.65 0.513

Industry electronic 
equipment, 
instruments & 
components

−0.18 0.05 −3.99 0.000***

(Continues)

Variable Coef. SE z p

Industry metals & 
mining

−0.04 0.04 −0.97 0.329

Industry oil & gas 
refining & marketing

0.14 0.04 4.00 0.000***

Industry oil & gas 
upstream & integrated

0.06 0.07 0.85 0.394

Industry energy 
equipment & services

−0.06 0.03 −1.74 0.081

Industry retailing −0.24 0.05 −4.56 0.000***

Industry steel −0.38 0.05 −8.05 0.000***

Industry tobacco −0.18 0.05 −3.80 0.000***

ESG score B −0.27 0.01 −24.30 0.000***

Interest expense (log) −0.04 0.01 −4.44 0.000***

Cost of revenue (log) 0.02 0.01 2.06 0.039*

Cash resources (log) −0.02 0.01 −2.16 0.030*

Log (scale) −2.39 0.04 −64.43 0.000***

Note: The dependent variable is the TOPSIS- derived ESG scores. Standard errors 
(SE) are reported alongside z values and p values. Significance levels: *p < 0.05, 
**p < 0.01, ***p < 0.001.

TABLE 5    |    (Continued)
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(Duque- Grisales and Aguilera- Caracuel  2021), relatively few 
studies have sought to reverse- engineer the criteria and prefer-
ences that silently govern how these scores are assigned (Gibson 
Brandon et al. 2022; Clementino and Perkins 2021). Our study 
seeks to shed light on that very complicated process.

What emerged from our analysis is a more complex—and 
arguably more concerning—landscape than initially expected. 
Bloomberg gives higher average ESG scores than S&P (54.10 
vs. 29.10), which suggests it is more generous at first glance. 
But after applying the DEA, Bloomberg's scores lead to lower 
efficiency ratings, showing it actually uses stricter standards. 
Meanwhile, S&P's lower scores result in higher DEA efficien-
cies, pointing to a more lenient, peer- based rating approach 
that pushes firms closer to the top, even if their actual perfor-
mance is modest (Behzadian et al. 2012; Antunes et al. 2024). 

TABLE 6    |    Robustness analysis—GLM regression coefficients.

Variable Coef. SE z p

(Intercept) 14,018 27,333 0.51 0.608

ROE 0.00 0.00 1.15 0.251

ROA 2.43 1.26 1.93 0.054

Current assets ratio −14,012 27,333 −0.51 0.608

Non- current assets 
ratio

−14,012 27,333 −0.51 0.608

Current liabilities 
ratio

0.74 0.54 1.37 0.170

ESG −0.01 0.00 −3.35 0.001***

S ratio −0.46 0.46 −0.98 0.326

G ratio 0.36 0.50 0.71 0.475

Trend 0.08 0.05 1.66 0.097*

Country Hong 
Kong

−0.29 0.26 −1.11 0.268

Country Korea −0.51 0.43 −1.21 0.228

Industry 
aluminium

0.09 0.27 0.33 0.739

Industry chemicals −0.58 0.26 −2.28 0.023*

Industry coal & 
consumable fuels

−0.11 0.28 −0.41 0.681

Industry 
construction 
materials

−0.21 0.22 −0.96 0.335

Industry 
construction & 
engineering

0.83 0.40 2.08 0.038*

Industry personal 
products

−0.27 0.28 −0.96 0.339

Industry electric 
utilities

0.15 0.25 0.60 0.548

Industry food & 
staples retailing

0.54 0.45 1.18 0.237

Industry food 
products

−0.23 0.24 −0.96 0.335

Industry paper & 
forest products

−0.26 0.37 −0.71 0.480

Industry gas 
utilities

−0.30 0.30 −0.99 0.320

Industry household 
products

−0.43 0.41 −1.03 0.304

Industry industrial 
conglomerates

−0.52 0.31 −1.67 0.094

(Continues)

Variable Coef. SE z p

Industry 
machinery 
and electrical 
equipment

−0.12 0.35 −0.36 0.719

Industry electronic 
equipment, 
instruments & 
components

−0.80 0.40 −2.01 0.045*

Industry metals & 
mining

0.13 0.32 0.40 0.691

Industry oil & 
gas refining & 
marketing

1.65 0.30 5.45 0.000***

Industry oil & 
gas upstream & 
integrated

0.31 0.57 0.54 0.586

Industry energy 
equipment & 
services

−0.11 0.30 −0.37 0.708

Industry retailing −1.25 0.46 −2.74 0.006**

Industry steel −1.86 0.41 −4.50 0.000***

Industry tobacco −1.00 0.38 −2.60 0.009**

ESG score B −1.84 0.10 −18.28 0.000***

Interest expense 
(log)

−0.23 0.07 −3,03 0.002**

Cost of revenue 
(log)

0.07 0.07 1,03 0.301

Cash resources 
(log)

−0.07 0.06 −1,21 0.226

Note: The dependent variable is the TOPSIS- derived ESG scores. Standard errors 
(SE) are reported alongside z values and p values. Significance levels: *p < 0.05, 
**p < 0.01, ***p < 0.001.

TABLE 6    |    (Continued)
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These methodological differences carry significant implica-
tions. They influence how firms are ranked, how investors 
interpret ESG credentials and how policy frameworks might 
standardise scoring mechanisms (Berg et al. 2022; Arvidsson 
and Dumay 2022).

Yet beyond the divergent logic of these agencies, another find-
ing emerges—one that raises profound questions about what 
ESG scores truly measure. We observed that approximately 
99% of ESG score variation could be explained by firms' net 
income. This relationship, supported by our regression anal-
ysis and aligned with insights from Cheng et  al.  (2024) and 
Mahanta et  al.  (2024), suggests that financial strength may 
disproportionately drive ESG evaluations. On one level, this is 
logical as firms with healthier financials likely have more slack 
resources to allocate towards ESG initiatives (Richardson and 
Cragg 2010; Broadstock et al. 2021). However, a more detailed 
reading complicates this narrative. Our data show that firms 
with higher cash reserves and growing interest expenses—
often indicative of reinvestment, R&D, or expansion—receive 
systematically lower ESG scores. This mirrors the concerns 
raised by Jabbouri and Almustafa  (2021) and Andersson 
et  al.  (2022), who argue that financial leverage and liquidity 
dynamics can lead agencies to penalise firms despite forward- 
looking sustainability efforts.

These findings are not just statistical anomalies—they have 
real consequences. For investors, they underscore the need for 
a more critical reading of ESG scores. Although these ratings 
are frequently used to align investment portfolios with ethical 
values, the influence of financial metrics—particularly profit-
ability—means that the moral signal may be distorted (Gibson 

TABLE 7    |    Robustness analysis—panel regression coefficients.

Variable Coef. SE z p

(Intercept) 1425 3180 0.45 0.654

ROE 0.00 0.00 1.58 0.115

ROA 0.40 0.15 2.66 0.008**

Current assets ratio −1424 3180 −0.45 0.654

Non- current assets 
ratio

−1424 3180 −0.45 0.654

Current liabilities ratio 0.13 0.06 2.01 0.045*

ESG 0.00 0.00 −3.22 0.001***

S ratio −0.08 0.06 −1.36 0.173

G ratio 0.00 0.06 −0.06 0.950

Trend 0.00 0.01 0.57 0.569

Country Hong Kong −0.02 0.03 −0.65 0.516

Country Korea −0.08 0.05 −1.64 0.100

Industry aluminium 0.02 0.03 0.58 0.562

Industry chemicals −0.14 0.03 −4.46 0.000***

Industry coal & 
consumable fuels

−0.01 0.03 −0.30 0.764

Industry construction 
materials

−0.06 0.03 −2.29 0.022*

Industry construction 
& engineering

0.06 0.05 1.36 0.175

Industry personal 
products

−0.05 0.03 −1.48 0.138

Industry electric 
utilities

0.01 0.03 0.35 0.724

Industry food & staples 
retailing

0.05 0.05 0.87 0.386

Industry food products −0.06 0.03 −2.06 0.040*

Industry paper & forest 
products

−0.06 0.04 −1.33 0.185

Industry gas utilities −0.09 0.04 −2.64 0.008**

Industry household 
products

−0.10 0.05 −2.18 0.029*

Industry industrial 
conglomerates

−0.11 0.04 −2.94 0.003**

Industry machinery 
and electrical 
equipment

−0.03 0.04 −0.65 0.514

Industry electronic 
equipment. 
Instruments & 
components

−0.18 0.05 −4.00 0.000***

(Continues)

Variable Coef. SE z p

Industry metals & 
mining

−0.04 0.04 −0.97 0.330

Industry oil & gas 
refining & marketing

0.14 0.04 4.00 0.000***

Industry oil & gas 
upstream & integrated

0.06 0.07 0.85 0.394

Industry energy 
equipment & services

−0.06 0.03 −1.74 0.081

Industry retailing −0.24 0.05 −4.56 0.000***

Industry steel −0.38 0.05 −8.05 0.000***

Industry tobacco −0.18 0.05 −3.80 0.000***

ESG score B −0.27 0.01 −24.30 0.000***

Interest expense (log) −0.04 0.01 −4.44 0.000***

Cost of revenue (log) 0.02 0.01 2.06 0.039*

Cash resources (log) −0.02 0.01 −2.16 0.031*

Note: The dependent variable is the TOPSIS- derived ESG scores. Standard errors 
(SE) are reported alongside z values and p values. Significance levels: *p < 0.05. 
**p < 0.01. ***p < 0.001.

TABLE 7    |    (Continued)
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Brandon et al. 2022). Two firms with comparable ESG practices 
may receive markedly different ratings, not because of differ-
ences in ethical conduct, but because of differences in capital 
structure or operational maturity.

For companies, our analysis provides a more precise roadmap 
for navigating ESG assessments. Instead of treating ESG scores 
as opaque or externally imposed, firms can begin to understand 
how their internal financial architecture—net income, work-
ing capital, operating cash flow—shapes their sustainability 
profile. This finding supports recent calls to integrate financial 
performance with sustainability strategy in a more deliberate, 
evidence- based way (Ali et al. 2022a; Iazzolino et al. 2023). It 
also reinforces the notion that ESG disclosure should not be 
treated merely as a box- ticking exercise, but as a strategic nar-
rative underpinned by the financial realities of the firm (Atkins 
et al. 2023).

From a regulatory standpoint, the divergence in scoring logic 
between Bloomberg and S&P Global signals a troubling absence 
of standardisation. If high- growth, innovation- heavy firms are 
being penalised based on assumptions about risk or opacity, then 
ESG scores may be systematically underrepresenting future- 
oriented sustainability commitments (Moskovics et  al.  2023; 
Karginova- Gubinova  2022). Regulators might consider this a 
call to action, encouraging greater transparency in ESG meth-
odology and possibly mandating disclosure of rating criteria to 
safeguard comparability and investor confidence (Arvidsson 
and Dumay 2022; Veldman et al. 2023).

This study also contributes methodologically by offering a rep-
licable model for uncovering latent ESG scoring logic through 
the integration of DEA and TOPSIS. These tools allow for the 
exploration of efficiency and closeness- to- ideal profiles while 
simultaneously accounting for the weights that ESG agencies 
implicitly assign to financial and operational variables (Aye 
et al. 2018; Antunes et al. 2023). We believe this approach can 
serve as a foundation for future inquiries into ESG scoring 
construction across other providers, industries and regulatory 
regimes.

Importantly, the broader social relevance of this work should 
not be overlooked. ESG scores have moved beyond niche fi-
nancial metrics to become influential drivers of corporate 
legitimacy. If they are internally inconsistent or financially 
biased, the consequences extend well beyond firm rankings—
they ripple into capital markets, employment outcomes, in-
novation incentives and public trust (Zhou and Zhou  2021; 
Sandberg et  al.  2023). By exposing the financial undercur-
rents within ESG scores, this research contributes to a more 
grounded and transparent dialogue on sustainability assess-
ment in practice.

That said, our study is not without limitations. Our data span 
only three countries—Hong Kong, South Korea and the United 
States—across the years 2018 to 2021. While this cross- national 
design introduces comparative diversity, it may limit general-
isability to emerging markets or more regulated ESG environ-
ments (Bouten et al. 2011). Future research should expand this 
scope to include underrepresented economies, where ESG adop-
tion varies more widely (Su and Xue 2023).

Moreover, we did not account explicitly for exogenous shocks—
such as changes in environmental regulations, political risk, or 
climate events—which may significantly influence scoring out-
comes. Integrating these contextual variables into future DEA 
frameworks could enrich the explanatory power of ESG scoring 
studies (Zhao et al. 2022). Similarly, our reliance on annual data 
may mask short- term fluctuations. Researchers might consider 
using higher- frequency data to assess how financial volatility, 
ESG scandals, or regulatory shifts are absorbed into ESG ratings 
in real time.

Finally, while our DEA- TOPSIS hybrid offers a solid analyt-
ical foundation, there is ample scope for methodological trian-
gulation. Alternative MCDM techniques—such as Preference 
Ranking Organisation Method for Enrichment Evaluation 
(PROMETHEE) or Analytic Hierarchy Process (AHP)—may 
yield complementary or competing insights into how agencies 
rank firms (Roy and Shaw 2023; de Andrade et al. 2020). With 
ESG methodologies evolving rapidly—particularly with the in-
corporation of AI and machine learning—future research could 
explore how advanced models capture dynamic, non- linear rela-
tionships that conventional frameworks may overlook (Tan and 
Tsionas 2022).

As ESG continues to move from the periphery to the core of fi-
nancial decision- making, the need for robust, transparent and 
accountable scoring methodologies becomes ever more urgent. 
The present study offers one step towards that end, bridging the 
normative promise of ESG with the operational mechanics that 
too often remain in the shadows.
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Endnotes

 1 The Technique for Order Preference by Similarity to Ideal Solution 
(TOPSIS) is a widely used multi- criteria decision- making (MCDM) 
method that ranks alternatives based on their geometric proxim-
ity to an ideal solution. In the context of this study, TOPSIS enables 
the reverse- engineering of ESG scoring patterns by identifying how 
closely each firm's financial and operational profile aligns with the op-
timal ESG performance as implicitly defined by Bloomberg and S&P 
Global. Its methodological strength lies in simultaneously considering 
both the best and worst possible scenarios for each criterion, thus offer-
ing a more comprehensive evaluation framework. Unlike DEA, which 
derives weights endogenously, TOPSIS relies on pre- determined or op-
timised weights, making it particularly effective for uncovering latent 
prioritizations within ESG assessments (Behzadian et  al.  2012; Kim 
et al. 2013; Aye et al. 2018; de Andrade et al. 2020).
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