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ABSTRACT
Although various studies monitor and evaluate green growth performance, no heuristic-based hybrid studies test the reflection of
green growth indicators. This study aims to identify the best green growth performance by using intuitionistic fuzzy and meta-
heuristic algorithms over green growth indicators, contributing to filling the gap in the field and providing inferences about green
growth to decision-makers. For this purpose, the green growth levels of 31 selected countries were analyzed based on environmen-
tal and resource efficiency indicators, and the best result was predicted. The study was conducted in two phases. In the first phase,
countries were ranked according to their green growth performance using intuitionistic fuzzy methods. In the second phase, the
best performance value was estimated at different population levels using metaheuristic algorithms. The research results show
that the renewable electricity generation variable is the most important criterion. Ireland (1.00), Switzerland (0.98), and Costa
Rica (0.95) are the countries with the best green growth performance, respectively. In green growth performance estimation,
the ANFIS-TLBO model (R2 = 0.908; MAE= 0.196; SMAPE= 0.689; MSE= 0.050; RMSE= 0.223; MBE= 0.188) demonstrated the
closest estimation accuracy to the real values. In this study, for the first time, a hybrid model combining the intuitionistic fuzzy
method and a metaheuristic algorithm was tested and proposed for green growth performance assessment. With this original-
ity, it is expected that the results of this article will make a significant contribution to the literature gap and serve as a guide for
policymakers and researchers.

1 | Introduction

The rapid growth of the economy leads to excessive energy
and resource consumption, environmental pollution, ecological

Abbreviations: Act, Actual; AHP, Analytic Hierarchy Process; ANFIS, Adaptive Neuro Fuzzy Inference System; ANP, Analytical Network Process; BRICS, Brazil, Russia,
India, China, and South Africa; CRADIS, Compromise Ranking of Alternatives from Distance to Ideal Solution; CO2, Carbon dioxide; CS-ARDL, Cross Sectionally
Augmented Auto Regressive Distributed Lag; DEA, Data Envelopment Analysis; DPTM, Dynamic Panel Threshold Model; EU, European Union; FCM, Fuzzy c mean; FFA,
Firefly algorithms; GA, Genetic algorithm; GDP, Gross Domestic Product; GGGI, Global Green Growth Institute; IFS, Intuitionistic Fuzzy Set; IFNs, Intuitionistic Fuzzy
Numbers; MAE, Mean Absolute Error; MBE, Mean Biased Error; MCDM, Multi-Criteria Decision-Making; MF, Membership Function; MMQR, Method of Moments
Quantile Regression; MSE, Mean Square Error; OECD, Organization for Economic Co-operation and Development; PCA, Principal Component Analysis; PLS-SEM, Partial
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imbalances, and serious social opportunity inequalities [1]. For
societies that are highly dependent on biodiversity and ecosys-
tems, the protection of natural capital is of critical importance
in the face of these challenges [2]. Traditional industrial growth
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theories, which focus on generating economic value through
physical capital, do not facilitate the preservation and sustainabil-
ity of natural capital [1]. In classical growth theory, the environ-
ment and natural resources are considered depleting assets, and
their sustainable impact on economic growth is overlooked [3].

Many countries have begun focusing on new theories and solu-
tions to create a livable society, address environmental issues,
and ensure a sustainable economy [4]. Over the last two decades,
many international organizations have proposed green growth
and the green economy as development pathways to achieve
economic, social, and environmental sustainability [5]. Green
growth, which has emerged as a solution to climate change and
environmental problems at a global level [6], is one of the funda-
mental drivers of economic sustainability.

Green growth is generally defined as achieving sustainability
through the rational use of natural resources while minimizing
costly environmental damage, climate change, and biodiversity
loss in the pursuit of economic growth and development [7, 8].
It is a development approach that aims to promote economic
growth that is both environmentally sustainable and socially
inclusive [9]. The concept of green growth, which defines the
environment as natural capital and underscores the importance
of natural resources [10], seeks to protect natural assets and envi-
ronmental resources while fostering economic growth and devel-
opment [7].

Green growth creates a balance between the economy and the
environment through the efficient use of resources, green tech-
nology research, and the creation of new business opportuni-
ties [5]. While increasing production at the macro level, empha-
sis is placed on the use of environmentally friendly inputs to
prevent the depletion of existing environmental and production
resources [11].

The green growth strategy is considered an effective way to ensure
the sustainable use of natural resources by reducing environmen-
tal degradation and minimizing resource waste. Green growth
underscores the necessity of meeting the needs of future gener-
ations without depleting current resources [12]. The importance,
impact, and outcomes of green growth have led to the adop-
tion and promotion of green-focused strategies on international
platforms.

Green growth theory, which is closely related to sustainable
development in response to the threats and risks posed by rapid
industrialization and globalization, is supported by international
organizations such as the United Nations and the OECD and is
incorporated into policies and practices by decision-makers [12].
International organizations advocate economic growth and the
enhancement of natural capital through the rational use of envi-
ronmental resources in their publications on green growth. They
promote preventing waste pollution and facilitating sustainable
development by fostering a green economy [13].

Achieving a green and sustainable society at both national and
international levels is one of the fundamental goals of states and
organizations. Green growth is a global priority strategy aimed
at addressing climate change [14]. The effects of green growth

at macro and micro levels are actively researched by states,
academia, and international organizations [15].

The Global Green Growth Institute (GGGI) introduced the
dimensions of green growth within the framework of the Green
Growth Index, which was first published in 2019. Efficient and
sustainable resource use, natural capital protection, green eco-
nomic opportunities, and social inclusiveness are the four key
dimensions that countries focus on in their green growth perfor-
mance [16].

This study focuses on efficient and sustainable resource use as a
measure of green growth performance. Efficient and sustainable
resource use has a strong influence on and a close relationship
with the other dimensions of green growth. Ensuring efficient
and sustainable resource use at macro and micro levels enables
the optimal use of natural capital and the creation of greater eco-
nomic value with fewer resources, without compromising the
well-being of future generations. Consequently, it directly con-
tributes to the preservation of natural capital as well as ecological
balance [17]. It should be recognized that without the protection
of natural capital, the supply, regulation, and support processes
of the ecosystem are at risk.

Natural resources, which are factors of production, play a crucial
role in the economic growth of countries. In addition to their fun-
damental roles in the economy and industry, natural resources
are integral to ecosystems that support climate regulation, flood
control, natural opportunities, and cultural services. As the pop-
ulation of countries increases, the use of natural resources also
rises, leading to various problems [18]. Designing, producing,
and using green products within the framework of sustainable
and efficient resource use can help mitigate the negative envi-
ronmental impact of resource consumption [19]. Businesses aim
for green growth by integrating cleaner production processes into
their strategies and policies while developing green products [18].

In light of the above explanations, it is evident that monitor-
ing and researching green growth through environmental and
resource efficiency is both important and necessary. To better
understand the level of green growth in a global context and
to effectively implement sustainable green growth policies, this
study focuses on evaluating green growth through environmen-
tal and resource efficiency. The analysis of green growth per-
formance is based on environmental and resource efficiency
indicators published by the OECD. In this study, the adaptive
neuro-fuzzy inference system (ANFIS) models optimized with
intuitionistic fuzzy and metaheuristic algorithms were used to
assess green growth performance.

1.1 | Objectives of the Study

In this context, the objectives of the study are as follows:

• Identifying the most appropriate environmental and
resource variables for evaluating green growth performance
using the Spearman correlation method.

• Determining the importance weights of the selected vari-
ables using the Shannon entropy method.
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• Measuring the long-term green growth performance of
countries across multiple datasets using the proposed intu-
itionistic fuzzy method.

• Ranking countries based on their green growth performance
scores.

• Estimating the optimal green growth performance using
metaheuristic algorithms with green growth scores as the
output.

• Comparing the estimation results of intuitionistic fuzzy per-
formance scores and metaheuristic algorithms.

The main contribution of this article is the proposal of a com-
prehensive ranking and estimation model in which the complex
and systematically evaluated green growth performance of OECD
countries is assessed based on the most appropriate variables.
This study introduces a hybrid measurement model based on
intuitionistic fuzzy logic and metaheuristics to the green growth
literature for the first time. This highlights the originality of the
study and its significance in the field. The methods used in the
hybrid model can both address the uncertainty inherent in mul-
tiple datasets and provide artificial intelligence-based optimiza-
tion capabilities. With this model, it is possible to achieve the
most accurate green growth performance ranking and estimation
using OECD data. In this regard, the study differentiates itself
from traditional green growth reports and offers unique contri-
butions, methodological advancements, and advantages.

The remaining sections of the study are structured as follows: The
literature review section provides a summary of relevant stud-
ies that form the foundation of the research. The methodology
section explains the method specifications, mathematical nota-
tions, and application procedures. The findings and discussion
section presents the results obtained from the analysis. Finally,
the conclusion section interprets the overall findings of the study.

2 | Literatüre Review

Governments, international organizations, and researchers have
made significant efforts to conduct scientific studies that reflect
green growth at various levels. Although there is substantial con-
ceptual literature on green growth, no common model, method-
ology, or estimation approach exists for evaluating green growth
performance [20]. The existing green growth literature related to
this study has been examined from both national and interna-
tional perspectives.

At the national level, studies conducted in China stand out. Chen
et al. [21] analyzed the impact of economic activity on green
growth from a dynamic perspective using Data Envelopment
Analysis (DEA) techniques, incorporating production function
and total factor productivity (TFP) methods. Cheng and Li [22]
measured the TFP of carbon emissions using the Directional Dis-
tance Function and the Malmquist Productivity Index model to
assess the impact of manufacturing industries in China on green
growth. Lin and Benjamin [23] investigated key determinants in
measuring dynamic variables of the green growth index specific
to China through multi-way distance functions and DEA meth-
ods. Yi and Liu [24] examined China’s clean energy economy and

policies using an analytical approach focused on green profes-
sions and firms. Dai et al. [25] explored the economic impact of
green growth in China.

Regarding studies in other countries, Qureshi et al. [26] examined
the long-term relationship between air pollution, environmental
indicators, and health services in Malaysia. Bagheri et al. [27] pro-
posed a multi-factor energy input–output model to aid energy
policy development and green growth planning in Canada. Lee
and Chou [14] analyzed Taiwan’s green growth trend from 2002
to 2011 using 20 OECD indicators and applying Principal Compo-
nent Analysis (PCA) and the Analytic Hierarchy Process (AHP).
Sohag et al. [28] explored the role of cleaner energy, techno-
logical innovation, and militarization in green economic growth
under different economic conditions in Turkey. Houssini and
Geng [29] assessed Morocco’s green growth efficiency from 2000
to 2018 using multi-criteria decision-making (MCDM) methods
and DEA for a comprehensive efficiency evaluation. Lin and
Ullah [30] examined the impact of CO2 emissions in Pakistan,
highlighting the significance of green growth and innovation in
sustainable development.

At the global level, studies have explored key questions in the
green growth literature. Akhmat et al. [31] and Zeb et al. [32]
investigated the impact and causality of green growth variables
in selected countries at a macro level. Zaman et al. [33] analyzed
the energy, environment, health, and wealth dimensions of green
growth in BRICS (Brazil, Russia, India, China, and South Africa)
countries. Pahle et al. [34] assessed how green growth con-
tributes to socioeconomic goals in specific countries. Wang and
Shao [35] estimated comparative national green growth levels
for G20 countries using capital, energy, GDP, and CO2 variables.
Talebzadehhosseini and Garibay [36] applied the Partial Least
Squares-Structural Equation Modeling (PLS-SEM) method to
examine green growth performance relationships among selected
countries.

Further global studies have examined green growth strategies and
performance at the OECD level. Kim et al. [37] compared the
green growth strategies of 30 OECD countries using a model con-
sisting of 12 indicators, evaluating each on a scale of 1–10. Shen
et al. [38] measured green productivity changes, including car-
bon dioxide emissions, for 30 OECD countries between 1971 and
2011, decomposing productivity growth into three components:
technological progress, technical productivity change, and struc-
tural productivity change. Bak et al. [39] assessed OECD coun-
tries’ green growth development levels using multidimensional
correspondence analysis on seven key indicators from 2004 and
2015. Wang et al. [40] examined the effects and mechanisms of
environmental policy stringency on green productivity growth in
industrial sectors using dynamic panel regression analysis and
the slack-based measured directional distance function model.
Gavurova et al. [15] analyzed green growth trends in OECD coun-
tries over two decades using univariate and multivariate statisti-
cal methods based on OECD green growth indicators.

Additional studies have focused on green growth performance
in various contexts. He et al. [41] analyzed economic and envi-
ronmental performance in 61 developing countries, decompos-
ing total factor productivity growth into economic and environ-
mental components. Doskočil [42] proposed a new multi-criteria
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assessment model for systematically evaluating green growth
in European Union countries, incorporating production-based
CO2 efficiency, annual surface temperature, average air pollution
exposure, and environmental tax variables. Hussain et al. [43]
investigated the effects of green technology and environmental
factors on green growth in high-GDP countries from 2000 to 2020
using the cross-sectional autoregressive distributed lag estimator
to reveal linear and nonlinear GDP effects on green growth. Chen
et al. [44] analyzed the impact of green innovation and finan-
cial globalization on green growth in BRICS economies using the
Cross-Sectionally Augmented Auto-Regressive Distributed Lag
(CS-ARDL) model.

Recent studies have integrated broader economic and policy
considerations into green growth research. Razzaq et al. [45]
investigated the impact of energy transition and environmen-
tal governance on green growth in 37 International Energy
Agency economies (2010–2020) using the dynamic panel thresh-
old model (DPTM). Khan et al. [46] examined the role of nat-
ural resources in economic growth, considering carbon emis-
sions, human capital, and green growth between 1990 and 2020
using the Method of Moments Quantile Regression (MMQR).
Shang et al. [47] explored the effects of tourism and energy
resources on green economic growth in Asian countries from
2000 to 2021 across different income levels. Kwilinski et al.
[48] expanded the theoretical framework of green economic
growth by estimating green growth in EU countries (2005–2020)
using the Global Malmquist–Luenberger productivity index.
Anwar et al. [49] analyzed the effects of economic policy uncer-
tainty, green innovation, and financial development on green
growth from 1996 to 2019 using panel quantile regression,
measuring green growth through production-based CO2 emis-
sions. Tawiah et al. [50] investigated the environmental impact
of corruption on green growth by applying the System Gen-
eralized Method of Moments and Two-Stage Least Squares
Instrumental Variable analysis to panel data from 123 coun-
tries (2000–2017). Additionally, some studies have systemat-
ically mapped and analyzed green development research in
detail [51–53].

It is evident that researchers employ AHP, DEA, CS-ARDL,
MMQR, Luenberger efficiency indicators, and various MCDM
approaches in green growth assessment. However, a review
of the literature reveals that studies incorporating intuition-
istic fuzzy systems and metaheuristic algorithms for green
growth performance measurement and evaluation are relatively
scarce. In contrast, the combined use of metaheuristic algo-
rithms and fuzzy systems has been explored in various other
fields.

For instance, Sihag et al. [54] successfully applied the
ANFIS-Firefly Algorithm (FFA) and ANFIS-Particle Swarm
Optimization (PSO) models to estimate hydraulic conductivity.
Ebtehaj et al. [55] tested the ANFIS-PSO model for estimating
the densimetric Froude number, while Ebtehaj et al. [56] pro-
posed the Fuzzy C-Means Adaptive ANFIS hybrid model for the
estimation of WLat Telom and Bertam stations. Khoshnava et al.
[57] effectively utilized the Analytical Network Process (ANP)
and ANFIS methodologies to prioritize green infrastructure cri-
teria, preparing them for Green Economy enactment. Suresh and
Dillibabu [58] successfully adapted the ANFIS-based Heuristic

MCDM approach to assess software project risks. Adedeji et al.
[59] obtained promising results in analyzing short-term wind
resource variability using the ANFIS-Genetic Algorithm (GA)
and ANFIS-PSO models.

Recently, Teaching-Learning-Based Optimization (TLBO), a
population-based metaheuristic algorithm, has gained attention
in hybrid studies. Sharma et al. [60] and Dubey et al. [61]
employed Gray-TLBO-based MCDM methods for tuning control
variables in machine operations. Das et al. [62] effectively applied
TLBO-based MCDM methods to solve parametric optimization
problems in micro-electric discharge machining processes. Yek-
tamoghadam et al. [63] successfully optimized traffic light control
using MCDM methods enhanced with GA and TLBO. Mondal
et al. [64] optimized machining processes with the ANFIS-TLBO
algorithm, while Kardan and Habibi [65] demonstrated the effec-
tiveness of the TLBO method based on the ANFIS approach
in simulating erosion at culvert outlets. Babanouri and Fattahi
[66] successfully employed the ANFIS-TLBO model to establish
a new rock shear strength criterion. Zheng et al. [67] confirmed
the success of the ANFIS-TLBO model in estimating cooling
loads.

While no single algorithm is universally optimal for all opti-
mization problems [68], ANFIS-based PSO, GA, and TLBO algo-
rithms have demonstrated promising performance across var-
ious optimization challenges, yielding effective results. Meta-
heuristic methods generally do not require prior knowledge
about the search space properties, making them desirable for
tackling complex problems characterized by discontinuity and
non-differentiability [69]. The use of metaheuristic and evolu-
tionary algorithms offers a suitable approach for solving nonlin-
ear optimization problems [63].

A literature review indicates a notable gap in studies apply-
ing intuitionistic fuzzy systems and metaheuristic algorithms to
green growth performance measurement and evaluation. Specif-
ically, hybrid models integrating intuitionistic fuzzy logic and
metaheuristics have not been extensively utilized in green growth
performance assessment at either national or international lev-
els. Recognizing this gap in the literature, this study aims to
address it by examining the green growth performance of selected
OECD countries using hybrid models that combine Intuitionistic
Fuzzy MCDM with ANFIS-PSO, ANFIS-GA, and ANFIS-TLBO
algorithms.

3 | Methodology and Implementation

Over the years, researchers have developed numerous MCDM
approaches to enhance decision-making accuracy. Various
research studies have introduced new algorithms and mathemat-
ical tools to achieve more precise solutions [70]. This section
provides a brief explanation of the methodologies employed in
this study. First, the mathematical notations of the intuition-
istic fuzzy method used for measuring green growth perfor-
mance values are presented. Next, the fuzzy inference system
and metaheuristic algorithms applied to estimate the optimal
green growth performance are discussed. Finally, the processes
of data preparation, hybrid modeling, and implementation are
outlined.
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3.1 | Intuitionistic Fuzzy Compromise Ranking
of Alternatives From Distance to Ideal Solution

There is a need to apply and validate new methods with dif-
ferent variances to determine the most efficient approach for
solving complex problems across various fields [68]. In partic-
ular, for robust decision-making in multivariate decision pro-
cesses, accounting for uncertainty is an essential aspect of
problem-solving [71]. Considering uncertainty helps protect
decision-makers from incorrect or misleading solutions caused
by input data errors and subjective preferences in model param-
eters [72].

To cope with the uncertainty and ambiguity of the con-
straints and consequences of possible actions [73], Zadeh [74]
proposed the Fuzzy Set (FS) theory as a framework. Due
to the fuzziness and uncertainty of the evaluation objects,
Bellman and Zadeh [75] extended the FS theory to address
decision-making problems. The FS approach, which represents
the fuzziness inherent in complex systems, was further devel-
oped by Atanassov [76], who introduced the concept of Intu-
itionistic Fuzzy Sets (IFS). IFS accounts for non-membership
and hesitation information, which can more accurately define
uncertainty, in addition to set membership. In cases han-
dled by researchers using intuitionistic fuzzy numbers (IFNs),
uncertainty can be managed more clearly. IFS, which facili-
tates decision-making processes, is widely used in many fields
[77, 78]. In the decision-making process, decision-makers eval-
uate and rank alternatives according to various criteria and
attempt to determine the most appropriate option [79]. To make
decision-making more efficient and of higher quality under
an intuitionistic fuzzy environment, many methods have been
proposed to improve the MCDM process [80–90]. Innovative
and different procedures are being employed while developing
new methods.

Puška et al. [91] describe the classical Compromise Ranking of
Alternatives from Distance to Ideal Solution (CRADIS) method,
which leverages the advantages of ARAS, MARCOS, and TOPSIS
methods, and is based on the utility function and the distance
of certain alternatives from ideal and non-ideal solutions [91].
In the literature, studies utilize classical CRADIS [92] and fuzzy
CRADIS [93, 94] methods. However, there are no examples of
the new CRADIS method being applied in an intuitionistic fuzzy
environment. To address this gap in the literature, this study tests
the application of the Intuitionistic Fuzzy CRADIS (IFCRADIS)
method on metadata. The application steps and mathematical
notations of the IFCRADIS method, which extends the intuition-
istic fuzzy set (IFS) operators presented by Xu [95], are presented
below.

Step 1. As shown in Equation (1), a decision matrix containing
exact data is created, including row-based alternatives (i) and
column-based criteria (j).

𝐷 =
(
𝑎ij
)

mxn =
𝐴1

𝐴2

⋮

𝐴𝑖

𝐶1 𝐶2 · · · 𝐶𝑗⎛⎜⎜⎜⎜⎜⎝

𝑎11 𝑎12 · · · 𝑎1𝑗

𝑎21 𝑎22 · · · 𝑎2𝑗

⋮ ⋮ ⋱ ⋮

𝑎𝑖1 𝑎𝑖2 · · · 𝑎ij

⎞⎟⎟⎟⎟⎟⎠
(1)

Step 2. Normalization is performed with the help of Equation (2)
to eliminate the differences between the values in the decision
matrix [96].

nij = xij∕

√√√√ 𝑚∑
𝑗=1
𝑥2

ij i = 1, . . . ,m, j = 1, . . . , n (2)

Step 3. The exact data in the normalized decision matrix
are respectively converted into intuitive fuzzy values using
Equations (3–5) [76, 97]. The decision matrix consisting of intu-
itive fuzzy data is shown as D=

[
𝑠jd

]
nxk and (d= 1, 2, . . . , k, j= 1,

2, . . . , n). The IFNs sjd, expresses the value of the dth alternative
regarding the jth indicator. Each contains sjd = (μsjd, γsjd, πsjd).

𝜈
,′
𝑖
= 1 − 𝜇𝑖 (3)

𝜋𝑖 =
𝑣′
𝑖∑𝑛

𝑖=1𝑣
′
𝑖

(4)

𝜈𝑖 = 1 − 𝜇𝑖 − 𝜋𝑖 (5)

Step 4. Determination of the IF ideal solution: The intuitionistic
fuzzy negative-ideal solution is 𝜍−= (0, 1, 0) and the intuitionistic
fuzzy positive-ideal solution is 𝜍+= (1, 0, 0). In some studies, pos-
itive and negative ideal solutions are calculated with max and min
operators. However, there is no significant difference between the
results obtained from both methods in ranking studies [98].

Step 5. The fuzzy normalized Euclidean distance formula devel-
oped by Szmidt and Kacprzyk [99] is used to calculate distance
measurements. 𝐷+

𝑗
in the formula represents the positive dis-

tance measure, and𝐷−
𝑗

represents the negative distance measure.
The distance measure for each alternative is calculated as shown
in Equations (6) and (7) [99].

𝐷+
𝑗
=
√(

𝜇𝑠𝑗 − ς+
)2

+
(
𝜈𝑠𝑗 − ς+

)2
+
(
𝜋𝑠𝑗 − ς+

)2
(6)

𝐷−
𝑗
=
√(

𝜇𝑠𝑗 − ς−
)2

+
(
𝜈𝑠𝑗 − ς−

)2
+
(
𝜋𝑠𝑗 − ς−

)2
(7)

Step 6. Measurement of closeness coefficient and indicator
weight values: The closeness coefficient of J indicators is calcu-
lated with the help of Equation (7) using IF positive ideal solution
𝐷+
𝑗

and IF negative ideal solution 𝐷−
𝑗

. Closeness coefficient val-
ues give the weights of each indicator. However, the sum of the
weights must be equal to 1.

Ć𝑗 =
𝐷−
𝑗

𝐷−
𝑗
+𝐷+

𝑗

, 0 ≤ Ć𝑗 ≤ 1, 𝑗 = 1, 2, . . . , 𝑛. (7)

Step 7. Normalization is performed using Equation (8) for
the benefit-based criterion and Equation (9) for the cost-based
criterion. The weighted total decision matrix is obtained by mul-
tiplying the normalized decision matrix values with the mathe-
matical notation expression shown in Equation (10).

𝑛ij =
𝑥ij

xjmax
(8)

5 of 21

 15320634, 2025, 12-14, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cpe.70089 by A

rtvin C
oruh U

niversity, W
iley O

nline L
ibrary on [22/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



𝑛ij =
𝑥jmin

xij
(9)

𝑣ij = 𝑛ij.𝑤𝑗 (10)

Step 8. In the weighted decision matrix, the ideal solution 𝑡id =
maxvij with the largest value of 𝑣ij, and the non-ideal solu-
tion 𝑡aid = minvij with the smallest value of 𝑣ij are determined.
The deviations of the individual alternatives from the ideal
and non-ideal solutions are measured using Equations (11–14)
respectively.

𝑑+ = 𝑡id − 𝑣ij (11)

𝑑− = 𝑣ij − 𝑡aid (12)

𝑠+
𝑖
=

𝑛∑
𝑗=1
𝑑+ (13)

𝑠−
𝑖
=

𝑛∑
𝑗=1
𝑑− (14)

Step 9. Calculate the utility function for each alternative accord-
ing to the deviations from the optimal alternatives using
Equations (15) and (16). Where 𝑠+0 is the optimal alternative at
the closest distance from the ideal solution and, 𝑠−0 is the optimal
alternative at the farthest distance from the non-ideal solution.
The final ranking is derived from Equation (17) by looking at the
average deviation of the alternatives from the degree of utility.
The largest value of 𝑄𝑖 indicates the best alternative.

𝐾+
𝐼̇
=
𝑠+0

𝑠+
𝑖

(15)

𝐾−
𝐼̇
=
𝑠−
𝑖

𝑠−0
(16)

𝑄𝑖 =
𝐾+
𝐼̇
+ 𝐾−

𝐼̇

2
(17)

The IFCRADIS method can be considered a simple, practical,
functional, and effective approach for the evaluation and prior-
itization of available alternatives in an intuitionistic fuzzy envi-
ronment [100].

3.2 | The Adaptive Neuro-Fuzzy Inference
System

Artificial intelligence-based hybrid systems aim to achieve better
results by combining the advantages of the most popular meth-
ods [101]. ANFIS is a hybrid method that combines the superior
aspects of artificial neural networks and fuzzy logic [102]. ANFIS,
proposed by Jang [103], is a structure and learning procedure
that can create a mapping between input and output using mem-
bership functions. The ANFIS hybrid learning algorithm works
by combining different algorithms to define and optimize the
Sugeno system parameters. The training process continues until
the optimum error tolerance is reached. The structure of ANFIS
changes according to the input variables, membership functions,
rule base, and the number of outputs [104]. The layers in the basic
structure of ANFIS are shown in Figure 1 [105, 106]. This figure
illustrates the basic ANFIS structure consisting of 2 inputs and
1 output, featuring four membership functions and four rules.
To explain the role of each layer, consider the fuzzy if-then rule
Equations (18) and (19), where x and y are the input variables,
Ai and Bi are fuzzy sets, f is the output, and p, q, and r are the
design parameters that need to be determined during the training
process of the ANFIS algorithm [107].

Rule 1 ∶ if 𝑥 is 𝐴1 and 𝑦 is 𝐵1 then 𝑓 = 𝑝1𝑥 + 𝑞1 𝑦 + 𝑟1 (18)

Rule 2 ∶ if 𝑥 is 𝐴2 and 𝑦 is 𝐵2 then 𝑓 = 𝑝2𝑥 + 𝑞2 𝑦 + 𝑟2 (19)

The combination of the advantages of artificial neural networks
and fuzzy logic in ANFIS allows for the modeling and estimation
of complex functions and time series [108].

FIGURE 1 | Basic ANFIS structure with two inputs.

6 of 21 Concurrency and Computation: Practice and Experience, 2025
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3.3 | Particle Swarm Optimization

Particle Swarm Optimization (PSO), an evolutionary
computation-based approach, is a population-based global
optimization technique proposed by Kennedy and Eberhart
[109]. PSO is related to artificial life and swarm theory [110]. It
is a stochastic optimization algorithm that models the intelligent
collective behavior of certain animals, such as bird flocks or fish
schools [111].

Individual particles in the swarm behave unsupervised, and each
particle exhibits stochastic behavior due to its perceptions of the
environment. Each particle in the swarm tends to move toward a
better search area with a speed that dynamically adjusts accord-
ing to its own and other particles’ behavior [112]. Each parti-
cle represents a solution with four vectors in high-dimensional
space: its current position, the best position found so far, the best
position found by its neighbors so far, and its speed, which adjusts
its position in the search space according to the best position
reached [113]. Many studies present the details and successful
results of PSO applications [111, 113–116]. Due to the success-
ful and effective results of applying the ANFIS model optimized
with the PSO algorithm in different areas, ANFIS-PSO was used
as the first model in this study.

3.4 | Genetic Algorithm

Genetic algorithms (GA), used in problem-solving and model-
ing evolutionary systems, are computational models of biological
evolution. In GA, binary sequences are modified in a computer
environment over time through natural selection, similar to the
evolution of populations of individuals. Although GAs have a
very simple structure, they can provide successful solutions to
complex problems [117]. The evolutionary process of chromo-
somes is simulated using selection, crossover, and mutation oper-
ators based on the principle of survival of the fittest. Chromo-
somes are evaluated according to their suitability for solving a
problem [118]. Various studies support that GA algorithms pro-
vide successful and valid solutions to estimation and optimiza-
tion problems [119–122]. In this research, the second model used
was the ANFIS-GA model, in which the ANFIS method was opti-
mized with the GA algorithm.

3.5 | Teaching Learning Based Optimization

The Teaching-Learning-Based Optimization (TLBO) algorithm,
which simulates the teaching process of teachers with students,
was first developed by Rao et al. [123]. TLBO, a population-based
method, uses populations to reach a solution. Based on the classi-
cal school learning process, the teacher represents the best solu-
tion among the population of students’ solutions [123]. TLBO
executes iterative evolutionary processes similar to those used
by standard algorithms. The learning process of TLBO, which
performs well with less computational effort for large-scale prob-
lems, consists of two basic steps, unlike traditional evolutionary
algorithms and swarm intelligence algorithms [124].

The first stage is the Teacher Phase. The best solution in the
entire population is considered the teacher of the class; the

teacher shares his/her knowledge with students to improve their
outcomes (that is grades or scores); the quality of the teacher
affects students’ results. The second stage is the Learner Phase.
In this phase, students learn from other students to improve their
results [125].

It has been observed that the TLBO model achieves success-
ful prediction results with higher accuracy compared to existing
empirical formulas in ANFIS optimization studies. The TLBO
model demonstrates a wider range of applicability by adapting to
various conditions [64–66, 105]. In this study, the optimization
of the ANFIS model with the TLBO algorithm was chosen as the
third model.

3.6 | Methods for Measuring Forecast Accuracy

Six methods were used to analyze the prediction accuracy of
the hybrid models employed in the analysis: R-squared (R2),
Root Mean Squared Error (RMSE), Mean Biased Error (MBE),
Mean Absolute Error (MAE), Symmetric Mean Absolute Per-
centage Error (SMAPE), and Mean Squared Error (MSE). The
mathematical notations of these measures are briefly explained
below [43].

The R2 method is widely used in regression models to calculate
the proportion of variance in the dependent variable that is pre-
dictable from the independent variables. The closer the corre-
lation coefficient is to 1, the more accurate the model’s predic-
tions are [126]. The mathematical notation for R2 is expressed in
Equation (20), where RSS is the sum of squares of residuals and
TSS is the total sum of squares.

𝑅2 = 1 − RSS
TSS

(20)

RMSE is one of the most popular methods used in time series pre-
diction. It measures the magnitude of error between the predicted
and observed values. RMSE is calculated using Equation (21).
The closer the value is to 0, the better the result.

RMSE =

√∑𝑁

İ=1
(

Act𝑖 − Pred𝑖
)2

𝑁
(21)

MBE is used to estimate the mean deviation in the model. It
captures the mean deviation with both positive and negative val-
ues. A positive deviation indicates that the data is overestimated,
while a negative deviation indicates that the data is underesti-
mated. The method is shown in Equation (22).

MBE = 1
𝑁

𝑁∑
𝑗=1

(
Pred𝑗 − Act𝑗

)
(22)

MAE provides a general measure of model performance by aver-
aging the absolute errors, which is less sensitive to outliers com-
pared to other metrics. MAE is formulated in Equation (23). The
best value on the MAE scale is the value closest to 0 [127].

MAE = 1
𝑁

𝑁∑
𝑗=1

|||Pred𝑗 − Act𝑗
||| (23)
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TABLE 1 | Evaluation criteria.

Code Indicator Measure References

C1 Energy productivity, GDP per unit of TES US dollars per tonne of oil equivalent OECD Green Growth Database
C2 Renewable electricity generation Percentage of electricity generation OECD Green Growth Database
C3 Production-based CO2 productivity, GDP

per unit of energy-related CO2 emissions
US dollars per unit of CO2 OECD Green Growth Database

C4 Demand-based CO2 productivity, GDP per
unit of energy-related CO2 emissions

US dollars per unit of CO2 OECD Green Growth Database

C5 Demand-based CO2 productivity relative to
disposable income

US dollars per unit of CO2 OECD Green Growth Database

The SMAPE measure calculates the percentage of absolute errors
relative to the true values. SMAPE, which provides specific
information about the magnitude and distribution of errors, is
explained by Equation (24). The best value on the SMAPE scale
is 0, and the worst value is 2.

SMAPE = 100%
𝑁

𝑁∑
𝑗=1

|||Pred𝑗 − Act𝑗
|||(|||Pred𝑗

||| + |||Act𝑗
|||)∕2

(24)

MSE is used to measure the performance of a prediction model by
averaging the squares of the differences between the actual and
predicted values. The MSE scale is formulated in Equation (25).
The best value for MSE is the one closest to 0 [127].

MSE = 1
𝑁

𝑁∑
𝑗=1

(
Pred𝑗 − Act𝑗

)2 (25)

3.7 | Data Collection and Preprocessing

The green growth database provided by the OECD includes
selected indicators for monitoring green growth. The database
aims to support policymaking and inform the public by synthe-
sizing data and indicators from a wide range of areas [128]. It
quantifies environmental and resource efficiency to capture the
fundamental characteristics of green growth. This allows for an
investigation into the greening of economic growth through the
efficient use of natural capital.

This study focuses on environmental and resource efficiency, one
of the OECD’s [128] green growth performance indicators. Spear-
man correlation analysis was used to determine the most appro-
priate data set for green growth performance analysis. In this
analysis, the relationship level between variables was examined
to verify the suitability of the data used in the study and to support
the accuracy of the analysis results. Five criteria with significant
relationships among the 27 sub-indicators in environmental and
resource efficiency were selected as green growth performance
indicators (Tables 1 and 2). As shown in Table 2, a high relation-
ship was generally observed between the variables. The strong
correlation between variables is important for ensuring the suit-
ability of the data and the accuracy of the analysis results.

The input and output variables used in the analysis were created
by averaging the data from 31 European countries from 2013 to
2022 via the OECD Data Explorer. Descriptive statistics of the

TABLE 2 | Spearman’s rho correlations.

C1 C2 C3 C4 C5

C1 1000 401a 685b 610b 500b

C2 1000 599b 369a 382a

C3 1000 804b 717b

C4 1000 883b

C5 1000
aCorrelation is significant at the 0.05 level (2-tailed).
bCorrelation is significant at the 0.01 level (2-tailed).

TABLE 3 | Descriptive statistics.

C1 C2 C3 C4 C5

min 5671.77 3.35 3.02 2.76 2.25
max 2,5975.42 97.95 15.35 6.51 5.79
mean 12702.94 39.09 7.04 4.81 3.85
st 4365.70 24.28 2.93 1.01 0.86
N 31 31 31 31 31

evaluation criteria for the countries in the sample set are pre-
sented in Table 3.

The data were normalized to increase the accuracy of the results
and to ensure faster convergence by removing irrelevant or very
distant values from the traditional values used in the study.
Equation (26) was used in the normalization process of the data.

𝑛𝑗 =
𝑋𝑗 −𝑋min

𝑋max −𝑋min
(26)

In the ANFIS models used in the study, all data were randomly
divided from the original data set at a rate of 70:30, based on pre-
vious successful studies [129, 130]. Seventy percent of the data set
(21 data points) was used for training purposes, while the remain-
ing 30% (9 data points) was used for testing model performance.

3.8 | Hybrid Modeling and Implementation

In this study, the green growth performance levels of 31 coun-
tries were analyzed based on publicly available OECD data and
environmental and resource efficiency indicators, with the goal

8 of 21 Concurrency and Computation: Practice and Experience, 2025
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FIGURE 2 | Implementation flowchart.

of estimating the best results. To reveal the green growth perfor-
mances at the macro level, the research focused on resource uti-
lization and environmental livability issues. The basic flow chart
of the methodological approach used in the research is presented
in Figure 2.

In this context, the environmental and green growth performance
of 31 OECD countries was measured in the first stage of the
study based on environmental and resource efficiency variables.
Before ranking the countries according to their performances,
the importance weights of the evaluation criteria were calcu-
lated using the Shannon Entropy method. The entropy method,
developed by Shannon [131], uses probability theory to determine
uncertain information while calculating the objective weights of
the criteria. It eliminates the subjectivity of decision-makers by
considering the indicator values contained in the data [131]. In
this study, the Shannon Entropy method was preferred to miti-
gate the effect of subjectivity in determining the importance of

the evaluation criteria. The green growth performance ranking of
the countries was determined using the IFCRADIS method with
weighted evaluation criteria. The Excel program was used for
applying both the entropy method and the IFCRADIS method.

In the second stage of the research, the best green growth per-
formance scores obtained using the IFCRADIS method were
estimated with hybrid ANFIS models. The models were imple-
mented in the Matlab R2023b environment. To achieve the
research objective, 21 data points were divided into training sets,
and 9 data points were divided into test sets. The data were nor-
malized and loaded. The architectural structure of the ANFIS
model includes 5 input variables and 1 output variable. Four
Gaussian membership functions were used for each input vari-
able, and a linear membership function was used for the output.
The Takagi–Sugeno fuzzy inference system was run to obtain
the results of the ANFIS model. The parameters of the applied
ANFIS models are explained in Table 4. During the training step,
the ANFIS, ANFIS-PSO, ANFIS-GA, and ANFIS-TLBO optimiza-
tion parameters presented in Table 4 were adjusted and loaded. In
the optimization stage, the error function between the model out-
puts and the expected values was minimized until the required
number of iterations (100 iterations) was reached. Based on the
results obtained, the testing phase was initiated. After obtaining
the training and test results, the result data were transferred to
Microsoft Excel for comparison according to the error scales.

4 | Results and Discussion

To achieve the objectives of this research, the classical ANFIS,
ANFIS-PSO, ANFIS-GA, and ANFIS-TLBO models were tested
on different population parameters using the data in the sam-
ple. PSO, GA, and TLBO optimization algorithms were used to
adapt the weights in the ANFIS model, as modified by Ghasemi
et al. [105]. In this section, the results of the model proposed for
the best green growth performance evaluation and prediction are
presented.

4.1 | Green Growth Performance Results

There are significant risk factors that decision-makers face when
addressing an MCDM problem. In subjective methods used for
criterion weighting, the decisions made by decision-makers can
often become inconsistent [132]. In other methods, challenges
such as the inability to account for cognitive limitations on ratio-
nal values, as well as the correlations and internal dependencies
between decision criteria, can make the problem quite complex
[133]. Even a small change in the inputs can lead to a significant
difference in the results, creating a more sensitive situation [134].

To overcome the disadvantages of subjective weighting methods,
the importance level weights of the variables used in this study
were calculated using the Shannon Entropy method. Unlike
subjective weighting methods, the Entropy method derives the
importance level weights from the internal values of the indices,
providing results that are more aligned with reality [135].

The Shannon Entropy weights for the importance levels of the cri-
teria are presented in Figure 3. Renewable electricity generation
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TABLE 4 | Model parameters.

ANFIS parameters PSO parameters GA parameters TLBO parameters

Type Sugeno Type Sugeno Type Sugeno Type Sugeno

Inputs/outputs 5/1 Inputs/outputs 5/1 Inputs/outputs 5/1 Inputs/outputs 5/1

Input MF type Gaussian Input MF type Gaussian Input MF type Gaussian Input MF type Gaussian

Output MF type Linear Output MF type Linear Output MF type Linear Output MF type Linear

Epoch number 100 Population size 20–30–40–50 Population size 20–30–40–50 Population size 20–30–40–50

Error goal 0 Maximum number of
iterations

100 Maximum number of
iterations

100 Maximum number of
iterations

100

Initial step size 0.01 Inertia weight 1 Crossover percentage 0.4

Step size decrease
rate

0.9 Inertia weight damping
ratio

0.99 Mutation percentage 0.7

Step size increase
rate

1.1 Personal learning
coefficient

1 Mutation rate 0.15

Global learning coefficient 2 Selection pressure 8

Gamma 0.7

FIGURE 3 | Importance weight of criteria.

(C2) is the variable with the highest significance level (0.339) in
the green growth performance evaluation, while demand-based
CO2 productivity (C4) has the lowest significance level (0.195) in
the performance evaluation.

The IFCRADIS method proposed in the article ranked the
selected OECD countries according to their green growth per-
formance. The performance evaluation results are shown in
Figure 4. Ireland (1.00), Switzerland (0.98), and Costa Rica (0.95)
exhibited the best green growth performance, with the high-
est environmental and resource use efficiency success. Finland
(0.62), Estonia (0.58), and Canada (0.47) are the countries with
the worst green growth performance, respectively. Overall, 54% of
the countries in the research sample are below the green growth
performance average (0.77).

According to Kasztelan’s [5] research results, only Denmark
achieved the highest green growth level. In contrast, 12 out of
the 21 countries analyzed showed the lowest green growth per-
formance. Wang et al. [40] observed the highest growth rates in
green productivity in Korea and the Netherlands, respectively,
noting that green productivity growth in these countries is mainly
due to productivity changes. Kim et al. [37] found that Switzer-
land, France, and Japan exhibited the highest average green
growth levels in their study on the environmental efficiency of
production and changes in production models. Doskočil [42],

using the multi-criteria model he proposed, evaluated Ireland as
the country with the highest level of Green Growth in 2020, while
Latvia had the lowest. Acosta et al. [136] evaluated green growth
in a general framework, with Denmark, Sweden, and Austria
showing the highest success, respectively. Kwilinski et al. [48]
reported that Sweden, Belgium, and Germany had the highest
average green economic growth values in 2020 in their green eco-
nomic growth forecast analysis. Although there are studies on
similar topics, no research in the literature matches the results
of our study due to differences in the sample, method, and vari-
ables used.

4.2 | Results of Best Green Growth
Performance Predicted

ANFIS, ANFIS-PSO, ANFIS-, GA, and ANFIS-TLBO models were
used to estimate the best green growth performance score. Opti-
mization algorithms in hybrid ANFIS models were tested with
different population parameters. The evaluation of regression
graphs showing the training and test results of optimized ANFIS
models is presented below.

4.2.1 | Results of the ANFIS-PSO Model

It is seen in Figures 5 and 6 that the training data results
of the ANFIS-PSO model are successful in all different

10 of 21 Concurrency and Computation: Practice and Experience, 2025
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FIGURE 4 | Green growth performances of OECD countries.

FIGURE 5 | ANFIS-PSO lines.

   
FIGURE 6 | ANFIS-PSO predictions.
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population parameters applied. The most successful target
values (R2 = 0.930) were obtained in the prediction values in
the training data. To understand the accuracy of the prediction
values, the test result values of the models should be focused on.
In the test results of the ANFIS-PSO model, the highest predic-
tion performance (R2 = 0.876) was measured in 30 population
parameters. The lowest performance (0.178) in predicting the
target values was determined in 50 population parameters.

When we look at the iteration lines shown in Figure 7, it is under-
stood that the ANFIS-PSO model turns into a horizontal view at
the 100 iteration level. It is understood from the figure that the
ANFIS-PSO model reaches the optimization result more slowly
in all tested population parameters and needs more iterations.

4.2.2 | Results of the ANFIS-GA Model

Figures 8 and 9 show that the ANFIS-GA model produces val-
ues ranging from 0.724 to 0.881 depending on the different
population parameters applied in the training data results. The
ANFIS-GA model achieves the highest prediction performance in
the test results with 40 population parameters (R2 = 0.675). The

FIGURE 7 | Iteration of the ANFIS-PSO model.

least successful prediction score (0.023) in the test data results
was observed at 30 population parameters.

Examining the iteration lines of the ANFIS-GA model shown in
Figure 10 reveals that, although there is rapid progress toward
the optimization result initially, the progress becomes horizontal
toward the 100th iteration. The lines indicate that the ANFIS-GA
model shows similar iteration patterns across all tested popu-
lation parameters, reaches the optimization result slowly, and
requires multiple iterations. The wide distribution range in
the iteration lines suggests that the ANFIS-PSO model is most
affected by changes in population levels.

4.2.3 | Results of the ANFIS-TLBO Model

When examining the results of the training data for the
ANFIS-TLBO model, it is evident that a high level of prediction
success is achieved. Figures 11 and 12 show the highest pre-
diction score (0.957) achieved with 40 population parameters in
the training data results. The best prediction performance of the
ANFIS-TLBO model in the test results was found with 20 popula-
tion parameters (R2 = 0.893). The least successful prediction score
(0.449) in the test data results was recorded with 40 population
parameters.

The iteration representation of the ANFIS-TLBO model is shown
in Figure 13. Examination of this figure reveals that the model
progresses rapidly toward optimization and reaches a horizon-
tal appearance. The lines indicate that the ANFIS-TLBO model
exhibits similar iteration patterns across all tested population
parameters, achieves optimization results quickly, and requires
fewer iterations.

4.2.4 | Sensitivity Analysis Results

The R2 value alone may not be sufficient to demonstrate the suc-
cess of the results obtained in the study. To ensure the validity and
reliability of the research findings, a sensitivity analysis of the pre-
diction accuracy was performed using various error comparison
methods. The best green growth performance prediction training

FIGURE 8 | ANFIS-GA lines.
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FIGURE 9 | ANFIS-GA predictions.

FIGURE 10 | Iteration of the ANFIS-GA model.

and test error comparison results of the models are presented in
Table 5. In the error comparison results for the training data, it
is evident that the classical ANFIS method exhibits the highest
success because it fully captures the real values in the predicted
values. However, the results of the test data are crucial to under-
standing how accurate and successful the proposed models are in
predicting the best green growth performance. When examining
the error comparison results of the test data:

• The most ideal prediction results in terms of MAE (Mean
Absolute Error) values, which indicate the lowest difference
between the real values and the predicted values, were mea-
sured in the ANFIS-TLBO (20 pop) model (0.196). The worst
MAE value was determined in the classical ANFIS model
(0.435).

• The most successful result in SMAPE (Symmetric Mean
Absolute Percentage Error) values, which show the accu-
racy of the estimation errors relative to the real values, was
found in the ANFIS-TLBO (20 pop) model (0.689). The least
successful result was observed in the classical ANFIS model
(1.406).

• The MSE (Mean Squared Error) value (0.050) calculated for
the ANFIS-TLBO (20 pop) model reflects the most appro-
priate estimation result. According to MSE values, the worst
result in estimation success (0.319) is in the classical ANFIS
model.

• The best RMSE (Root Mean Squared Error) value (0.223)
was determined for the ANFIS-TLBO (20 pop) model. The
worst RMSE estimation error value (0.565) was observed in
the classical ANFIS model.

• The highest estimation value (0.304) according to MBE
(Mean Bias Error) was determined for the ANFIS-PSO (30
pop) model. The lowest estimation value (−0.297) was mea-
sured in the classical ANFIS model. The ANFIS-TLBO (20
pop) model showed an ideal MBE value (0.188).

• The success of the ANFIS-TLBO (20 pop) model in predict-
ing the best green performance, according to the R2 value
(0.893), is also supported by other error comparison meth-
ods.

For the best green performance prediction, the ANFIS-TLBO with
20 population parameters is the most powerful model. It is fol-
lowed by the ANFIS-PSO model. Although the classical ANFIS
model showed the highest prediction success in the training data
results, it produced the least successful results in the test data
error comparison.

5 | Conclusions and Implications

Examining green growth performance has a significant impact
on the efficient use of the limited natural resources available to
countries. Decision-makers and policymakers may require stud-
ies evaluating past environmental and resource use to inform
strategic plans for green growth. For decision-makers to take
swift and appropriate actions, they need to understand the direc-
tion and impact of changes in the current situation. The natu-
ral resources and environmental status of countries vary both
qualitatively and quantitatively. Considering these differences,
examining green growth performance at a macro level provides

13 of 21

 15320634, 2025, 12-14, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cpe.70089 by A

rtvin C
oruh U

niversity, W
iley O

nline L
ibrary on [22/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



FIGURE 11 | ANFIS-TLBO lines.

   

FIGURE 12 | ANFIS-TLBO predictions.

FIGURE 13 | Iteration of the ANFIS-TLBO model.

more accurate interpretations. In this context, analyzing data
from countries using intuitionistic fuzzy approaches to eliminate
uncertainty will yield both meaningful and more accurate results.

The use of computer-based metaheuristic algorithms in
examining macro indicators is advantageous in terms of time

and efficiency. With developed hybrid metaheuristic algorithms,
multivariate, difficult, and complex problems can be solved
quickly and optimally. According to experimental studies with
cost and time constraints, hybrid metaheuristic algorithms can
be more ergonomic and effective for performance estimation.

This two-stage study focused on the green growth performance
of 31 selected OECD countries. In the first stage, the envi-
ronmental and resource use indicators that best reflect green
growth performance were determined. The countries in the sam-
ple set were ranked according to their green growth performance
using the integrated Shannon Entropy-IFCRADIS model based
on the selected variables. In the second stage, classical ANFIS,
ANFIS-PSO, ANFIS-GA, and ANFIS-TLBO methods were tested
to estimate green growth performance values from different per-
spectives. Various population parameters were tested to find the
highest performance estimate value. Different estimation error
comparison methods were employed to compare and evaluate the
models. The study offers several recommendations for managers,
policymakers, and researchers based on the findings.

A significant relationship was observed at the 0.05 and 0.01
levels between the variables identified in this study for green
growth performance measurement, enhancing the validity and
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TABLE 5 | Comparison of sensitivity analysis results.

Training Testing

MAE SMAPE MSE RMSE MBE R2 MAE SMAPE MSE RMSE MBE R2

ANFIS 0.000 0.000 0.000 0.000 0.000 1000 0.435 1406 0.319 0.565 −0.297 0.292
ANFIS PSO (20 Pop) 0.046 0.182 0.003 0.057 −0.004 0.930 0.273 0.880 0.097 0.311 0.092 0.357
ANFIS PSO (30 Pop) 0.049 0.183 0.004 0.060 0.006 0.926 0.304 0.737 0.158 0.398 0.304 0.876
ANFIS PSO (40 Pop) 0.041 0.178 0.003 0.055 0.001 0.935 0.231 0.739 0.076 0.276 0.145 0.585
ANFIS PSO (50 Pop) 0.049 0.181 0.004 0.062 0.001 0.920 0.316 0.864 0.147 0.383 0.058 0.178
ANFIS GA (20 Pop) 0.081 0.235 0.013 0.114 0.011 0.724 0.285 0.851 0.092 0.303 0.094 0.488
ANFIS GA (30 Pop) 0.084 0.242 0.010 0.101 0.022 0.791 0.327 0.915 0.139 0.372 0.071 0.023
ANFIS GA (40 Pop) 0.060 0.215 0.006 0.078 −0.016 0.881 0.227 0.756 0.065 0.255 0.133 0.675
ANFIS GA (50 Pop) 0.057 0.191 0.007 0.082 −0.002 0.860 0.248 0.866 0.073 0.271 0.090 0.505
ANFIS TLBO (20 Pop) 0.039 0.171 0.002 0.049 0.003 0.950 0.196 0.689 0.050 0.223 0.188 0.893
ANFIS TLBO (30 Pop) 0.077 0.276 0.011 0.103 0.012 0.812 0.218 0.811 0.066 0.257 0.085 0.626
ANFIS TLBO (40 Pop) 0.041 0.167 0.002 0.045 0.002 0.957 0.294 0.823 0.097 0.312 0.131 0.449
ANFIS TLBO (50 Pop) 0.044 0.173 0.003 0.057 −0.004 0.932 0.252 0.775 0.077 0.278 0.150 0.586

reliability of the research results. In the study, renewable elec-
tricity generation emerged as the most important variable when
evaluating green growth performance from environmental and
resource efficiency perspectives. Other studies also provide evi-
dence that renewable energy sources are the most suitable solu-
tions for energy security and mitigating global warming [137].
This situation necessitates reducing fossil resources in energy
production, promoting renewable electricity investments, and
increasing green financing to achieve global green growth tar-
gets. International financial institutions should develop a global
strategy focused on renewable energy and provide support, par-
ticularly to underdeveloped countries. Solutions to climate prob-
lems can be found, and ecosystem protection can be ensured
through the more conscious and efficient use of environmental
and natural resources. Decision-makers, governments, and sci-
entists have important responsibilities to provide theoretical and
practical support to energy companies investing in and imple-
menting renewable electricity solutions.

Focusing on the green growth performance of selected OECD
countries over the last 10 years, this study shows that Ire-
land, Switzerland, and Costa Rica have the highest performance
values. Ireland has achieved efficiency in environmental and
resource use due to increased public investments focused on
climate and biodiversity. Ireland’s sustainable policy practices
regarding the use of energy and natural resources are notewor-
thy. Switzerland has made significant improvements in environ-
mental performance, particularly in terms of greenhouse gas
emissions, by taking serious steps to enhance the performance
of its agriculture, energy, and transportation sectors. Switzer-
land’s innovative approaches to environmental and resource use
in green growth can serve as an example for other countries. As
a financial center, Switzerland plays a crucial role in promoting
green finance. Costa Rica, despite an increase in energy use and
greenhouse gas emissions in recent years, has been quite suc-
cessful in reversing deforestation globally and pursuing a growth
model based on the sustainable use of environmental resources.

Independent OECD Environmental Performance Review reports,
which present progress toward environmental policy goals, sup-
port the findings of this study for Ireland, Switzerland, and Costa
Rica. These findings underscore the critical role of environmental
and resource efficiency for managers in promoting green growth
and evaluating performance.

The proper adjustment of algorithm-specific variables greatly
affects the performance of the algorithms. Incorrectly adjusted
algorithm parameters can lead to misleading results. The TLBO
method was developed to address the need for an algorithm
that does not require specific variables [67]. TLBO, a completely
population-dependent technique, has emerged as one of the sim-
plest and most effective techniques for solving single-objective
benchmarking and real-life application problems. It has been
experimentally shown to perform well in many optimization
problems [138].

One of the unique advantages of the TLBO algorithm is that it
does not require any special control parameters other than pop-
ulation size and generation number to operate effectively [139].
Based on the results of this research, it is recommended to use
optimized and trained ANFIS structures instead of the classical
ANFIS method in similar studies. The results of this study will
help scientists and decision-makers estimate green growth per-
formance and design and evaluate new policies.

While countries strive for economic development and effi-
cient use of existing resources, they also face climate change
and environmental challenges globally. Policymakers and
decision-makers often focus on economic values, neglecting the
resource and environmental impacts of macro growth indicators.
However, the path for countries to achieve sustainable economic
structures lies in green growth policies and practices that are
based on environmentally sensitive and rational resource use.
Monitoring and evaluating green growth performance is crucial
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at both macro and micro levels. Environmental and resource effi-
ciency indicators can serve as guides in evaluating green growth
performance, especially in reports published by international
organizations.

The Green Growth Index, published in the GGGI technical report
by Acosta et al. [2], provides results that evaluate green growth
within a general framework. In this study, an evaluation is made
of environmental and resource efficiency associated with green
growth. A specific regional approach yields more rational results
than a general approach for diagnosis and treatment. In this
respect, the study differs from the GGGI green growth reports,
offering unique insights and advantages.

5.1 | Policy and Research Implications

When the results of this study are examined from a policy per-
spective, it is clear that countries need to coordinate with the
environmental elements of countries that have demonstrated suc-
cessful performance, considering each country’s unique situa-
tion, to address environmental problems. Countries must prior-
itize the use of renewable electricity while developing founda-
tional sustainable policies. The production and use of renewable
energy encourage improved green growth performance. Coun-
tries achieving green growth at the macro level can also lay the
foundation for social welfare.

To reduce fossil energy consumption across all sectors, increase
the use of renewable energy, and ensure sustainable eco-
nomic development, resource efficiency must be enhanced
by changing how resources are utilized. Emphasis should be
placed on planning and protecting natural resources, reduc-
ing pollution levels, and ensuring the rational use of these
resources. Environmental and resource efficiency must be pri-
oritized to boost the dynamism and potential of economic
development. Although industrial economic development typ-
ically results in resource waste and environmental pollu-
tion, this trend can be reversed through well-managed green
growth policies. Investments in environmental protection and
management can be promoted through appropriate economic
development policies. Green growth and resource use effi-
ciency can be encouraged through environmentally friendly
investments.

When decision-makers focus on resource efficiency to improve
green growth performance, they can enhance their orga-
nizational and production processes without requiring sig-
nificant structural changes. This, in turn, contributes to a
cleaner environment and improves national-level green growth
performance.

From a research perspective, this study empirically demonstrates
how environmental and resource use efficiency impacts a coun-
try’s overall green growth performance. However, this study has
some limitations that may inspire future research. Due to the
limited accessibility of data in the use of the proposed model,
the study sample consisted of 31 countries. Future studies could
increase the number of participating countries and expand the
sample set. This study focuses on green growth performance
analysis from 2013 to 2022, using environmental and resource

efficiency indicators. Future studies could examine the relation-
ship between these factors while considering other dimensions of
green growth.

Finally, training the ANFIS method using different optimiza-
tion algorithms and comparing the results is recommended for
future studies. This study is limited to selected OECD countries
compared to a global sample. Therefore, future research could
expand this study to a global level, increasing the reliability of the
results. Due to methodological constraints, only three different
algorithms were used to test the predictions. The study could be
extended by incorporating additional metaheuristic algorithms.
Future studies could further generalize the findings of this study
by addressing the data and sample size limitations.
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work for Selecting Distribution Center Locations: A Hybrid Improved
Fuzzy SWARA and Fuzzy CRADIS Approach,” Computation 11, no. 4
(2023): 73, https://doi.org/10.3390/computation11040073.

95. Z. Xu, “Some Similarity Measures of Intuitionistic Fuzzy Sets and
Their Applications to Multiple Attribute Decision Making,” Fuzzy Opti-
mization and Decision Making 6 (2007): 109–121, https://doi.org/10.
1007/s10700-007-9004-z.

96. G. R. Jahanshahloo, F. H. Lotfi, and M. Izadikhah, “An Algorithmic
Method to Extend TOPSIS for Decision-Making Problems With Inter-
val Data,” Applied Mathematics and Computation 175, no. 2 (2006):
1375–1384, https://doi.org/10.1016/j.amc.2005.08.048.

97. A. Singh, D. K. Joshi, and S. Kumar, “A Novel Construction
Method of Intuitionistic Fuzzy Set From Fuzzy Set & Its Application
in Multi-Criteria Decision-Making Problem,” in Advanced Computing
& Communication Technologies: Proceedings of the 11th ICACCT 2018
(Springer, 2019), 67–75.

98. N. C. Onat, S. Gumus, M. Kucukvar, and O. Tatari, “Application of
the TOPSIS and Intuitionistic Fuzzy Set Approaches for Ranking the Life
Cycle Sustainability Performance of Alternative Vehicle Technologies,”
Sustainable Production and Consumption 6 (2016): 12–25, https://doi.
org/10.1016/j.spc.2015.12.003.

99. E. Szmidt and J. Kacprzyk, “Distances Between Intuitionistic Fuzzy
Sets,” Fuzzy Sets and Systems 114, no. 3 (2000): 505–518, https://doi.org/
10.1016/S0165-0114(98)00244-9.

100. R. Krishankumar and F. Ecer, “Selection of IoT Service Provider
for Sustainable Transport Using q-Rung Orthopair Fuzzy CRADIS
& Unknown Weights,” Applied Soft Computing 132 (2023): 109870,
https://doi.org/10.1016/j.asoc.2022.109870.

101. M. I. Guerra, F. M. de Araújo, J. T. de Carvalho Neto, and R. G. Vieira,
“Survey on Adaptative Neural Fuzzy Inference System (ANFIS) Architec-
ture Applied to Photovoltaic Systems,” Energy Systems 15, no. 2 (2024):
505–541, https://doi.org/10.1007/s12667-022-00513-8.

102. A. Nadeem and A. Hussain, “A Comprehensive Review of Global
Maximum Power Point Tracking Algorithms for Photovoltaic Systems,”
Energy Systems 14, no. 2 (2023): 293–334, https://doi.org/10.1007/
s12667-021-00476-2.

103. J. S. Jang, “ANFIS: Adaptive-Network-Based Fuzzy Inference Sys-
tem,” IEEE Transactions on Systems, Man, and Cybernetics 23, no. 3
(1993): 665–685, https://doi.org/10.1109/21.256541.

104. S. Hussain and A. Al Alili, “Soft Computing Approach for Solar Radi-
ation Prediction Over Abu Dhabi, UAE: A Comparative Analysis,” in 2015

19 of 21

 15320634, 2025, 12-14, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cpe.70089 by A

rtvin C
oruh U

niversity, W
iley O

nline L
ibrary on [22/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.3846/jcem.2021.15252
https://doi.org/10.3846/jcem.2021.15252
https://doi.org/10.1016/S0019-9958(65)90241-X
https://doi.org/10.1016/S0019-9958(65)90241-X
https://doi.org/10.1287/mnsc.17.4.B141
https://doi.org/10.1287/mnsc.17.4.B141
https://doi.org/10.1287/mnsc.17.4.B141
https://doi.org/10.1016/s0165-0114(86)80034-3
https://doi.org/10.1016/s0165-0114(86)80034-3
https://doi.org/10.1016/j.ijar.2021.07.009
https://doi.org/10.1016/j.ijar.2021.07.009
https://doi.org/10.1016/j.eswa.2021.116228
https://doi.org/10.1016/j.eswa.2021.116228
https://doi.org/10.1016/j.eswa.2019.112903
https://doi.org/10.1016/j.eswa.2019.112903
https://doi.org/10.1016/j.eswa.2019.112903
https://doi.org/10.1016/j.eswa.2017.07.012
https://doi.org/10.1016/j.eswa.2017.07.012
https://doi.org/10.1016/j.eswa.2017.07.012
https://doi.org/10.1016/j.eswa.2011.04.227
https://doi.org/10.1016/j.eswa.2011.04.227
https://doi.org/10.1016/j.ins.2016.07.058
https://doi.org/10.1016/j.ins.2016.07.058
https://doi.org/10.1016/j.ins.2016.07.058
https://doi.org/10.1016/j.asoc.2014.10.039
https://doi.org/10.1016/j.asoc.2014.10.039
https://doi.org/10.1016/j.asoc.2014.10.039
https://doi.org/10.1016/j.asoc.2017.07.028
https://doi.org/10.1016/j.asoc.2017.07.028
https://doi.org/10.1016/j.asoc.2017.07.028
https://doi.org/10.1016/j.engappai.2014.12.004
https://doi.org/10.1016/j.engappai.2014.12.004
https://doi.org/10.1080/17509653.2017.1349625
https://doi.org/10.1080/17509653.2017.1349625
https://doi.org/10.1080/17509653.2017.1349625
https://doi.org/10.1016/j.ijhydene.2019.02.011
https://doi.org/10.1016/j.ijhydene.2019.02.011
https://doi.org/10.1016/j.ijhydene.2019.02.011
https://doi.org/10.1016/j.asoc.2017.04.027
https://doi.org/10.1016/j.asoc.2017.04.027
https://doi.org/10.1016/j.eswa.2011.03.048
https://doi.org/10.1016/j.eswa.2011.03.048
https://doi.org/10.1016/j.eswa.2011.03.048
https://doi.org/10.1016/j.cie.2019.06.031
https://doi.org/10.1016/j.cie.2019.06.031
https://doi.org/10.1016/j.cie.2019.06.031
https://doi.org/10.3390/su14148675
https://doi.org/10.3390/su14148675
https://doi.org/10.3390/su14148675
https://doi.org/10.3390/agriculture12020139
https://doi.org/10.3390/agriculture12020139
https://doi.org/10.3390/computation11040073
https://doi.org/10.3390/computation11040073
https://doi.org/10.1007/s10700-007-9004-z
https://doi.org/10.1007/s10700-007-9004-z
https://doi.org/10.1007/s10700-007-9004-z
https://doi.org/10.1016/j.amc.2005.08.048
https://doi.org/10.1016/j.amc.2005.08.048
https://doi.org/10.1016/j.spc.2015.12.003
https://doi.org/10.1016/j.spc.2015.12.003
https://doi.org/10.1016/j.spc.2015.12.003
https://doi.org/10.1016/S0165-0114(98)00244-9
https://doi.org/10.1016/S0165-0114(98)00244-9
https://doi.org/10.1016/S0165-0114(98)00244-9
https://doi.org/10.1016/j.asoc.2022.109870
https://doi.org/10.1016/j.asoc.2022.109870
https://doi.org/10.1007/s12667-022-00513-8
https://doi.org/10.1007/s12667-022-00513-8
https://doi.org/10.1007/s12667-021-00476-2
https://doi.org/10.1007/s12667-021-00476-2
https://doi.org/10.1007/s12667-021-00476-2
https://doi.org/10.1109/21.256541
https://doi.org/10.1109/21.256541


IEEE International Conference on Smart Energy Grid Engineering (SEGE)
(IEEE, 2015), 1–6.

105. M. R. Ghasemi, M. Ghasri, and A. H. Salarnia, “ANFIS-TLBO
Hybrid Approach to Predict Compressive Strength of Rectangular FRP
Columns,” Iran University of Science & Technology 12, no. 3 (2022):
399–410.

106. Z. Hussain, B. Mehmood, M. K. Khan, and R. S. M. Tsimisaraka,
“Green Growth, Green Technology, and Environmental Health: Evidence
From High-GDP Countries,” Frontiers in Public Health 9 (2022): 816697,
https://doi.org/10.3389/fpubh.2021.816697.

107. A. Kaveh, S. M. Hamze-Ziabari, and T. Bakhshpoori, “Feasibility
of Pso-Anfis-Pso and Ga-Anfis-Ga Models in Prediction of Peak Ground
Acceleration,” International Journal of Optimization in Civil Engineering
8, no. 1 (2018): 1–14.

108. F. Belhachat and C. Larbes, “Global Maximum Power Point Track-
ing Based on ANFIS Approach for PV Array Configurations Under Par-
tial Shading Conditions,” Renewable and Sustainable Energy Reviews 77
(2017): 875–889, https://doi.org/10.1016/j.rser.2017.02.056.

109. J. Kennedy and R. Eberhart, “Particle Swarm Optimization,” in Pro-
ceedings of ICNN’95-International Conference on Neural Networks, vol. 4
(IEEE, 1995), 1942–1948.

110. I. De Falco, A. Della Cioppa, and E. Tarantino, “Facing Classification
Problems With Particle Swarm Optimization,” Applied Soft Computing 7,
no. 3 (2007): 652–658, https://doi.org/10.1016/j.asoc.2005.09.004.

111. D. Wang, D. Tan, and L. Liu, “Particle Swarm Optimization
Algorithm: An Overview,” Soft Computing 22 (2018): 387–408,
https://doi.org/10.1007/s00500-016-2474-6.

112. R. Salomon, “Re-Evaluating Genetic Algorithm Performance Under
Coordinate Rotation of Benchmark Functions. A Survey of Some Theo-
retical and Practical Aspects of Genetic Algorithms,” Biosystems 39, no. 3
(1996): 263–278, https://doi.org/10.1016/0303-2647(96)01621-8.

113. S. Agarwal, A. P. Singh, and N. Anand, “Evaluation Performance
Study of Firefly Algorithm, Particle Swarm Optimization and Artificial
Bee Colony Algorithm for Non-linear Mathematical Optimization Func-
tions,” in 2013 Fourth International Conference on Computing, Communi-
cations and Networking Technologies (ICCCNT) (IEEE, 2013), 1–8.

114. E. A. Kaur and E. M. Kaur, “A Comprehensive Survey of Test Func-
tions for Evaluating the Performance of Particle Swarm Optimization
Algorithm,” International Journal of Hybrid Information Technology 8, no.
5 (2015): 97–104, https://doi.org/10.14257/ijhit.2015.8.5.10.

115. M. Pant, R. Thangaraj, and A. Abraham, Foundations of Computa-
tional Intelligence Volume 3: Global Optimization (Springer Berlin Heidel-
berg, 2009), 101–128.

116. Y. Zhang, S. Wang, and G. Ji, “A Comprehensive Survey on Parti-
cle Swarm Optimization Algorithm and Its Applications,” Mathematical
Problems in Engineering 2015, no. 1 (2015): 931256, https://doi.org/10.
1155/2015/931256.

117. S. Forrest, “Genetic Algorithms,” ACM Computing Surveys (CSUR)
28, no. 1 (1996): 77–80, https://doi.org/10.1145/234313.234350.

118. M. Abdel-Basset, L. Abdel-Fatah, and A. K. Sangaiah, “Metaheuristic
Algorithms: A Comprehensive Review,” Computational Intelligence for
Multimedia Big Data on the Cloud With Engineering Applications (2018):
185–231, https://doi.org/10.1016/B978-0-12-813314-9.00010-4.

119. D. Corus, D. C. Dang, A. V. Eremeev, and P. K. Lehre, “Level-Based
Analysis of Genetic Algorithms and Other Search Processes,” IEEE
Transactions on Evolutionary Computation 22, no. 5 (2017): 707–719,
https://doi.org/10.1109/TEVC.2017.2753538.

120. A. E. Eiben, E. H. Aarts, and K. M. Van Hee, “Global Convergence of
Genetic Algorithms: A Markov Chain Analysis,” in Parallel Problem Solv-
ing From Nature: 1st Workshop, PPSN I Dortmund, Frg (Springer Berlin
Heidelberg, 1991), 3–12.

121. S. J. Louis and G. J. Rawlins, “Predicting Convergence Time
for Genetic Algorithms,” Foundations of Genetic Algorithms 2 (1993):
141–161, https://doi.org/10.1016/B978-0-08-094832-4.50015-5.

122. K. Sugihara, “Measures for Performance Evaluation of Genetic Algo-
rithms,” in Proceedings of the 3rd Joint Conference on Information Sci-
ences (State College, Commonwealth of Pennsylvania: Citeseer, 1997),
172–175.

123. R. V. Rao, V. J. Savsani, and D. P. Vakharia, “Teaching-Learning-
Based Optimization: A Novel Method for Constrained Mechanical
Design Optimization Problems,” Computer-Aided Design 43, no. 3 (2011):
303–315, https://doi.org/10.1016/j.cad.2010.12.015.

124. F. Zou, D. Chen, and Q. Xu, “A Survey of Teaching-Learning-Based
Optimization,” Neurocomputing 335 (2019): 366–383, https://doi.org/10.
1016/j.neucom.2018.06.076.

125. F. Zou, L. Wang, X. Hei, and D. Chen, “Teaching-Learning-Based
Optimization With Learning Experience of Other Learners and Its
Application,” Applied Soft Computing 37 (2015): 725–736, https://doi.
org/10.1016/j.asoc.2015.08.047.

126. K. T. Kabengele, I. O. Olayode, and L. K. Tartibu, “Analysis of the Per-
formance of a Hybrid Thermal Power Plant Using Adaptive Neuro-Fuzzy
Inference System (ANFIS)-based Approaches,” Applied Sciences 13, no.
21 (2023): 11874, https://doi.org/10.3390/app132111874.

127. D. Chicco, M. J. Warrens, and G. Jurman, “The Coefficient of Deter-
mination R-Squared Is More Informative Than SMAPE, MAE, MAPE,
MSE and RMSE in Regression Analysis Evaluation,” PeerJ Computer Sci-
ence 7 (2021): e623, https://doi.org/10.7717/peerj-cs.623.

128. OECD, “The OECD Set of Green Growth Indica-
tors,” 2017 https://www.oecd-ilibrary.org/content/component/
9789264268586-20-en.

129. H. Moayedi, M. Raftari, A. Sharifi, W. A. W. Jusoh, and A. S. A.
Rashid, “Optimization of ANFIS With GA and PSO Estimating α
Ratio in Driven Piles,” Engineering with Computers 36 (2020): 227–238,
https://doi.org/10.1007/s00366-018-00694-w.

130. I. P. Okokpujie and J. E. Sinebe, “An Overview of the Study of
ANN-GA, ANN-PSO, ANFIS-GA, ANFIS-PSO and ANFIS-FCM Pre-
dictions Analysis on Tool Wear During Machining Process,” Journal
Européen Des Systèmes Automatisés 56, no. 2 (2023): 269, https://doi.org/
10.18280/jesa.560212.

131. C. E. Shannon, “A Mathematical Theory of Communication,” Bell
System Technical Journal 27, no. 3 (1948): 379–423, https://doi.org/10.
1002/j.1538-7305.1948.tb01338.x.

132. M. Riaz, A. Razzaq, H. Kalsoom, et al., “Q-Rung Orthopair
Fuzzy Geometric Aggregation Operators Based on Generalized and
Group-Generalized Parameters With Application to Water Loss Man-
agement,” Symmetry 12, no. 8 (2020): 1236, https://doi.org/10.3390/
sym12081236.

133. W. Ma, X. Luo, and Y. Jiang, “Multicriteria Decision Making With
Cognitive Limitations: A DS/AHP-Based Approach,” International Jour-
nal of Intelligent Systems 32, no. 7 (2017): 686–721, https://doi.org/10.
1002/int.21872.

134. J. Rezaei, “Best-Worst Multi-Criteria Decision-Making Method:
Some Properties and a Linear Model,” Omega 64 (2016): 126–130,
https://doi.org/10.1016/j.omega.2015.12.001.

135. M. Chaudhary, L. Gaur, and A. Chakrabarti, “Comparative Analy-
sis of Entropy Weight Method and c5 Classifier for Predicting Employee
Churn,” in 2022 3rd International Conference on Intelligent Engineering
and Management (ICIEM) (IEEE, 2022), 232–236.

136. L. Acosta, S. Zabrocki, J. R. Eugenio, et al., “Green Growth Index
2020—Measuring Performance in Achieving SDG Targets,” 2020 GGGI
Technical Report No. 16, Green Growth Performance Measurement Pro-
gram, Global Green Growth Institute (GGGI).

20 of 21 Concurrency and Computation: Practice and Experience, 2025

 15320634, 2025, 12-14, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cpe.70089 by A

rtvin C
oruh U

niversity, W
iley O

nline L
ibrary on [22/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.3389/fpubh.2021.816697
https://doi.org/10.3389/fpubh.2021.816697
https://doi.org/10.1016/j.rser.2017.02.056
https://doi.org/10.1016/j.rser.2017.02.056
https://doi.org/10.1016/j.asoc.2005.09.004
https://doi.org/10.1016/j.asoc.2005.09.004
https://doi.org/10.1007/s00500-016-2474-6
https://doi.org/10.1007/s00500-016-2474-6
https://doi.org/10.1016/0303-2647(96)01621-8
https://doi.org/10.1016/0303-2647(96)01621-8
https://doi.org/10.14257/ijhit.2015.8.5.10
https://doi.org/10.14257/ijhit.2015.8.5.10
https://doi.org/10.1155/2015/931256
https://doi.org/10.1155/2015/931256
https://doi.org/10.1155/2015/931256
https://doi.org/10.1145/234313.234350
https://doi.org/10.1145/234313.234350
https://doi.org/10.1016/B978-0-12-813314-9.00010-4
https://doi.org/10.1016/B978-0-12-813314-9.00010-4
https://doi.org/10.1109/TEVC.2017.2753538
https://doi.org/10.1109/TEVC.2017.2753538
https://doi.org/10.1016/B978-0-08-094832-4.50015-5
https://doi.org/10.1016/B978-0-08-094832-4.50015-5
https://doi.org/10.1016/j.cad.2010.12.015
https://doi.org/10.1016/j.cad.2010.12.015
https://doi.org/10.1016/j.neucom.2018.06.076
https://doi.org/10.1016/j.neucom.2018.06.076
https://doi.org/10.1016/j.neucom.2018.06.076
https://doi.org/10.1016/j.asoc.2015.08.047
https://doi.org/10.1016/j.asoc.2015.08.047
https://doi.org/10.1016/j.asoc.2015.08.047
https://doi.org/10.3390/app132111874
https://doi.org/10.3390/app132111874
https://doi.org/10.7717/peerj-cs.623
https://doi.org/10.7717/peerj-cs.623
https://www.oecd-ilibrary.org/content/component/9789264268586-20-en
https://www.oecd-ilibrary.org/content/component/9789264268586-20-en
https://www.oecd-ilibrary.org/content/component/9789264268586-20-en
https://doi.org/10.1007/s00366-018-00694-w
https://doi.org/10.1007/s00366-018-00694-w
https://doi.org/10.18280/jesa.560212
https://doi.org/10.18280/jesa.560212
https://doi.org/10.18280/jesa.560212
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.3390/sym12081236
https://doi.org/10.3390/sym12081236
https://doi.org/10.3390/sym12081236
https://doi.org/10.1002/int.21872
https://doi.org/10.1002/int.21872
https://doi.org/10.1002/int.21872
https://doi.org/10.1016/j.omega.2015.12.001
https://doi.org/10.1016/j.omega.2015.12.001


137. Z. Khan, S. Ali, M. Umar, D. Kirikkaleli, and Z. Jiao,
“Consumption-Based Carbon Emissions and International Trade in
G7 Countries: The Role of Environmental Innovation and Renewable
Energy,” Science of the Total Environment 730 (2020): 138945, https://doi.
org/10.1016/j.scitotenv.2020.138945.

138. T. Dede and V. Togan, “A Teaching Learning Based Optimization
for Truss Structures With Frequency Constraints,” Structural Engineer-
ing and Mechanics: An International Journal 53, no. 4 (2015): 833–845,
https://doi.org/10.12989/sem.2015.53.4.833.

139. R. V. Rao and V. D. Kalyankar, “Parameter Optimization of Machin-
ing Processes Using a New Optimization Algorithm,” Materials and Man-
ufacturing Processes 27, no. 9 (2012): 978–985, https://doi.org/10.1080/
10426914.2011.602792.

21 of 21

 15320634, 2025, 12-14, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cpe.70089 by A

rtvin C
oruh U

niversity, W
iley O

nline L
ibrary on [22/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1016/j.scitotenv.2020.138945
https://doi.org/10.1016/j.scitotenv.2020.138945
https://doi.org/10.1016/j.scitotenv.2020.138945
https://doi.org/10.12989/sem.2015.53.4.833
https://doi.org/10.12989/sem.2015.53.4.833
https://doi.org/10.1080/10426914.2011.602792
https://doi.org/10.1080/10426914.2011.602792
https://doi.org/10.1080/10426914.2011.602792

	Predicting the Best Green Growth Performance With Integrated Intuitionistic Fuzzy and Metaheuristic Algorithms
	ABSTRACT
	1 | Introduction
	1.1 | Objectives of the Study

	2 | Literature Review
	3 | Methodology and Implementation
	3.1 | Intuitionistic Fuzzy Compromise Ranking of Alternatives From Distance to Ideal Solution
	3.2 | The Adaptive Neuro-Fuzzy Inference System
	3.3 | Particle Swarm Optimization
	3.4 | Genetic Algorithm
	3.5 | Teaching Learning Based Optimization
	3.6 | Methods for Measuring Forecast Accuracy
	3.7 | Data Collection and Preprocessing
	3.8 | Hybrid Modeling and Implementation

	4 | Results and Discussion
	4.1 | Green Growth Performance Results
	4.2 | Results of Best Green Growth Performance Predicted
	4.2.1 | Results of the ANFIS-PSO Model
	4.2.2 | Results of the ANFIS-GA Model
	4.2.3 | Results of the ANFIS-TLBO Model
	4.2.4 | Sensitivity Analysis Results



	5 | Conclusions and Implications
	5.1 | Policy and Research Implications

	Ethics Statement
	Conflicts of Interest
	Data Availability Statement
	References

