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Abstract

Environmentally friendly (green) stock investment has evolved into a global trend over
the past few decades, including in the Indonesian capital market. However, the process
of selecting sustainability-oriented stocks involves various complex criteria that are often
qualitative, subjective, and uncertain. Therefore, an analytical tool is needed to support the
decision-making process more adaptively and objectively. This study proposes the Criteria
Importance Through Inter-criteria Correlation–Weighted Fuzzy Soft Set (CRITIC-WFSS)
integration model, a decision-making method that combines WFSS with the objective, data-
driven weighting mechanism of the CRITIC method. In the proposed model, parameter
weights are determined by considering data variation (standard deviation) and inter-
criteria correlation, ensuring that more discriminative and informative parameters receive
higher weights. The model was applied to data on environmentally friendly stocks in the
SRI-KEHATI Index, obtained from the Indonesia Stock Exchange (IDX) official website,
to evaluate and identify stocks with optimal performance. The model’s performance is
evaluated through a comparative study with the AHP-WFSS and Entropy–WFSS methods,
complemented by a sensitivity analysis. The results show that UNVR ranked highest with
a perfect score of 1, indicating an optimal balance between financial performance and
sustainability. Furthermore, a comparative study demonstrated that CRITIC-WFSS can
generate rankings that are more reliable, appropriate, and logical than those generated by
two comparison methods. Meanwhile, the results of the sensitivity analysis indicate that
the CRITIC-WFSS model demonstrates strong robustness to variations in input parameters,
ensuring stable rankings. The model shows significant potential to support more accurate
and transparent investment decision-making by generating consistent stock rankings
based on a balanced integration of financial, and sustainability (environmental, social,
and governance (ESG)) aspects. This research was conducted in order to support the
achievement of various goals through SDG 8 (Decent Work and Economic Growth).

Keywords: CRITIC method; weighted fuzzy soft sets; objective weighting; investment
decision-making; sustainable stock investment (SDG 8)

MSC: 03E72; 90B50; 91B06; 91G80

1. Introduction
In recent decades, the global investment paradigm has undergone a fundamental

shift. Investors are no longer solely focused on financial performance but are increasingly
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emphasizing Environmental, Social, and Governance (ESG) aspects. This paradigm has
emerged as a reflection of the growing awareness among investors of climate change
issues, regulatory pressures, and the demands of stakeholders to implement ethical and
sustainable business practices. In Indonesia, the emergence of stock indices such as the
SRI-KEHATI Index provides clear evidence of this trend, creating a demand for analytical
tools capable of evaluating investment viability from a more holistic perspective.

It is important to acknowledge that sustainable investment evaluation confronts two
principal challenges. First, its inherently multi-criteria nature necessitates the simultaneous
consideration of financial metrics (e.g., ROI, financial ratios) and non-financial dimensions
(e.g., environmental impact, social responsibility). Second, data about non-financial aspects
are predominantly qualitative and ambiguous, complicating objective measurement and
comparison. Conventional evaluation methods that depend on subjective weighting, such
as the Analytic Hierarchy Process (AHP) [1], are often susceptible to bias and lack the
robustness required to manage the intricate characteristics of this data.

To address these limitations, various alternative theories have been developed. One
of them is the fuzzy set theory introduced by Zadeh [2]. This set is characterized by a
membership function that determines the degree of membership of each element, with
values ranging between zero and one. Since its introduction, the theory has been widely
applied to address uncertainty problems in various decision-making systems, including
multi-criteria decision-making (MCDM) [3–6]. However, the application of fuzzy sets
(FS) in MCDM still faces several challenges, one of which is the difficulty in defining the
membership function accurately and objectively for a given case. In addition, Molodtsov [7]
introduced the Soft Set (SS) theory as a new approach to handle uncertainty that numerical
values or single variables cannot represent. This theory can accommodate and integrate
various criteria, both quantitative and qualitative, making it highly suitable for complex
decision-making processes, such as evaluating sustainable or green stocks, which consider
not only financial performance but also environmental, social, and governance (ESG)
aspects [3–7].

Since its introduction in 1999, soft set theory has become a significant focus in the
fields of mathematical modeling and decision-making due to its effectiveness in handling
uncertainty. Numerous studies have been conducted to advance its theoretical and practical
aspects in decision-making [8–12]. Furthermore, the SS theory has been further extended
through various modifications to address different analytical needs, including the weighted
soft sets (WSS) [13], N-soft set [14], paraconsistent soft set [15], bipolar hypersoft set [16],
and the most widely used variant, the fuzzy soft set (FSS) [17].

The FSS theory is an integrated concept that combines the theories of SS and FS into
a unified framework. This concept enables the application of fuzzy membership degrees
within the parameterization process of the soft set, representing the degree to which an
object satisfies each parameter, thereby providing greater flexibility in evaluation compared
to classical methods such as AHP or probability theory. Similar to the SS theory, this
approach has also been widely applied in various decision-making domains, including
investment analysis, business decision-making, corporate performance evaluation, and risk
management [18–20]. In the context of environmentally friendly (green) stocks, the FSS
framework facilitates the integration of financial and ESG criteria to generate a ranking of
stock investment alternatives that reflects a balance between profitability and sustainability.

However, the FSS still has certain limitations, one of which is that each parameter is
assumed to have the same level of importance without considering its relative contribution
to the decision-making process. In reality, each parameter may have a different degree of
importance; for instance, financial aspects often carry greater weight than sustainability
aspects. This condition may lead to ranking results that are less accurate and do not fully



Mathematics 2025, 13, 3952 3 of 35

reflect the actual contribution of each parameter. This reason underlies the introduction
of the WFSS, in which each parameter is assigned a specific weight to represent its level
of importance in the decision-making process [21]. The weighting process makes the
WFSS more sensitive to the influence of each criterion and capable of producing more
representative ranking results. Although this method addresses some of the limitations of
FSS, the subjective determination of weights remains vulnerable to bias and inconsistency.
Therefore, a hybrid approach that integrates WFSS with an objective, data-driven weighting
method is necessary.

Among the various objective weighting methods in MCDM, the Entropy and Standard
Deviation (SD) methods are among the most widely used. The Entropy Method determines
weights by measuring the amount of information each criterion provides; a smaller entropy
value indicates greater dispersion and thus higher weight [22]. Zhu et al. [23] emphasize
that this method focuses solely on internal variation and ignores relationships between
variables. In addition, Wang et al. [24] note that entropy-based weights are highly sensitive
to changes in data distribution. Meanwhile, the SD method assigns weights directly based
on the dispersion of data under each criterion, where a larger standard deviation signifies
greater discriminative power and receives a higher weight [25]. While straightforward,
it does not account for the relationships between criteria. Jolliffe and Cadima [26] ex-
plain that measures based solely on variance cannot represent underlying relationships
between variables without considering covariance. Furthermore, Wang et al. [24] point
out that standard-deviation-based weights in decision models can be sensitive to outliers
and extreme values, potentially distorting the final evaluation when data distributions
are skewed.

In contrast, the Criteria Importance Through Inter-criteria Correlation (CRITIC)
method is a more comprehensive technique that determines objective weights by simul-
taneously considering two key aspects of the data: the contrast intensity, measured by
the standard deviation, and the conflict between criteria, measured by the correlation
coefficient [27]. This dual consideration allows CRITIC to identify and assign higher
weights to criteria that not only have high variation (are more discriminative) but are also
less redundant (less correlated with others). Compared to the Entropy and SD methods,
which focus solely on data dispersion, CRITIC provides a more balanced and rational
weighting scheme by filtering out redundant information. This makes it especially suitable
for evaluating sustainable stocks, where financial and ESG criteria often exhibit complex
interrelationships. For instance, a company’s high revenue growth might be correlated
with its community engagement efforts, and CRITIC can objectively discount the weight
of such correlated criteria to avoid double-counting their influence. The integration of the
CRITIC method with the WFSS, known as CRITIC-WFSS, enables objective determination
of parameter weights, resulting in more stable, consistent, and accountable alternative rank-
ings in investment decision-making processes, including within the context of sustainable
stock investments.

In recent decades, research in the field of soft set theory has evolved from its basic
concepts toward integration with various advanced weighting methods and the application
of models to more specific problem domains. A recent study by Carnia et al. [28] integrated
the theory of Generalized Interval-Valued Hesitant Intuitionistic Fuzzy Soft Sets (GIVHIFSS)
with the AHP weighting method and applied it to complex and uncertain investment
decision-making problems. Another study by Subramanian et al. [29] integrated the Fuzzy
HyperSoft Set (FHSS) with a Weight-Based Support Vector Machine (WSVM) to address
uncertainty, ambiguity, and data complexity in medical decision-making problems. The
resulting integrated model is referred to as FHSS-WSVM. Furthermore, Rehman et al. [30]
developed a weighted trustworthiness ranking model based on soft set theory to reduce
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the risk of fraudulent transactions by identifying the most trustworthy nodes within a
system. Zulqarnain et al. [31] introduced the Pythagorean Fuzzy Soft Einstein-Ordered
Weighted Geometric (PFSEOWG) operator, focusing on the development of a more robust
method for solving Multi-Attribute Group Decision-Making (MAGDM) problems. The
study also includes the mathematical proofs of the proposed operator’s properties, such as
idempotency and boundedness.

Although these studies have made significant contributions to the advancement of
knowledge in the field of soft set-based decision-making, they can still be developed. The
integration of weighting methods such as CRITIC with the WFSS model and its application
in the context of investment decision-making, particularly for sustainable or green stock
investments in Indonesia, has not been widely explored. This indicates the need for
further research focusing on the development of an adaptive model that aligns with the
characteristics of Indonesia’s sustainable stock market.

To address this gap, this study proposes developing a CRITIC–WFSS-based decision-
making model to evaluate sustainable stock investments in Indonesia. The model combines
the objectivity of the CRITIC weighting method with the flexibility of the WFSS framework
to improve the accuracy of stock ranking. The findings of this study are expected to
make significant contributions in several areas. First, from a methodological perspective,
the developed CRITIC–WFSS model offers a more objective and adaptive approach to
investment decision-making, particularly by reducing subjectivity in determining criterion
weights. Second, from a practical standpoint, this model provides a useful analytical
tool for investors to assess the performance of sustainable stocks, thereby supporting
responsible portfolio selection. Third, from a sustainability perspective, implementing this
model could encourage increased investment in companies with strong Environmental,
Social, and Governance (ESG) performance. Thus, the results of this research not only
strengthen sustainable investment practices in Indonesia but also contribute to achieving
the Sustainable Development Goals (SDGs).

The structure of this paper is organized as follows: Abstract, Introduction, Preliminar-
ies, Materials and Methods, Results and Discussion, and Conclusions.

2. Preliminaries
2.1. CRITIC Method

The CRITIC method is one of the approaches to MCDM used to determine the objective
weights of criteria. This method considers two main aspects: the contrast intensity among
criteria and the correlation level between them. Accordingly, the resulting weights reflect
the relative importance of each criterion in the decision-making process [27]. The main
steps for applying the CRITIC method are as follows [32].

(1) Construction of the decision matrix

The first step in the CRITIC method is to construct a decision matrix. This matrix
is a numerical representation of the performance of alternatives against each established
criterion. In general, this matrix is arranged in rows and columns, where rows represent
alternatives to be evaluated. In contrast, columns represent criteria used as the basis for
assessment. The general form of the decision matrix for m alternatives and n criteria is
given by Equation (1).

A =


a11 a12 a13 . . . a1n

a21 a22 a23 . . . a2n

a31 a32 a33 . . . a3n
...

...
...

. . .
...

am1 am2 am3 . . . amn

, (1)
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where the element aij indicates the performance value of alternative i against criterion j, for
each i = 1, 2, 3, . . . , m and j = 1, 2, 3, . . . , n. These values are derived from sources such as
empirical data, survey results, or expert evaluations.

(2) Construction of the normalized decision matrix

The normalization process of the decision matrix aims to transform all criteria values
onto a standard scale, allowing for objective comparison. The normalized matrix N =

[
nij

]
is calculated using Equations (2) and (3), where each element nij is defined for every i and j.

nij =
aij − amin, j

amax,j − amin,j
, i = 1, 2, 3, . . . , m, (2)

if criterion j is a benefit criterion (where a higher value is better), and

nij =
amax,j − aij

amax,j − amin,j
, i = 1, 2, 3, . . . , m, (3)

if criterion j is a cost criterion (where a smaller value is better), with

amax,j = max
i=1,2,3,...,m

{
aij

}
, j = 1, 2, 3, . . . , n, (4)

amin,j = min
i=1,2,3,...,m

{
aij

}
, j = 1, 2, 3, . . . , n. (5)

(3) Calculation of the standard deviation for each criterion

The standard deviation measures the variability of the alternative ratings for a given
criterion. Therefore, criteria with higher dispersion are considered more informative
because the differences between alternatives are more apparent. The standard deviation σj

for each criterion j is calculated using Equation (6).

σj =

√
1
m

m

∑
i=1

(
nij − nj

)2, j = 1, 2, 3, . . . , n, (6)

where nj is the average value of the j-th criterion.

(4) Creation of correlation matrix

The correlation matrix is constructed to assess the relationships among the criteria
using Pearson’s correlation coefficient. To calculate the correlation coefficient rij between
criteria j and l, the following Equation (7) is used.

rjl =
∑m

i=1
(
nij − nj

)
(nil − nl)√

∑m
i=1

(
nij − nj

)2
∑m

i=1(nil − nl)
2

, j, l = 1, 2, 3, . . . , n. (7)

The output generated from this process is an n × n correlation matrix.

(5) Calculation of H-index

The H-index represents the relative importance level of each criterion, determined by
considering two main aspects: the variability of the criterion, measured using the standard
deviation, and the degree of correlation between that criterion and the other criteria. The
H-index for criterion j is calculated using Equation (8).

Hj = σj

n

∑
l=1

(
1 − rjl

)
, j = 1, 2, 3, . . . , n. (8)
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(6) Calculation of the final weight

The final step in the CRITIC method is to determine the final weight of each criterion
by normalizing the H-index values of all criteria so that the resulting weights fall within
the range [0, 1], and the sum of all weights equals 1. The formula for calculating the final
weight is given in Equation (9).

wj =
Hj

∑n
l=1 Hl

, j = 1, 2, 3, . . . , n. (9)

2.2. Fuzzy Soft Set

The concept of the soft set, initially introduced by Molodtsov, was later extended
into the Fuzzy Soft Set (FSS), where each element in the universal set is assigned a fuzzy
membership degree for every parameter. This extension enables a more flexible and
detailed representation of uncertainty compared to the classical soft set, making FSS widely
applicable in decision-making, classification, and data analysis involving vague or uncertain
information. Before the formal definition of FSS, Definition 1 regarding Soft Sets (SS) is
first presented.

Definition 1 ([7]). Let U be the universal set and E the parameter set. A pair (F , E) is called a soft
set (over U ) if F is a mapping defined by:

F : E → 𝓅(U ), (10)

where P(U ) is the power set of U .

For a universal set U = {𝓊i |i = 1, 2, . . . , m} and a parameter set E =
{
ℯj
∣∣j = 1, 2, . . . , n

}
,

the soft set (F , E) can be written as in Equation (11), and it can be represented in tabular
representation as shown in Table 1.

(F , E) =
{(

ℯj,F
(
ℯj
))∣∣F(

ℯj
)
∈ 𝓅(U ), ℯj ∈ E

}
. (11)

Table 1. Tabular Representation of the SS (F , E).

U ℯ1 ℯ2 ℯ3 . . . ℯn

𝓊1 x11 x12 x13 . . . x1n
𝓊2 x21 x22 x23 . . . x2n
𝓊3 x31 x32 x33 . . . x3n
...

...
...

...
. . .

...
𝓊m xm1 xm2 xm3 . . . xmn

The value of xij for each i and j is defined as in Equation (12).

xij =

{
1, 𝓊i ∈ F

(
ℯj
)
,

0, 𝓊i /∈ F
(
ℯj
)
.

(12)

Example 1. Given a universal set U = {𝓊1,𝓊2,𝓊3,𝓊4} representing four alternatives, and a
parameter set E = {ℯ1,ℯ2, ℯ3,ℯ4}. Soft Set (F , E) can be defined as:

(F , E) = {(ℯ1, {𝓊1, 𝓊3}), (ℯ2, {𝓊2, 𝓊3}), (ℯ3,U ), (ℯ4, {𝓊4})}.

Next, the definition of FSS is given as follows.
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Definition 2 ([17]). Let U be the universal set, E the parameter set, and A ⊆ E . A pair (F ,A) is
a fuzzy soft set over U , where F is a mapping from A to the set F(U ), that is:

F : A → F(U ), (13)

where F(U ) is the collection of all fuzzy sets of U .

For a universal set U = {𝓊i |i = 1, 2, . . . , m} and a parameter set E =
{
ℯj
∣∣j = 1, 2, . . . , n

}
,

the fuzzy soft set (F , E) can be written as in Equation (14), and it can be represented
in tabular representation as shown in Table 1, with xij = µj(𝓊i), where µj(𝓊i) is the
membership degree of 𝓊i in criterion ℯj.

(F , E) =
{(

ℯj,
{(

𝓊i, µj(𝓊i)
)})∣∣ 𝓊i ∈ U ,ℯj ∈ E

}
. (14)

Example 2. Recall the universal set U and the parameter set E from Example 1. Let
A = {ℯ1,ℯ2,ℯ3} ⊂ E . The FSS (F ,A) can be defined as follows:

(F ,A) = {(ℯ1,F (ℯ1)), (ℯ2,F (ℯ2)), (ℯ3,F (ℯ3))},

with
F (ℯ1) = {(𝓊1, 0.3), (𝓊2, 0.7), (𝓊3, 1), (𝓊4, 0.2)},

F (ℯ2) = {(𝓊1, 0.6), (𝓊2, 0), (𝓊3, 0.1), (𝓊4, 0.8)},

F (ℯ3) = {(𝓊1, 1), (𝓊2, 0.9), (𝓊3, 1), (𝓊4, 0.4)}.

The FSS (F ,A) can be represented in tabular form as shown in Table 2.

Table 2. Tabular Representation of the FSS (F ,A).

U ℯ1 ℯ2 ℯ3

𝓊1 0.3 0.6 1
𝓊2 0.7 0 0.9
𝓊3 1 0.1 1
𝓊4 0.2 0.8 0.4

The FSS has been widely applied to address various problems involving uncertainty,
particularly in decision-making contexts [33–37]. Roy and Maji [38] introduced an FSS-
based decision-making algorithm, as presented in the following Algorithm 1.

Algorithm 1. Roy and Maji’s Algorithm

(1) Input FSS (F1,A1), (F2,A2), and (F3,A3),
(2) Input parameter set B as observed by the decision maker,
(3) Calculate the resultant FSS (G,B) from FSS (F1,A1), (F2,A2), (F3,A3), and

present it in tabular form,
(4) Construct a comparison table from FSS (G,B), and calculate the number of rows

(pi) and the number of columns (qi) for each element in the universal set U ,
(5) Calculate the total value si for each element in the universal set U ,
(6) The optimal decision is to choose the k alternative with sk = maxi si,
(7) If k has more than one value, then any of the alternatives can be chosen.

Let U = {𝓊i | i = 1, 2, . . . , n} be a universal set and E be a set of parameters. The
comparison table is a square table where the number of rows and columns is equal, both
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being n. Each row and column are labeled with the objects 𝓊1,𝓊2, . . . , 𝓊n from the universal
set. An entry in the table, denoted as cij for each i, j = 1, 2, . . . , n, represents the number of
parameters for which the membership degree of object 𝓊i is greater than or equal to the
membership degree of object 𝓊j. Subsequently, the rows and columns are summed. The
row sum for 𝓊i, denoted by pi, is obtained using Equation (15).

pi = ci1 + ci2 + ci3 + . . . + cin. (15)

Similarly, the number of columns of 𝓊j, denoted qj, is obtained by Equation (16).

qj = c1j + c2j + c3j + ... + cnj. (16)

Next, the total value of 𝓊i, is given by the following Equation (17).

si = pi − qi. (17)

Example 3. Reconsider the FSS (F ,A) in Example 2. The comparison table (F ,A) is presented
in Table 3.

Table 3. Comparison Table of the FSS (F ,A).

U 𝓊1 𝓊2 𝓊3 𝓊4

𝓊1 3 1 2 2
𝓊2 1 3 0 2
𝓊3 2 3 3 2
𝓊4 1 1 1 3

Based on Table 3, the number of rows pi , the number of columns qi , and the total value si for
each alternative are obtained as presented in Table 4.

Table 4. Score Table of the FSS (F ,A).

U pi qi si

𝓊1 8 7 0
𝓊2 6 8 −2
𝓊3 10 6 4
𝓊4 6 9 −3

Based on Table 4, it is clear that the maximum value of si is 4, which is held by 𝓊3, and the
decision supports selecting 𝓊3 as the optimal alternative choice.

Beyond theoretical [39] and applied advancements, FSS has also evolved into nu-
merous variants to enhance its representational capability and effectiveness in handling
uncertainty. Notable extensions include Hesitant Fuzzy Soft Sets [40], Trapezoidal Fuzzy
Soft Sets [41], Intuitionistic Fuzzy Soft Sets [42], Interval-Valued Intuitionistic Fuzzy Soft
Sets [43], Effective Fuzzy Soft Sets [44], Spherical Fuzzy Soft Sets [45], and Weighted Fuzzy
Soft Set (WFSS) [21].

2.3. Weighted Fuzzy Soft Set

The Weighted Fuzzy Soft Set concept extends the FSS by incorporating the importance
(weight) of each parameter in the decision-making process. It was introduced to address a
key limitation of the classical FSS, which treats all parameters as equally important. Before
the formal definition of WFSS, the definition of a level soft set with respect to a threshold
fuzzy set is presented as follows.
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Definition 3 ([21]). Given a universal set U and a parameter set E , with A ⊆ E . Let (F ,A) be
an FSS over U and α : A → [0, 1] be a threshold fuzzy set. Then the level soft set of the
FSS (F ,A) with respect to a threshold fuzzy set α is the crisp soft set L((F ,A); α) = (Fα,A) de-
fined by the following Equation (18).

Fα(ℯ) = {𝓊 ∈ U | µe(𝓊) ≥ α(ℯ)}. (18)

Here, the value α is interpreted as a threshold for the membership degree.

Example 4. Reconsider the FSS (F ,A) in Example 2. Let α = {0.5, 0.6, 0.7} be the threshold
fuzzy set. Then the level soft set of (F ,A) with respect to α , denoted by L((F ,A), α) , is given
as follows.

L((F ,A), α) = {(ℯ1, {𝓊2,𝓊3}), (ℯ2, {𝓊1,𝓊4}), (ℯ3, {𝓊1,𝓊2,𝓊3})}.

Furthermore, L((F ,A), α) can be represented in tabular form as shown in Table 5.

Table 5. Tabular Representation of L((F ,A), α).

U ℯ1 ℯ2 ℯ3

𝓊1 0 1 1
𝓊2 1 0 1
𝓊3 1 0 1
𝓊4 0 1 0

Next, the definition of WFSS is given as follows.

Definition 4 ([21]). Given a universal set U and a parameter set E , with A ⊆ E . Let F(U ) denote
the set of all fuzzy sets on U . A WFSS is defined as a triple (F ,A,𝓌), where (F ,A) is an
FSS over U , and 𝓌 : A → [0, 1] is a weighting function that assigns a weight 𝓌j = 𝓌

(
ℯj
)

for
each ℯj ∈ A.

The WFSS concept has undergone various developments and has been widely ap-
plied to solve diverse problems involving uncertainty, particularly in decision-making
contexts [46,47]. Fengs et al. [21] introduced a WFSS-based decision-making algorithm, as
presented in Algorithm 2.

Algorithm 2. Feng’s Algorithm

(1) Input WFSS (F ,A,𝓌);
(2) Input: A threshold fuzzy set α ∈ [0, 1] for decision-making. Alternatively, one of

the following decision rules may be selected:

• A specific threshold value t ∈ [0, 1],
• The mid-level decision rule,
• The top-level decision rule,
• The weight function decision rule;

(3) Calculate the α-level soft set L((F ,A), α);
(4) Construct a representation table of the α-level soft set L((F ,A), α) and compute

the weighted choice value cvi of 𝓊i ∈ U , for each i;
(5) The optimal decision is to choose the k alternative with cvk = maxicvi,
(6) If k has more than one value, then any of the alternatives can be chosen.
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Example 5. Reconsider the level soft set L((F ,A), α) as given in Example 4. If the weight
vector 𝓌 = {0.5, 0.3, 0.1} is set, then the weighted choice value for each alternative 𝓊i is obtained
as presented in Table 6.

Table 6. Tabular Representation of L((F ,A), α) with Weighted Choice Value.

U ℯ1,
w1=0.5

ℯ2,
w2=0.3

ℯ3,
w3=0.1 cvi

𝓊1 0 1 1 0.4
𝓊2 1 0 1 0.6
𝓊3 1 0 1 0.6
𝓊4 0 1 0 0.3

Based on Table 6, it is clear that the maximum value of cvi is 0.6, which is owned by 𝓊2 and 𝓊3,
and the decision maker can choose 𝓊2 or 𝓊3 as the optimal alternative choice.

In general, to calculate the weighted choice value of alternative 𝓊i, the formula in
Equation (19) is used.

cvi =
n

∑
j=1

xijwj, (19)

where xij is an entry from the tabular representation as defined in Equation (12) and wj is
the weight of parameter ej.

2.4. Environmentally Friendly Stocks

Environmentally friendly stocks refer to shares of companies whose operational activi-
ties, products, and business models have a positive environmental impact. Investing in
such stocks represents a form of capital allocation that incorporates Environmental, Social,
and Governance (ESG) considerations into the investment decision-making process. This
kind of investment aims to take into account the long-term effects on the environment and
nearby communities in addition to financial returns.

In Indonesia, there is growing interest in green investing in environmental stocks,
driven by the development of appropriate financial products and indexes. One example
of this is the Sustainable and Responsible Investment (SRI) KEHATI Index, launched by
the Indonesia Stock Exchange (IDX) in association with the KEHATI Foundation. The
index tracks companies that have demonstrated a strong commitment to environmental
protection, social responsibility, and good corporate governance.

The environmental aspect of ESG studies involves a company’s efforts to minimize
environmental impacts, such as carbon emissions management and the use of renewable
energy. The social aspect examines how a company treats its employees and communities,
such as evaluation of employee safety performance and corporate social responsibility
(CSR). Simultaneously, the governance aspect examines corporate governance, such as
transparency and independent boards.

3. Materials and Method
3.1. Materials

This study focuses on environmentally friendly stocks listed on the Indonesian SRI-
KEHATI Index. The green index uses the United Nations Principles for Responsible
Investment (PRI) and selects companies based on SRI and ESG principles. At the time of
this study, 25 publicly traded companies were listed on the SRI-KEHATI Index, as noted on
the official website of the Indonesia Stock Exchange. The entire list of these stocks is given
in Appendix A (Table A1).
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This research aims to develop and implement an investment decision-making model
using an integrative approach that combines the CRITIC and WFSS methods. The ap-
proach is designed not only from a theoretical perspective but also applied empirically
to a case study for evaluating and ranking stocks listed on the SRI-KEHATI Index. The
analysis is supported by secondary data collected from the Indonesia Stock Exchange web-
site (https://www.idx.co.id/id, accessed on 25 August 2025) and other relevant sources.
The collected data include corporate financial reports and sustainability reports of the
companies whose stocks constitute the research objects.

The use of the SRI-KEHATI Index as a sample in this study was a deliberate choice
and is consistent with the study’s objectives. Since the aim is to develop a model for
sustainable stock investment, the relevant population for testing is companies that have
already met a recognized sustainability performance baseline. This index provides a curated
universe of such firms, ensuring consistent ESG data for analysis. It is acknowledged that
this pre-screened sample is not representative of the broader Indonesian stock market,
which includes companies with minimal or no sustainability practices. Consequently, the
findings and the model’s performance are contextualized within the domain of sustainable
investment options, and generalizability to the entire market is not claimed.

3.2. Method

This study employs a quantitative method with a mathematical approach, integrat-
ing the CRITIC and WFSS methods to analyze and model investment decision-making
for environmentally friendly stocks in Indonesia. The main concepts and supporting
methodologies have been elaborated in Section 2.

This research was conducted through three main steps, as follows:
Step 1: Determining Factors for Environmentally Friendly Stock Investment Decision-

Making. The procedures carried out are as follows:

a. Identifying factors that impact the environmentally friendly stock investment deci-
sion based on the review of literature and empirical studies. The factors are classified
under four aspects: financial, environmental, social, and governance.

b. Collecting all necessary data, including a list of environmentally friendly stocks in
Indonesia that were listed on the SRI-KEHATI Index and additional related data
(such as financial reports and sustainability reports for all included stocks).

c. Defining the selected factors as a set of parameters E for the WFSS. The parameters reflect
investors’ preferences regarding sustainability criteria and investment performance.

d. Determining the degree of membership of each company with respect to each set of
defined parameters.

Step 2: Constructing the Integrated CRITIC-WFSS Model.
This model is built using the framework described in Algorithm 2, with the addition

of integrating the CRITIC method to calculate objective weights for each parameter and
with necessary adjustments. The procedures carried out are as follows:

a. Constructing the decision matrix based on the predetermined alternatives and pa-
rameters, which serves as the foundation for computations in the proposed model.

b. Applying the CRITIC method to obtain the objective weight of each parameter
through six calculation steps as described in Section 2.1.

c. In parallel, constructing the FSS using the same set of alternatives and parameters,
based on the fuzzy values derived in Step 1.

d. Integrating the objective weights produced by CRITIC into the FSS framework
to apply the weighting mechanism, resulting in the CRITIC-WFSS decision-
making model.

https://www.idx.co.id/id
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e. Formulating the integrative CRITIC-WFSS model in the form of a decision-making
algorithm that can be used for evaluating and ranking the alternatives.

Step 3: Applying the CRITIC-WFSS Algorithm to Sustainable Stock Data in Indonesia.
In this step, the sustainable stock data is processed using the CRITIC-WFSS Algorithm

constructed in the second step. The procedures carried out are as follows:

a. Processing the financial and sustainability data of each company considered in the
decision-making process.

b. Applying the CRITIC-WFSS algorithm, which includes calculating the objective
weights of the parameters and constructing the WFSS structure according to the
procedure in Step 2.

c. Setting the threshold fuzzy set according to the preferences used in the evaluation.
d. Constructing the level soft sets of the CRITIC-WFSS model based on the specified

threshold fuzzy set values.
e. Constructing a tabular representation of the level soft sets as the basis for the

evaluation calculations.
f. Calculating the weighted choice value for each alternative using the formula in

Equation (19).
g. Ranking the company alternatives in descending order based on the obtained

weighted choice values.
h. Producing the final company ranking list and investment decision recommendations.

4. Results and Discussion
4.1. Investment Decision Parameters for Sustainable Stocks

Having well-defined evaluation criteria is essential for making investment decisions,
particularly for green stocks. The selection of criteria in this study was guided by a
comprehensive review of the literature on sustainable investing and aligned with inter-
nationally recognized frameworks, such as the Global Reporting Initiative (GRI) and the
Sustainability Accounting Standards Board (SASB). These frameworks are widely recog-
nized for identifying material ESG issues that influence long-term firm value and investor
decision-making [48], ensuring that the selected parameters reflect what matters most from
both sustainability and financial perspectives. To provide a balanced, holistic assessment,
the criteria were organized into four key pillars of sustainable investing: Financial Perfor-
mance, Environmental Stewardship, Social Responsibility, and Governance. In this study,
we used selected criteria as parameters in the decision-making model. Furthermore, the
fuzzy membership degrees for each parameter were processed from IDX data and the
Annual Reports and Sustainability Reports of each company. Membership functions are
designed to transform a company’s performance on each parameter into a value between
0 and 1. The procedure for determining the membership degrees of each parameter is
discussed below.

4.1.1. Financial Aspects

The financial decision-making parameters consist of Return on Equity (ROE) and the
stability of a company’s revenue growth. ROE was selected not only as a direct indicator of
profitability but also for its role as a moderating factor that amplifies the positive impact of
sustainability practices on firm value. As demonstrated by Indrawan et al. [49], companies
with higher ROE levels exhibit a stronger correlation between their sustainability efforts
and increases in firm value. Hou et al. [50] establish that revenue growth has a positive and
significant effect on firm value. Therefore, this study uses revenue growth stability as one
of its parameters, positing that growth that is not only positive but also consistent over time
provides a more reliable foundation for investor confidence and sustainable value creation.
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• Return on Equity (ROE)

To assess a company’s profitability, Return on Equity (ROE) is employed as an indicator
of how efficiently the company uses its shareholders’ equity. This measure shows the
company’s ability to generate profit from the invested capital. For this study, the ROE values
for 2024 were taken from each company’s 2024 Annual Report. The fuzzy membership
degree for ROE is then determined using the function provided in Equation (20).

µROE(𝓅i) = min
{

ROE𝓅i

30
, 1

}
, i = 1, 2, 3, . . . , 25, (20)

which transforms the actual ROE values to a normalized [0, 1] scale. The 30% benchmark
was guided by insights from the financial performance literature, which indicates that
ROE levels substantially above industry averages are generally associated with superior
profitability and competitive advantage [51]. To apply a more stringent criterion within
the sustainability-focused SRI-KEHATI context, we set the threshold at 30% to capture
firms demonstrating exceptional performance. Table 7 displays each company’s ROE and
corresponding membership values.

Table 7. Company ROE Value and Membership Degrees.

Stock ROE (%) Membership Degree Stock ROE (%) Membership Degree

ANTM 11.96 0.40 INDF 12.50 0.42
ASII 15.99 0.53 INTP 9.30 0.31

AUTO 14.00 0.47 JSMR 7.90 0.26
AVIA 17.27 0.58 KLBF 13.18 0.44
BBCA 24.60 0.82 MTEL 6.31 0.21
BBNI 14.20 0.47 PGEO 7.98 0.27
BBRI 19.01 0.63 SIDO 33.57 1
BBTN 10.76 0.36 SMGR 1.64 0.05
BMRI 24.19 0.81 SMSM 28.47 0.95
DSNG 11.53 0.38 SSMS 29.23 0.97
EMTK 3.71 0.12 UNTR 21.40 0.71
ICBP 13.60 0.45 UNVR 121.80 1
INCO 2.12 0.07

• Revenue Growth Stability

The stability of a company’s revenue growth is quantified by calculating the standard
deviation of its annual growth rates from 2020 to 2024. This metric serves as an indicator
of the consistency and sustainability of its financial performance. A lower calculated
deviation signifies a more stable and predictable growth trajectory. The annual revenue data
used in this calculation were obtained from each company’s Annual Report, provided in
Appendix A (Table A2). The membership degree for revenue growth stability is determined
through min-max normalization of the revenue growth standard deviation values. Since
stability is a cost criterion, the normalization process follows Equation (3), where the lowest
standard deviation value receives the highest membership degree, and vice versa. The
standard deviation values for each company and their corresponding membership degrees
are presented in Table 8.
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Table 8. Company Standard Deviation Values and Membership Degrees.

Stock Standard
Deviation

Membership
Degree Stock Standard

Deviation
Membership

Degree

ANTM 0.335 0 INDF 0.093 0.77
ASII 0.154 0.58 INTP 0.038 0.95

AUTO 0.139 0.63 JSMR 0.043 0.94
AVIA 0.082 0.81 KLBF 0.037 0.96
BBCA 0.047 0.92 MTEL 0.025 0.99
BBNI 0.056 0.89 PGEO 0.023 1.00
BBRI 0.045 0.93 SIDO 0.130 0.66
BBTN 0.063 0.87 SMGR 0.057 0.89
BMRI 0.050 0.91 SMSM 0.127 0.67
DSNG 0.161 0.56 SSMS 0.215 0.38
EMTK 0.235 0.32 UNTR 0.247 0.28
ICBP 0.077 0.83 UNVR 0.061 0.88
INCO 0.223 0.36

4.1.2. Environmental Aspects

The environmental decision-making parameters, carbon emission intensity and renew-
able energy usage were chosen due to their central role in global sustainability standards
and their proven influence on firm valuation. Its relevance is underlined by empirical
evidence; for example, Indrawan et al. [49] affirm that carbon emission disclosure pos-
itively and significantly influences firm value, meaning that transparent and efficient
carbon management increases investor confidence and market valuation. Additionally,
Sitompul et al. [52] found that using renewable energy improves firm performance by
increasing operational efficiency, lowering environmental risks, and boosting corporate
reputation. While carbon intensity characterizes the efficiency of current operations, re-
newable energy usage signals a commitment to future sustainability and qualifies it as a
comprehensive and representative core indicator for global ESG performance assessment.

• Carbon Intensity

The carbon intensity parameter is measured as the ratio between total carbon emissions
and company revenue (ton CO2 per billion rupiah). This value reflects the company’s
efficiency in generating revenue relative to its emissions output. The carbon emission data
used in this calculation were obtained from each company’s 2024 Sustainability Report,
provided in Appendix A (Table A3). The membership degree for carbon intensity is then
calculated using the function specified in Equation (21):

µCI(𝓅i) =


1, CI𝓅i ≤ 50,

500−CI𝓅i
450 , 50 < CI𝓅i < 500,
0, CI𝓅i ≥ 500,

(21)

for each i = 1, 2, 3, . . . , 25. The threshold values were developed with reference to the
accounting framework of the GHG Protocol Corporate Standard and an examination of the
carbon-intensity patterns reported in Indonesian sustainability disclosures. A threshold
of 50 tons CO2 per billion Rupiah in revenue is used to represent an excellent level of
performance, reflecting the more progressive practices observed among low-emitting
firms. Conversely, an upper bound of 500 tons CO2 per billion Rupiah was derived from
the distribution of high-emitting sectors in the dataset and is treated as a level at which
membership in the fuzzy set becomes negligible. The carbon intensity values for each
company, along with their membership degrees, are presented in Table 9.
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Table 9. Company Carbon Intensity and Membership Degrees.

Stock Intensity Membership Degree Stock Intensity Membership Degree

ANTM 19.11 1 INDF 19.50 1
ASII 13.53 1 INTP 702.46 0

AUTO 7.20 1 JSMR 4.52 1
AVIA 1.51 1 KLBF 3.15 1
BBCA 1.33 1 MTEL 5.87 1
BBNI 2.89 1 PGEO 31.23 1
BBRI 2.18 1 SIDO 3.14 1
BBTN 2.00 1 SMGR 685.88 0
BMRI 1.46 1 SMSM 1.64 1
DSNG 54.66 0.99 SSMS 33.31 1
EMTK 0.0022 1 UNTR 29.31 1
ICBP 8.83 1 UNVR 0.31 1
INCO 143.49 0.79

• Renewable Energy Usage

The renewable energy usage parameter is measured as the proportion of renewable
energy to the company’s total energy consumption (in percentage). This value represents
the company’s level of adoption and commitment to supporting the transition towards
clean energy. Data on the renewable energy usage were obtained from each company’s
2024 Sustainability Report. Subsequently, the membership degree for renewable energy
usage is calculated using the function specified in Equation (22) below:

µREM(𝓅i) =


0, REM𝓅i ≤ 10,

REM𝓅i−10
50−10 , 10 < REM𝓅i < 50,
1, REM𝓅i ≥ 50,

(22)

for each i = 1, 2, 3, . . . , 25. The 10–50% membership thresholds correspond to transition
benchmarks commonly used in sustainability reporting, where 10% reflects early-stage
adoption and 50% reflects substantial alignment with clean-energy commitments. These
thresholds are informed by the disclosure themes of GRI 302, although GRI does not
prescribe specific benchmark values. The membership degree representing each company’s
adoption of renewable energy, calculated from their usage data, is summarized in Table 10.

Table 10. Company Renewable Energy Usage and Membership Degrees.

Stock Renewable
Energy Usage

Membership
Degree Stock Renewable

Energy Usage
Membership

Degree

ANTM 3.34 0 INDF 54.70 1
ASII 43.97 0.85 INTP 18.53 0.21

AUTO 17.58 0.19 JSMR 49.17 0.98
AVIA 0.95 0 KLBF 3.63 0
BBCA 0.0003 0 MTEL 1.60 0
BBNI 0.01 0 PGEO 94.01 1
BBRI 0.00 0 SIDO 91.00 1
BBTN 0.02 0 SMGR 3.05 0
BMRI 0.00 0 SMSM 0.00 0
DSNG 63.60 1 SSMS 69.82 1
EMTK 0.00 0 UNTR 31.93 0.55
ICBP 31.70 0.54 UNVR 75.43 1
INCO 30.60 0.51

4.1.3. Social Aspects

Parameters in decision-making from the social aspect consist of employee safety per-
formance and community engagement. Employee safety performance reflects a company’s
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ability to protect its workforce from occupational hazards, aligning with GRI 403. Mean-
while, community involvement captures the extent to which a company contributes to
social development and maintains positive relations with local stakeholders, aligning with
GRI 413. Empirical evidence reinforces its importance, for example, Mwangangi et al. [53]
found that community-related Corporate Social Responsibility (CSR) activities have a
positive and significant impact on firm performance, indicating that stronger community
engagement enhances stakeholder trust and organizational value. Therefore, both pa-
rameters serve as essential indicators of a company’s social responsibility and long-term
sustainability performance.

• Employee Safety Performance

The weighting structure for employee safety performance is designed in line with the
proactive risk management principles of ISO 45001 [54]. Safety Reporting (35%) and Safety
Programs (30%) receive the largest portions as they form the foundation of prevention,
while Incident Management (25%), which is more reactive, is given a lower weight. Occupa-
tional Health and Safety (OHS) Certification (10%) serves as a basic assurance of the system,
making it the smallest yet still essential component. The score is based on information in
each company’s 2024 Sustainability Report. The overall score is calculated by assigning
proportional weights to these factors and is used immediately as the fuzzy membership
degree to display the firm’s overall employee safety performance. The resulting employee
safety performance scores are shown in Table 11.

Table 11. Company Employee Safety Performance Scores.

Stock Score Membership
Degree Stock Score Membership

Degree

ANTM 0.99 0.99 INDF 0.99 0.99
ASII 0.99 0.99 INTP 0.95 0.95

AUTO 0.83 0.83 JSMR 0.685 0.685
AVIA 0.76 0.76 KLBF 0.92 0.92
BBCA 0.31 0.31 MTEL 0.99 0.99
BBNI 0.24 0.24 PGEO 0.99 0.99
BBRI 0.12 0.12 SIDO 0.81 0.81
BBTN 0.345 0.345 SMGR 0.95 0.95
BMRI 0.12 0.12 SMSM 0.97 0.97
DSNG 0.97 0.97 SSMS 0.76 0.76
EMTK 0.81 0.81 UNTR 0.95 0.95
ICBP 0.81 0.81 UNVR 0.88 0.88
INCO 0.92 0.92

• Community Engagement

The measurement of the community engagement parameter is based on the princi-
ples outlined in the Global Reporting Initiative (GRI 413), which emphasizes community
involvement, local development, and transparency. Based on these themes, this assess-
ment uses a weighted composite index consisting of four parts: CSR Programs (35%),
Local Stakeholder Engagement (30%), Local Economic Development (25%), and Reporting
Transparency (10%). The weight assigned to each component reflects strategic priorities.
CSR Programs receive the highest weight because they reflect the company’s most direct
contributions to social welfare. Local Stakeholder Engagement is also strongly weighted
to highlight the value of meaningful collaboration with surrounding communities. Lo-
cal Economic Development contributes to local job creation, even indirectly. Reporting
Transparency, though weighted lower, remains essential for ensuring accountability and
building trust. The score is based on information in each company’s 2024 Sustainability
Report. The overall score is calculated by assigning proportional weights to these factors
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and is used immediately as the fuzzy membership degree to display the firm’s overall
community engagement. Community engagement scores are illustrated in Table 12.

Table 12. Company Community Engagement Scores.

Stock Score Membership
Degree Stock Score Membership

Degree

ANTM 0.99 0.99 INDF 0.99 0.99
ASII 0.98 0.98 INTP 0.99 0.99

AUTO 0.70 0.70 JSMR 0.79 0.79
AVIA 0.70 0.70 KLBF 0.91 0.91
BBCA 0.91 0.91 MTEL 0.84 0.84
BBNI 0.75 0.75 PGEO 0.99 0.99
BBRI 0.84 0.84 SIDO 0.91 0.91
BBTN 0.70 0.70 SMGR 0.94 0.94
BMRI 0.75 0.75 SMSM 0.70 0.70
DSNG 0.97 0.97 SSMS 0.84 0.84
EMTK 0.70 0.70 UNTR 0.91 0.91
ICBP 0.84 0.84 UNVR 0.95 0.95
INCO 0.99 0.99

4.1.4. Governance Aspects

The ESG score reflects the parameters for decision-making from a governance perspec-
tive. According to Indrawan et al. [49], ESG performance is substantial enough to contribute
to company value, meaning that with better governance practices embodied in the ESG
assessment, there is significant improvement in investor confidence and a reduction in
organizational risk. Thus, the ESG Risk Score becomes an appropriate and representative
indicator of governance performance in sustainable investment decision-making.

• ESG Risk Score

The data used consists of ESG risk scores obtained from the official IDX website,
accessed on 26 August 2025. Morningstar Sustainalytics conducted the ESG assessment.
This institution assesses ESG risk using a risk decomposition approach, which evaluates
companies based on two primary dimensions of ESG issues: exposure and management.
Exposure represents the material ESG risks a company encounters, directly affecting its
overall ESG risk rating. Management indicates the company’s commitment and concrete
efforts to address ESG-related challenges through various corporate policies and programs.
Based on the calculated ESG risk scores, companies are classified into five categories, as
shown in Table 13.

Table 13. Risk Score Categories.

Risk Score Category Description

0–10 Negligible Considered to have a negligible level of ESG risk.
10–20 Low Considered to have a low level of ESG risk.
20–30 Medium Considered to have a moderate level of ESG risk.
30–40 High Considered to have a high level of ESG risk.
>40 Severe Considered to have a severe level of ESG risk.

The higher the ESG risk level, the lower the firm value in the eyes of investors.
Conversely, good ESG performance with a low ESG risk level tends to enhance the firm’s
value. Subsequently, the membership degree of the ESG risk score is calculated using the
function presented in Equation (23):

µESG(𝓅i) = 1 − ESG𝓅i

100
, i = 1, 2, 3, . . . , 25, (23)



Mathematics 2025, 13, 3952 18 of 35

which is used to convert the ESG risk score (where a lower value is better) into an ESG per-
formance score (where a higher value is better). The conversion methodology is grounded
in the investment principle that superior ESG performance positively influences corporate
valuation. A complete listing of the ESG scores and their corresponding membership
degrees can be found in Table 14.

Table 14. Company ESG Risk Score and Membership Degrees.

Stock ESG Score Membership
Degree Stock ESG Score Membership

Degree

ANTM 33.04 0.67 INDF 33.49 0.67
ASII 34.07 0.66 INTP 27.27 0.73

AUTO 26.54 0.73 JSMR 10.73 0.89
AVIA 21.26 0.79 KLBF 31.41 0.69
BBCA 21.44 0.79 MTEL 19.32 0.81
BBNI 21.34 0.79 PGEO 7.11 0.93
BBRI 21.43 0.79 SIDO 21.58 0.78
BBTN 28.02 0.72 SMGR 25.33 0.75
BMRI 9.84 0.90 SMSM 19.6 0.80
DSNG 11.3 0.89 SSMS 33.3 0.67
EMTK 14.17 0.86 UNTR 41.94 0.58
ICBP 32.99 0.67 UNVR 18.21 0.82
INCO 28.61 0.71

4.2. The CRITIC–WFSS Algorithm

Before constructing the CRITIC–WFSS algorithm, several definitions are introduced to
establish the mathematical foundation of the model.

Definition 5. Let U = {𝓊i|i = 1, 2, 3, . . . , m} be the universal set and E =
{
ℯj
∣∣j = 1, 2, 3, . . . , n

}
the parameter set. Let D =

[
dij

]
m×n be the decision matrix, where dij denotes the performance rat-

ing of alternative 𝓊i with respect to criterion ℯj. The vector 𝓌CRITIC =
{

wj
∣∣j = 1, 2, 3, . . . , n

}
is

the CRITIC weight vector for the criteria set E , where each wj ∈ [0, 1] and ∑n
j=1 wj = 1. These

weights are derived by applying the CRITIC method to the matrix D.

Definition 6. Let U = {𝓊i|i = 1, 2, 3, . . . , m} be the universal set, E =
{
ℯj
∣∣j = 1, 2, 3, . . . , n

}
the

parameter set, and 𝓌CRITIC =
{

wj
∣∣j = 1, 2, 3, . . . , n

}
be the CRITIC weight vector with re-

spect to E . A CRITIC-WFSS is defined as a triple (F , E ,𝓌CRITIC), where (F , E) is an FSS
over U , and wj = 𝓌CRITIC

(
ℯj
)

for each ℯj ∈ E . Furthermore, (F , E ,𝓌CRITIC) is given as in
Equation (24).

(F , E ,𝓌CRITIC) =
{(

ℯj,
{(

𝓊i, µj(𝓊i)
)}

, wj
)
, ∀i, j

}
, (24)

where µj(𝓊i) is the membership degree of alternative 𝓊i in criterion ℯj.

Definition 7. Let A = (F , E ,𝓌CRITIC) be the CRITIC-WFSS over U and α : E → [0, 1] is a
function that assigns a threshold αj = α

(
ℯj
)

for each ℯj ∈ E . The level soft set of A with respect
to α is the crisp soft set L(A, α) = (Fα, E ,𝓌CRITIC), defined by Equation (25).

L(A, α) =
{(

ℯj,
{
𝓊i ∈ U | µj(𝓊i) ≥ αj, ∀𝓊i ∈ U

}
, wj

)}
. (25)

The CRITIC–WFSS algorithm was developed through three main steps as presented
in Algorithm 3.
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Algorithm 3. CRITIC-WFSS Algorithm

Step 1. Determining Weights using the CRITIC Method
Input: U = {𝓊1, 𝓊2, 𝓊3, . . . , 𝓊m} and E = {ℯ1, ℯ2, ℯ3, . . . , ℯn}.
Process This step implements the CRITIC concept described in Section 2.1 through six
technical steps, i.e.,:

(1) Construct an m × n decision matrix;
(2) Normalize the matrix using the benefit and cost criteria approaches as expressed in

Equations (2) and (3);
(3) Calculate the standard deviation of each parameter using Equation (6);
(4) Construct the correlation matrix between parameters;
(5) Determine the H-index for each parameter using Equation (8); and
(6) Calculate the objective weights using Equation (9).

Output: weight vector 𝓌CRITIC = {w1, w2, w3, . . . , wn}.

Step 2. Implementation of the CRITIC-WFSS Model
Input: U = {𝓊1, 𝓊2, 𝓊3, . . . , 𝓊m}, E = {ℯ1, ℯ2, ℯ3, . . . , ℯn}, and
𝓌CRITIC = {w1, w2, w3, . . . , wn}.
Process:

(7) Construct the mapping F : E → F(U ) , where F(U ) denotes the set of all fuzzy
subsets of U ;

(8) Construct the FSS (F , E) =
{(

ℯj,
{(

𝓊i, µj(𝓊i)
)})

, ∀i, j
}

;
(9) Construct the triple T = (F , E ,𝓌CRITIC), with 𝓌CRITIC : E → [0, 1] is the weight

function obtained from the CRITIC method as defined in Equation (24).

Output: The WFSS model T .

Step 3. Alternative Evaluation and Ranking
Input: The WFSS model T and a threshold fuzzy set α = {α1, α2, α3, . . . , αn}.
Process:

(10) Construct the L(T , α) as a level soft set of T with respect to α based on
Equation (25), and present it in tabular form;

(11) Calculate the weighted choice value cv(𝓊i) for each alternative i;
(12) Rank all alternatives by sorting their weighted choice values cv(𝓊i) in descending

order. The alternative that achieves the highest score is identified as the
optimal choice.

(13) If multiple alternatives tie for the highest score, any one of them may be selected as
the final decision.

Output: A ranked list of alternatives 𝓊i and a final recommendation.

4.3. Application of CRITIC–WFSS Algorithm

Let the universal set 𝓅 = {𝓅i|i = 1, 2, 3, . . . , 25}, represent the 25 environmentally
friendly stocks comprising the SRI-KEHATI index, where 𝓅i, i = 1, 2, 3, . . . , 25, respectively,
indicate ANTM (𝓅1), ASII (𝓅2), AUTO (𝓅3), AVIA (𝓅4), BBCA (𝓅5), BBNI (𝓅6), BBRI
(𝓅7), BBTN (𝓅8), BMRI (𝓅9), DSNG (𝓅10), EMTK (𝓅11), ICBP (𝓅12), INCO (𝓅13), INDF
(𝓅14), INTP (𝓅15), JSMR (𝓅16), KLBF (𝓅17), MTEL (𝓅18), PGEO (𝓅19), SIDO (𝓅20), SMGR
(𝓅21), SMSM (𝓅22), SSMS (𝓅23), UNTR (𝓅24), and UNVR (𝓅25). Furthermore, a set of
parameters E =

{
ℯj
∣∣j = 1, 2, 3, . . . , 7

}
, is defined, representing seven criteria for assessing

environmentally friendly stocks, namely:
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• ℯ1: ROE.
• ℯ2: Revenue Growth Stability.
• ℯ3: Carbon Intensity (ton CO2/Rp billion revenue).
• ℯ4: Renewable Energy Usage.
• ℯ5: Employee Safety Performance.
• ℯ6: Community Engagement.
• ℯ7: ESG Risk Score.

Step 1: To obtain the weight of each parameter, this study uses the CRITIC method.
The calculation steps can be explained as follows.

(1) Construction of the decision matrix

The decision matrix was compiled by quantitatively evaluating the seven parameters,
as detailed in Section 4.1. The resulting matrix is presented in Table 15.

Table 15. Decision Matrix for Sustainable Stock Investment.

Stock ℯ1 ℯ2 ℯ3 ℯ4 ℯ5 ℯ6 ℯ7

𝓅1 11.96 0.335 19.11 3.34 0.99 0.99 33.04
𝓅2 15.99 0.154 13.53 43.97 0.99 0.98 34.07
𝓅3 14.00 0.139 7.20 17.58 0.83 0.70 26.54
𝓅4 17.27 0.082 1.51 0.95 0.76 0.70 21.26
𝓅5 24.60 0.047 1.33 0.0003 0.31 0.91 21.44
𝓅6 14.20 0.056 2.89 0.01 0.24 0.75 21.34
𝓅7 19.01 0.045 2.18 0 0.12 0.84 21.43
𝓅8 10.76 0.063 2.00 0.02 0.345 0.70 28.02
𝓅9 24.19 0.050 1.46 0 0.12 0.75 9.84
𝓅10 11.53 0.161 54.66 63.60 0.97 0.97 11.3
𝓅11 3.71 0.235 0.0022 0 0.81 0.70 14.17
𝓅12 13.60 0.077 8.83 31.70 0.81 0.84 32.99
𝓅13 2.12 0.223 143.49 30.60 0.92 0.99 28.61
𝓅14 12.50 0.093 19.50 54.70 0.99 0.99 33.49
𝓅15 9.30 0.038 702.46 18.53 0.95 0.99 27.27
𝓅16 7.90 0.043 4.52 49.17 0.685 0.79 10.73
𝓅17 13.18 0.037 3.15 3.63 0.92 0.91 31.41
𝓅18 6.31 0.025 5.87 1.60 0.99 0.84 19.32
𝓅19 7.98 0.023 31.23 94.01 0.99 0.99 7.11
𝓅20 33.57 0.130 3.14 91.00 0.81 0.91 21.58
𝓅21 1.64 0.057 685.88 3.05 0.95 0.94 25.33
𝓅22 28.47 0.127 1.64 0 0.97 0.70 19.6
𝓅23 29.23 0.215 33.31 69.82 0.76 0.84 33.3
𝓅24 21.40 0.247 29.31 31.93 0.95 0.91 41.94
𝓅25 121.80 0.061 0.31 75.43 0.88 0.95 18.21

(2) Construction of the normalized decision matrix

After constructing the decision matrix, the next step is normalization to equalize the
measurement scales among parameters, ensuring that all values fall within the same range,
i.e., between zero and one. This process is carried out under the following conditions:

• For parameters ℯ1, ℯ4, ℯ5, and ℯ6, the benefit criteria, as defined in Equation (2), are
applied, indicating that a higher value represents better performance; and

• For parameters e2, e3, and e7, the cost criteria, as defined in Equation (3), are applied,
indicating that a smaller value represents better performance.

Previously, the minimum and maximum parameter values obtained from the calcula-
tion results of the 25 companies are presented in Table 16, and were used as the basis for
the normalization process.



Mathematics 2025, 13, 3952 21 of 35

Table 16. Minimum and Maximum Values for Each Parameter.

ℯ1 ℯ2 ℯ3 ℯ4 ℯ5 ℯ6 ℯ7

Min 1.64 0.023 0 0 0.12 0.70 7.11
Max 121.80 0.335 702.46 94.01 0.99 0.99 41.94

Table 17 presents the normalized decision matrix for the seven parameters.

Table 17. Normalized Decision Matrix for the Seven Parameters.

Stock ℯ1 ℯ2 ℯ3 ℯ4 ℯ5 ℯ6 ℯ7

𝓅1 0.0859 0 0.9728 0.0356 1 1 0.256
𝓅2 0.1195 0.5802 0.9807 0.4678 1 0.9655 0.226
𝓅3 0.1029 0.6266 0.9898 0.1870 0.8161 0 0.442
𝓅4 0.1301 0.8110 0.9979 0.0101 0.7356 0 0.594
𝓅5 0.1911 0.9214 0.9981 0 0.2184 0.7241 0.589
𝓅6 0.1045 0.8927 0.9959 0.0001 0.1379 0.1724 0.591
𝓅7 0.1446 0.9281 0.9969 0 0 0.4828 0.589
𝓅8 0.0759 0.8705 0.9972 0.0002 0.2586 0 0.400
𝓅9 0.1877 0.9123 0.9979 0 0 0.1724 0.922
𝓅10 0.0823 0.5560 0.9222 0.6765 0.9770 0.9310 0.880
𝓅11 0.0172 0.3191 1 0 0.7931 0 0.797
𝓅12 0.0995 0.8264 0.9874 0.3372 0.7931 0.4828 0.257
𝓅13 0.0040 0.3585 0.7957 0.3255 0.9195 1 0.383
𝓅14 0.0904 0.7749 0.9722 0.5819 1 1 0.243
𝓅15 0.0637 0.9525 0 0.1971 0.9540 1 0.421
𝓅16 0.0521 0.9363 0.9936 0.5231 0.6494 0.3103 0.896
𝓅17 0.0960 0.9559 0.9955 0.0386 0.9195 0.7241 0.302
𝓅18 0.0389 0.9939 0.9916 0.0170 1 0.4828 0.649
𝓅19 0.0528 1 0.9555 1 1 1 1
𝓅20 0.2658 0.6564 0.9955 0.9680 0.7931 0.7241 0.585
𝓅21 0 0.8913 0.0236 0.0325 0.9540 0.8276 0.477
𝓅22 0.2233 0.6658 0.9977 0 0.9770 0 0.641
𝓅23 0.2296 0.3821 0.9526 0.7427 0.7356 0.4828 0.248
𝓅24 0.1644 0.2804 0.9583 0.3396 0.9540 0.7241 0
𝓅25 1 0.8778 0.9996 0.8023 0.8736 0.8621 0.681

As an illustration of the normalization process, the following section presents the
calculations for the benefit criterion (ℯ1) and the cost criterion (ℯ2) for companies 𝓅1

and 𝓅2.

• Parameter ℯ1 (benefit criterion)

r(𝓅1, ℯ1)
= x11−min1

max1−min1
= 11.96−1.64

121.80−1.64 = 10.32
120.16 ≈ 0.0859,

r(𝓅2, ℯ1)
= x21−min1

max1−min1
= 15.99−1.64

121.80−1.64 = 14.35
120.16 ≈ 0.1195.

(26)

• Parameter e2 (cost criterion)

r(𝓅1, ℯ2)
= max2−x12

max2−min2
= 0.335−0.335

0.335−0.023 = 0
0.312 = 0,

r(𝓅2, ℯ2)
= max2−x22

max2−min2
= 0.335−0.154

0.335−0.023 = 0.181
0.312 ≈ 0.5802.

(27)

The entry r(𝓅i , ℯj)
is denoted nij, ∀i, j, corresponding to the element in row i, column j

of the normalized matrix in Table 17.
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(3) Calculation of the standard deviation for each parameter

The standard deviation is calculated to measure the variability of the normalized scores
for each parameter. This calculation begins by computing the mean nj for each parameter
j in the normalized data in Table 17. Next, the standard deviation σj is calculated using
Equation (6). A higher standard deviation indicates that the parameter has greater power
to discriminate between various stock alternatives. The means and standard deviations
calculated for each of the seven parameters are presented in Table 18.

Table 18. Mean and Standard Deviation of Each Parameter.

ℯ1 ℯ2 ℯ3 ℯ4 ℯ5 ℯ6 ℯ7

Mean 0.1449 0.7188 0.8987 0.2913 0.7384 0.5628 0.5227
Standard Deviation 0.18755 0.26377 0.2648 0.32939 0.32582 0.37391 0.25029

(4) Creation of correlation matrix

A correlation matrix was constructed at this step to measure the linear association
between parameters using Equation (7). The resulting matrix is presented in Table 19.

Table 19. Correlation Coefficients.

ℯ1 ℯ2 ℯ3 ℯ4 ℯ5 ℯ6 ℯ7

ℯ1 1 0.08812 0.21016 0.35638 −0.0287 0.08318 0.07977
ℯ2 0.08812 1 −0.1609 −0.0628 −0.3484 −0.1232 0.41573
ℯ3 0.21016 −0.1609 1 0.11699 −0.24 −0.345 0.10942
ℯ4 0.35638 −0.0628 0.11699 1 0.38975 0.48988 0.11204
ℯ5 −0.0287 −0.3484 −0.24 0.38975 1 0.47221 −0.2612
ℯ6 0.08318 −0.1232 −0.345 0.48988 0.47221 1 −0.2496
ℯ7 0.07977 0.41573 0.10942 0.11204 −0.2612 −0.2496 1

(5) Calculation of H index

The H-index for each parameter was calculated using Equation (8), based on the
correlation matrix presented in Table 19. Prior to this calculation, the dissimilarity between
parameters was computed as 1 − rkl , where rkl denotes an element of the correlation matrix
for each k, l = 1, 2, . . . , 7. These dissimilarity values are presented in Table 20.

Table 20. Inter-Parameter Dissimilarity Matrix.

ℯ1 ℯ2 ℯ3 ℯ4 ℯ5 ℯ6 ℯ7

ℯ1 0 0.91188 0.78984 0.64362 1.02867 0.91682 0.92023
ℯ2 0.91188 0 1.16095 1.06283 1.34842 1.12325 0.58427
ℯ3 0.78984 1.16095 0 0.88301 1.24005 1.345 0.89058
ℯ4 0.64362 1.06283 0.88301 0 0.61025 0.51012 0.88796
ℯ5 1.02867 1.34842 1.24005 0.61025 0 0.52779 1.2612
ℯ6 0.91682 1.12325 1.345 0.51012 0.52779 0 1.24957
ℯ7 0.92023 0.58427 0.89058 0.88796 1.2612 1.24957 0

Sum 5.21106 6.1916 6.30943 4.59779 6.01638 5.67256 5.79382

The H-index calculation for each parameter is presented in Equation (28).
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H1 = σ1
7
∑

k=1
(1 − r1l) = 0.18755 × 5.21106 ≈ 0.97735,

H2 = σ2
7
∑

l=1
(1 − r2l) = 0.26377 × 6.1916 ≈ 1.63316,

H3 = σ3
7
∑

l=1
(1 − r3l) = 0.2648 × 6.30943 ≈ 1.67077,

H4 = σ4
7
∑

l=1
(1 − r4l) = 0.32939 × 4.59779 ≈ 1.51445,

H5 = σ5
7
∑

l=1
(1 − r5l) = 0.32582 × 6.01638 ≈ 1.96027,

H6 = σ6
7
∑

l=1
(1 − r6l) = 0.37391 × 5.67256 ≈ 2.12101,

H7 = σ7
7
∑

l=1
(1 − r7l) = 0.25029 × 5.79382 ≈ 1.45016,

(28)

where σj is the standard deviations of ℯj, for each j = 1, 2, 3, . . . , 7, taken from Table 18.
The values ∑7

l=1(1 − rkl) represent the total dissimilarity of ℯk with all other parameters, as
provided in Table 20. Next, the H-index values for each parameter are shown in Table 21.

Table 21. The H index.

Parameter ℯ1 ℯ2 ℯ3 ℯ4 ℯ5 ℯ6 ℯ7 Sum

H-Index 0.97735 1.63316 1.67077 1.51445 1.96027 2.12101 1.45016 11.3272

(6) Calculation of the final weight

After obtaining Hj, for each j = 1, 2, 3, . . . , 7, the final parameter weights are de-
termined. These weights are calculated by normalizing each Hj value against the total
∑7

k=1 Hk, as shown in Equation (9). This process yields an objective weight wj for each
parameter, representing its relative importance. The calculated weights are as follows:

w1 = H1
∑7

k=1 Hk
= 0.97735

11.3272 ≈ 0.0863,

w2 = H2
∑7

k=1 Hk
= 1.63316

11.3272 ≈ 0.1442,

w3 = H3
∑7

k=1 Hk
= 1.67077

11.3272 ≈ 0.1475,

w4 = H4
∑7

k=1 Hk
= 1.51445

11.3272 ≈ 0.1337,

w5 = H5
∑7

k=1 Hk
= 1.96027

11.3272 ≈ 0.1731,

w6 = H6
∑7

k=1 Hk
= 2.12101

11.3272 ≈ 0.1873,

w7 = H7
∑7

k=1 Hk
= 1.45016

11.3272 ≈ 0.1280.

(29)

Table 22 presents the final parameter weights.
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Table 22. The Final Parameter Weights.

Parameter ℯ1 ℯ2 ℯ3 ℯ4 ℯ5 ℯ6 ℯ7 Sum

Weight
(𝓌CRITIC) 0.0863 0.1442 0.1475 0.1337 0.1731 0.1873 0.1280 1

Step 2: An FSS (F , E) is defined as a mapping F : E → F(𝓅) , where F(𝓅) denotes the
collection of all fuzzy subsets of 𝓅. For each parameter ℯj ∈ E , F

(
ℯj
)

corresponds to the
fuzzy set of stock alternatives satisfying criterion ℯj. This is characterized by a membership
degree µij ∈ [0, 1], which indicates the extent to which stock 𝓅i fulfills parameter ℯj, with
i = 1, 2, . . . , 25 and j = 1, 2, . . . , 7. The membership degrees for each parameter were
determined based on the criteria fulfillment detailed in Section 4.1. This FSS (F , E) can be
represented in tabular form, as shown in Table 23.

Table 23. Tabular Representation of the FSS (F , E).

Stock ℯ1 ℯ2 ℯ3 ℯ4 ℯ5 ℯ6 ℯ7

𝓅1 0.40 0 1 0 0.99 0.99 0.67
𝓅2 0.53 0.58 1 0.85 0.99 0.98 0.66
𝓅3 0.47 0.63 1 0.19 0.83 0.7 0.73
𝓅4 0.58 0.81 1 0 0.76 0.7 0.79
𝓅5 0.82 0.92 1 0 0.31 0.91 0.79
𝓅6 0.47 0.89 1 0 0.24 0.75 0.79
𝓅7 0.63 0.93 1 0 0.12 0.84 0.79
𝓅8 0.36 0.87 1 0 0.345 0.7 0.72
𝓅9 0.81 0.91 1 0 0.12 0.75 0.90
𝓅10 0.38 0.56 0.99 1 0.97 0.97 0.89
𝓅11 0.12 0.32 1 0 0.81 0.7 0.86
𝓅12 0.45 0.83 1 0.54 0.81 0.84 0.67
𝓅13 0.07 0.36 0.79 0.51 0.92 0.99 0.71
𝓅14 0.42 0.77 1 1 0.99 0.99 0.67
𝓅15 0.31 0.95 0 0.21 0.95 0.99 0.73
𝓅16 0.26 0.94 1 0.98 0.685 0.79 0.89
𝓅17 0.44 0.96 1 0 0.92 0.91 0.69
𝓅18 0.21 0.99 1 0 0.99 0.84 0.81
𝓅19 0.27 1 1 1 0.99 0.99 0.93
𝓅20 1 0.66 1 1 0.81 0.91 0.78
𝓅21 0.05 0.89 0 0 0.95 0.94 0.75
𝓅22 0.95 0.67 1 0 0.97 0.7 0.80
𝓅23 0.97 0.38 1 1 0.76 0.84 0.67
𝓅24 0.71 0.28 1 0.55 0.95 0.91 0.58
𝓅25 1 0.88 1 1 0.88 0.95 0.82

By integrating the objective weights from Table 21, the CRITIC-WFSS (F , E ,𝓌CRITIC)

was constructed, as shown in Table 24.
Step 3. Differential threshold values (α) were established for each parameter, consider-

ing the distinct characteristics of each evaluation aspect. For the profitability dimension,
ROE was assigned a threshold of α1 = 0.4 (≈ 12% ROE) as a baseline for adequate
returns, while revenue growth stability received a higher threshold (α2 = 0.6) to prioritize
firms exhibiting consistent long-term expansion. Within the environmental dimension, the
carbon-emission intensity adopted a stringent threshold (α3 = 0.7) to reflect the critical
importance of carbon management in sustainable investing, while renewable energy usage
adopted a moderate threshold (α4 = 0.6) to balance meaningful transition efforts and
practical sectoral constraints. Employee safety carried a stringent requirement (α5 = 0.8),



Mathematics 2025, 13, 3952 25 of 35

consistent with a zero-tolerance approach to workplace safety in sustainable investing,
while community engagement used a moderate threshold (α6 = 0.5) to recognize compa-
nies making basic efforts in community relations while allowing differentiation for those
with more substantial programs. The ESG risk threshold was set at α7 = 0.8 to ensure only
companies with superior ESG risk management (low or negligible risk scores) qualify as
viable sustainable investments. Subsequently, the level soft set L((F , E ,𝓌CRITIC), α) was
constructed. Then, the weighted choice value cv(𝓅i) for each alternative i was computed
using Equation (19), as shown in Table 25.

Table 24. Tabular Representation of the CRITIC-WFSS (F , E ,𝓌CRITIC).

Stock
ℯ1, ℯ2, ℯ3, ℯ4, ℯ5, ℯ6, ℯ7,

w1=0.0863 w2=0.1442 w3=0.1475 w4=0.1337 w5=0.1731 w6=0.1873 w7=0.1280

𝓅1 0.40 0 1 0 0.99 0.99 0.67
𝓅2 0.53 0.58 1 0.85 0.99 0.98 0.66
𝓅3 0.47 0.63 1 0.19 0.83 0.7 0.73
𝓅4 0.58 0.81 1 0 0.76 0.7 0.79
𝓅5 0.82 0.92 1 0 0.31 0.91 0.79
𝓅6 0.47 0.89 1 0 0.24 0.75 0.79
𝓅7 0.63 0.93 1 0 0.12 0.84 0.79
𝓅8 0.36 0.87 1 0 0.345 0.7 0.72
𝓅9 0.81 0.91 1 0 0.12 0.75 0.90
𝓅10 0.38 0.56 0.99 1 0.97 0.97 0.89
𝓅11 0.12 0.32 1 0 0.81 0.7 0.86
𝓅12 0.45 0.83 1 0.54 0.81 0.84 0.67
𝓅13 0.07 0.36 0.79 0.51 0.92 0.99 0.71
𝓅14 0.42 0.77 1 1 0.99 0.99 0.67
𝓅15 0.31 0.95 0 0.21 0.95 0.99 0.73
𝓅16 0.26 0.94 1 0.98 0.685 0.79 0.89
𝓅17 0.44 0.96 1 0 0.92 0.91 0.69
𝓅18 0.21 0.99 1 0 0.99 0.84 0.81
𝓅19 0.27 1 1 1 0.99 0.99 0.93
𝓅20 1 0.66 1 1 0.81 0.91 0.78
𝓅21 0.05 0.89 0 0 0.95 0.94 0.75
𝓅22 0.95 0.67 1 0 0.97 0.7 0.80
𝓅23 0.97 0.38 1 1 0.76 0.84 0.67
𝓅24 0.71 0.28 1 0.55 0.95 0.91 0.58
𝓅25 1 0.88 1 1 0.88 0.95 0.82

Table 25 shows that UNVR obtained the highest weighted choice value of 1, indicating
the best performance among all alternatives evaluated. Thus, this company can be consid-
ered the optimal investment option based on the integration of the CRITIC–WFSS method,
as it successfully meets all financial and sustainability criteria with high consistency.

Figure 1 shows the weighted choice value of the 25 stocks evaluated. Based on the
analysis, there is significant variation in performance across companies. In general, the
weighted scores range from 0.45 to 1.00, indicating variations in company performance
across a combination of financial and sustainability (ESG) aspects. There are no compa-
nies with extremely low scores (close to 0), indicating that all alternatives have a basic
level of feasibility and can be considered sustainable investments. UNVR achieved the
highest ranking with a perfect weighted choice value of 1, indicating that the company
demonstrates optimal consistency in meeting all evaluation criteria, encompassing both
sustainability and financial performance. Several other firms, such as SIDO and INDF, also
performed well with scores above 0.85, suggesting that they have successfully maintained
a balanced approach between financial growth and sustainable practices.
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Table 25. Tabular Representation of the Level Soft Set L((F , E ,𝓌CRITIC), α).

Stock
ℯ1, ℯ2, ℯ3, ℯ4, ℯ5, ℯ6, ℯ7, cv(𝓅i)0.0863 0.1442 0.1475 0.1337 0.1731 0.1873 0.1280

𝓅1 1 0 1 0 1 1 0 0.594
𝓅2 1 0 1 1 1 1 0 0.728
𝓅3 1 1 1 0 1 1 0 0.738
𝓅4 1 1 1 0 0 1 0 0.565
𝓅5 1 1 1 0 0 1 0 0.565
𝓅6 1 1 1 0 0 1 0 0.565
𝓅7 1 1 1 0 0 1 0 0.565
𝓅8 0 1 1 0 0 1 0 0.479
𝓅9 1 1 1 0 0 1 1 0.693
𝓅10 0 0 1 1 1 1 1 0.770
𝓅11 0 0 1 0 1 1 1 0.636
𝓅12 1 1 1 0 1 1 0 0.738
𝓅13 0 0 1 0 1 1 0 0.508
𝓅14 1 1 1 1 1 1 0 0.872
𝓅15 0 1 0 0 1 1 0 0.505
𝓅16 0 1 1 1 0 1 1 0.741
𝓅17 1 1 1 0 1 1 0 0.738
𝓅18 0 1 1 0 1 1 1 0.780
𝓅19 0 1 1 1 1 1 1 0.914
𝓅20 1 1 1 1 1 1 0 0.872
𝓅21 0 1 0 0 1 1 0 0.505
𝓅22 1 1 1 0 1 1 1 0.866
𝓅23 1 0 1 1 0 1 0 0.555
𝓅24 1 0 1 0 1 1 0 0.594
𝓅25 1 1 1 1 1 1 1 1.000

Figure 1. Weighted Choice Value of Companies Based on the CRITIC–WFSS Model.

In contrast, companies such as BBTN, INCO, and INTP obtained relatively lower
scores below 0.55, implying the need for improvement in specific areas, particularly envi-
ronmental efficiency and financial stability. The overall pattern demonstrates that strong
sustainability integration is not limited to specific sectors; rather, it depends on how effec-
tively each firm implements environmental, social, and governance (ESG) principles. Thus,
the CRITIC–WFSS model successfully identifies companies that exhibit a well-rounded per-
formance profile and highlights those requiring further strategic improvement to enhance
their sustainable investment potential.
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Based on these final results, investors can consider UNVR for invest, given its stable
financial performance and strong commitment to sustainability. Other stocks, such as
PGEO, SIDO, INDF, and SMSM, can also be considered among the top five based on this
model’s assessment.

4.4. Comparative Study

To validate the effectiveness of the CRITIC-WFSS model, it was compared against
other methodological approaches: the AHP-WFSS (Algorithm 2 with subjective weighting
integration based on the AHP method [55]), and Entropy-WFSS (Algorithm 2 with objective
weighting based on the entropy framework [56]). These two models were selected as
benchmarks because they represent two fundamentally different weighting paradigms,
subjective expert judgment (AHP) and objective data-driven variation (entropy). By com-
paring CRITIC-WFSS against both, the evaluation ensures the proposed model is tested
with a range of weightings.

The AHP-WFSS and Entropy-WFSS models use the same dataset as the proposed
model (see Table 25), but apply different weights determined by AHP and Entropy, respec-
tively. The results of the comparative study, including the weighted choice value (cv(𝓅i))
and the corresponding ranking for each stock alternative, are presented systematically in
Table 26.

Table 26. Comparison of scores and rankings of alternatives by different ranking methods.

Stock
AHP-WFSS Entropy-WFSS CRITIC-WFSS

cv(𝓅i) Rank cv(𝓅i) Rank cv(𝓅i) Rank

𝓅1 0.732 12 0.529 14 0.594 21
𝓅2 0.903 5 0.886 4 0.728 12
𝓅3 0.780 8 0.576 10 0.738 9
𝓅4 0.578 19 0.500 16 0.565 16
𝓅5 0.578 19 0.500 16 0.565 16
𝓅6 0.578 19 0.500 16 0.565 16
𝓅7 0.578 19 0.500 16 0.565 16
𝓅8 0.500 23 0.247 25 0.479 25
𝓅9 0.626 18 0.568 13 0.693 13
𝓅10 0.873 6 0.700 7 0.77 7
𝓅11 0.701 16 0.344 21 0.636 14
𝓅12 0.780 8 0.576 10 0.738 9
𝓅13 0.653 17 0.276 24 0.508 21
𝓅14 0.952 2 0.932 2 0.872 3
𝓅15 0.416 24 0.283 22 0.505 23
𝓅16 0.720 14 0.671 8 0.741 8
𝓅17 0.780 8 0.576 10 0.738 9
𝓅18 0.750 11 0.391 20 0.78 6
𝓅19 0.922 4 0.747 6 0.914 2
𝓅20 0.952 2 0.932 2 0.872 3
𝓅21 0.416 24 0.283 22 0.505 23
𝓅22 0.828 7 0.644 9 0.866 5
𝓅23 0.702 15 0.810 5 0.555 20
𝓅24 0.732 12 0.529 14 0.594 15
𝓅25 1 1 1 1 1 1

Furthermore, a visual summary of the score distribution across the three models is
shown in Figure 2.
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Figure 2. Comparative Rankings of 25 Stocks using Different Models.

Table 26 and Figure 2 illustrate the score and ranking comparisons for 25 stocks based
on the AHP-WFSS, Entropy-WFSS, and CRITIC-WFSS methods. The results clearly show
variations in the score patterns across the three models, indicating differences in how each
method interprets and weights the evaluation criteria. UNVR consistently ranks at the top
across all three methods, demonstrating strong, stable performance in both financial and
sustainability aspects. This persistent dominance across different weighting approaches
underscores the company’s robust and balanced performance. Similarly, INDF and SIDO
maintain strong positions with scores above 0.87 in all methodologies, indicating their
stable performance profiles. In contrast, stocks such as BBTN, INTP, and SMGR remain in
lower positions across the three methods, indicating consistently weaker performance in
both financial and ESG aspects. This reinforces the proposed model’s validity in identifying
truly superior performers.

While all three methods consistently identify the same top-tier and bottom-tier per-
formers, CRITIC-WFSS offers a more comprehensive and balanced approach. Unlike
AHP-WFSS, which relies on subjective expert judgments and tends to produce compressed
score distributions, and Entropy-WFSS, which is overly sensitive to raw data dispersion
resulting in extreme score variations, CRITIC-WFSS successfully integrates two key evalua-
tion aspects: contrast intensity and conflict relationships between criteria.

This advantage is reflected in its ability to capture more nuanced performance profiles,
as demonstrated by the case of MTEL, whose performance is better accommodated in
CRITIC-WFSS because this method can consider inter-criteria interdependencies unde-
tected by other approaches. Furthermore, CRITIC-WFSS produces more measured and less
extreme score distributions compared to Entropy-WFSS, while providing better differenti-
ation than AHP-WFSS for mid-category stocks. Thus, CRITIC-WFSS not only maintains
consistency in identifying superior performance but also offers a more robust and compre-
hensive evaluation framework for sustainable investment decision-making that considers
the complex relationships between various financial and ESG criteria.

To quantitatively validate ranking consistency and provide robust statistical evidence,
Spearman’s rank correlation analysis was conducted using the standard formula as pre-
sented in [57].

The Spearman’s rank correlation analysis in Table 27 shows strong positive correlations
among all model pairs, indicating a fundamental consensus in the overall stock rankings.
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The highest correlation (ρ = 0.875) between AHP-WFSS and CRITIC-WFSS demonstrates
that the proposed objective method closely aligns with the subjective expert judgments em-
bedded in AHP, thereby validating the logical consistency and reliability of CRITIC-WFSS
outcomes. This high agreement, coupled with CRITIC’s objectivity and reproducibility,
underscores its advantage over both the AHP-WFSS and other objective methods, such as
Entropy-WFSS. The slightly lower correlation between Entropy-WFSS and CRITIC-WFSS
(ρ = 0.757) further underscores CRITIC’s greater ability to capture inter-criteria conflicts,
thereby yielding a more robust weighting mechanism.

Table 27. Spearman’s Rank Correlation Matrix.

Method Pair ρ-Coefficient

CRITIC-WFSS vs. AHP-WFSS 0.875
CRITIC-WFSS vs. Entropy-WFSS 0.757

AHP-WFSS vs. Entropy-WFSS 0.848

4.5. Sensitivity Analysis

A sensitivity analysis was conducted by comparing the stock rankings generated
under different threshold settings for each criterion. Various combinations of threshold
values, representing different minimum acceptance levels for each parameter, were applied
to assess the stability of stock rankings in the CRITIC-WFSS model. The threshold set α is
used as a reference to compare the results with the other threshold combinations. This set
represents the baseline evaluation condition, in which no adjustments or modifications are
made to the threshold values for each criterion. Figure 3 presents the ranking comparisons
under several specified conditions.

Figure 3. Stability of Stock Rankings under Threshold Variation in the CRITIC–WFSS Model.

In general, the results show that the ranking structure is relatively stable, although
there are slight fluctuations in some stocks.

• UNVR consistently ranks first across nearly all threshold combinations, indicating
strong and stable performance in both financial and sustainability aspects. Even
when different threshold combinations are applied, this stock remains among the top
performers. However, when the threshold for parameter ℯ7 (ESG Risk Score) is set
above 0.8, UNVR’s ranking slightly declines, although it remains within the top five.
Overall, UNVR maintains its position as a leading stock.

• PGEO also demonstrates high stability, with its ranking between 1 and 3 across
all threshold combinations. This indicates the company’s resilience to changes in
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evaluation parameters and demonstrates strong contributions to ESG aspects, along
with adequate financial performance.

• Several companies, such as AUTO, JSMR, and SSMS, exhibit significant changes under
specific threshold settings, indicating that their performance is susceptible to variations
in the applied threshold values.

• Meanwhile, stocks such as BBTN and SMGR consistently ranked low across all thresh-
old scenarios, indicating relatively weak competitiveness in both financial and sus-
tainability performance, as well as minimal influence of threshold variations on their
evaluation outcomes.

Overall, changes in the threshold values in the CRITIC-WFSS model shifted the
rankings of several stocks but did not significantly alter the extreme positions (highest and
lowest). This indicates that the CRITIC-WFSS model demonstrates strong robustness to
variations in input parameters, ensuring stable, reliable rankings.

4.6. Limitations of the Proposed Model

Despite its strengths in generating more objective and stable rankings, the CRITIC-
WFSS model has some limitations that need to be noted:

• Dependence on ESG Data Quality: The performance and reliability of the CRITIC-
WFSS model depend on the quality of its input data. A significant consideration here
is the model’s reliance on self-reported corporate sustainability disclosures for the
ESG parameters. Although we obtained data from official reports following frame-
works such as the GRI, this data can still be subject to reporting bias, differences in
interpretation, and greenwashing. These issues with ESG data can affect the accuracy
of calculated membership degrees and the model’s final rankings. This is a common
issue in ESG-based analytical models.

• Structural limitation in modeling criterion interactions: The model is built upon the
soft set theoretical framework, which is highly effective for handling vagueness and
parameterizing qualitative data. However, a structural limitation of this framework
is that it does not inherently model interactions or non-linear dependencies between
criteria. The CRITIC method accounts for linear correlation to reduce redundancy
in weights. However, the overall CRITIC-WFSS decision process treats criteria as
essentially independent during fuzzy aggregation and choice-value calculation. In
problems where criterion interactions are a critical factor, this could be a constraint.

• Complexity of computation: The CRITIC-WFSS model performs complex calculations,
requiring more time and computational effort than the standard FSS or an intuitive
subjective WFSS approach, especially with a larger dataset.

• The threshold for each criterion is subjective: The determination of thresholds for crite-
rion classification in CRITIC-WFSS remains subjective, relying on researcher judgment
or conventional values, which can influence outcomes and model consistency.

4.7. Future Research Directions

The limitations and findings of this study reveal several opportunities to enhance the
CRITIC-WFSS model in future research.

• Computational Optimization: To address computational complexity challenges, future
research could focus on developing more efficient algorithms to accelerate the CRITIC
method’s calculation process, particularly for large-scale datasets, ensuring the model
remains practical for big data applications.

• Extension to Model Criterion Interactions: To address the structural limitation related
to criterion interdependencies, future work could extend the CRITIC-WFSS model
to handle criterion interactions by integrating its objective weights with operators
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from fuzzy measure theory, such as the Choquet integral, into the aggregation process.
This would create a more powerful version of the CRITIC-WFSS model suitable for
complex decision environments where criteria are not independent.

• Developing Adaptive Thresholding Mechanisms: Future studies could focus on de-
veloping an adaptive threshold determination mechanism, possibly by integrating
machine learning or statistical optimization techniques. This would minimize subjec-
tivity, improve consistency, and enhance the robustness of the CRITIC-WFSS model in
various decision-making contexts.

• Application in Diverse Contexts: To strengthen the model’s external validity, future
research should test CRITIC-WFSS in more complex decision-making contexts, such
as supply chain management or medical diagnosis.

5. Conclusions
In this study, the CRITIC-WFSS integration model is proposed as an evaluation method

in decision-making. This model combines the strengths of WFSS with the data-based
objective weighting mechanism of the CRITIC method. The proposed model is applied
through three main steps. First, parameter weighting is determined using the CRITIC
method. Second, the weights obtained are then implemented in the WFSS model. Third, the
results of the CRITIC-WFSS implementation are then used in the ranking and evaluation of
alternatives to produce the optimal choice as the final recommendation.

Next, the model was applied in the context of investment decision-making for sustain-
able stocks in Indonesia. This application considers financial factors and ESG aspects in
an integrated manner. The data source used is stocks included in the SRI-KEHATI Index.
The degree of membership of each stock is determined based on quantitative data taken
from the company’s Annual Report and Sustainability Report, which reflects the level of
compliance with each parameter. The weight of each parameter is calculated objectively
using the CRITIC method, which considers data variation and conflicts between parameters.
This method automatically gives higher weight to parameters that are more discriminative
and informative. The analysis results place UNVR in an optimal position with a perfect
score of 1, indicating its best performance in balancing financial and sustainability aspects.
In addition, four other stocks, PGEO, SIDO, INDF, and SMSM, also demonstrated strong
performance, achieving scores above 0.80 and ranking among the top five stocks.

The comparative analysis reveals notable differences in stock rankings between the
proposed CRITIC-WFSS model, the AHP-WFSS, and the Entropy-WFSS. Overall, CRITIC-
WFSS provides more objective and balanced results, with UNVR consistently maintaining
top positions, while BBTN and SMGR remain at the lower end. Sensitivity analysis further
confirms the model’s robustness: variations in threshold values slightly affect rankings but
do not alter the top or bottom positions, indicating stable, reliable outcomes.

Although it makes a significant contribution, this model has limitations; it is highly
dependent on the quality of input data, requires more complex calculations than conven-
tional methods, and the threshold for each criterion is subjective. Further research can be
directed toward computational efficiency optimization, developing adaptive thresholding
mechanisms, or application in various decision-making domains to strengthen the external
validity and generalization of the model.
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Appendix A. Data

Table A1. Sustainable Companies in the SRI-KEHATI Index.

Stock Company Name Stock Company Name

ANTM Aneka Tambang Tbk. INTP Indocement Tunggal Prakarsa Tbk
AUTO Astra Otoparts Tbk. JPFA Japfa Comfeed Indonesia Tbk.
AVIA Avia Avian Tbk. JSMR Jasa Marga (Persero) Tbk.
BBCA Bank Central Asia Tbk. KLBF Kalbe Farma Tbk.
BBNI Bank Negara Indonesia (Persero) SCMA Surya Citra Media Tbk.
BBRI Bank Rakyat Indonesia (Persero) SIDO Industri Jamu dan Farmasi Sido
BBTN Bank Tabungan Negara (Persero) SMGR Semen Indonesia (Persero) Tbk.
BMRI Bank Mandiri (Persero) Tbk. SMSM Selamat Sempurna Tbk.
DSNG Dharma Satya Nusantara Tbk. SSMS Sawit Sumbermas Sarana Tbk.
EMTK Elang Mahkota Teknologi Tbk. TLKM Telkom Indonesia (Persero) Tbk
ICBP Indofood CBP Sukses Makmur Tbk UNTR United Tractors Tbk.
INCO Vale Indonesia Tbk. UNVR Unilever Indonesia Tbk.
INDF Indofood Sukses Makmur Tbk.

Table A2. Revenue of Sustainable Companies in the SRI-KEHATI Index.

No. Stock Unit
Company Annual Revenue

2020 2021 2022 2023 2024

1 ANTM Billion Rupiah 27,372 38,445 45,930 41,048 69,192
2 ASII Billion Rupiah 175,046 233,485 301,379 316,565 330,920
3 AUTO Million Rupiah 11,869,221 15,151,663 18,579,927 18,649,065 19,073,703
4 AVIA Million Rupiah 5,731,261 6,779,643 6,694,171 7,016,882 7,471,356
5 BBCA Billion Rupiah 73,957 76,821 85,419 98,517 108,307
6 BBNI Billion Rupiah 49,152 55,865 61,472 62,747 64,515
7 BBRI Trillion Rupiah 138.38 152.22 162.15 189.65 215.74
8 BBTN Billion Rupiah 27,631 28,312 28,182 32,172 34,118
9 BMRI Trillion Rupiah 108.51 112.61 126.76 146.26 164.33
10 DSNG Million Rupiah 6,698,918 7,124,495 9,633,671 9,498,749 10,119,220
11 EMTK Billion Rupiah 11,936 12,841 9856 9241 12,233
12 ICBP Trillion Rupiah 46.64 56.80 64.80 67.91 72.60
13 INCO Thousand US$ 764,744 953,174 1,179,452 1,232,263 950,388
14 INDF Trillion Rupiah 81.73 99.35 110.83 111.70 115.79
15 INTP Billion Rupiah 14,184 14,772 16,328 17,950 18,549
16 JSMR Billion Rupiah 9588 11,776 13,783 15,566 18,728
17 KLBF Million Rupiah 23,112,655 26,261,195 28,933,503 30,449,134 32,627,776
18 MTEL Billion Rupiah 6187 6870 7729 8684 9308
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Table A2. Cont.

No. Stock Unit
Company Annual Revenue

2020 2021 2022 2023 2024

19 PGEO Thousand US$ 353,961 368,824 386,068 406,288 407,120
20 SIDO Million Rupiah 3,335,411 4,020,980 3,865,523 3,565,930 3,919,084
21 SMGR Million Rupiah 35,171,668 36,702,301 36,378,597 38,651,360 36,186,127
22 SMSM Billion Rupiah 3234 4163 4894 5108 5164
23 SSMS Billion Rupiah 4011 5203 7261 10,703 10,522
24 UNTR Million Rupiah 60,346,784 79,460,503 123,607,460 128,583,264 134,426,998
25 UNVR Billion Rupiah 42,972 39,546 41,219 38,611 35,139

Table A3. Carbon Emissions Data for Companies in the SRI-KEHATI Index.

Stock Total Carbon Emissions (in Tons) Stock Total Carbon Emissions (in Tons)

ANTM 1,321,995.44 INTP 2,257,770
AUTO 4,476,711 JPFA 13,030,000
AVIA 137,264 JSMR 84,690.72
BBCA 11,244.89 KLBF 102,865.49
BBNI 144,506.4 SCMA 54,669.066
BBRI 186,541.3 SIDO 198,363.56
BBTN 470,508 SMGR 12,325
BMRI 68,128 SMSM 24,819,268
DSNG 239,594 SSMS 8482.27
EMTK 553,120 TLKM 350,446.53
ICBP 26.5 UNTR 3,939,808.32
INCO 641,200 UNVR 10,960.41
INDF 2,135,742
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