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ARTICLE INFO ABSTRACT

Keywords: In recent years, artificial intelligence-based hybrid methods have gained increasing attention for addressing
Manufacturing complex and nonlinear problems in engineering and economic systems. This study proposes an innovative
Value a‘dded approach to estimate manufacturing value-added at the macro level by integrating innovation, entrepreneurship,
g:i(r):;:;r;urship and environmental indicators. An Adaptive Neuro-Fuzzy Inference System (ANFIS) model is optimized using
Environment Genetic Algorithm (GA) and Particle Swarm Optimization (PSO) to improve estimation accuracy. The proposed
ANFIS-GA hybrid models are tested across different population sizes and benchmarked against the standard ANFIS model.
ANFIS-PSO Comparative performance evaluation reveals that the ANFIS-GA model with a population size of 25 outperforms

other models, achieving the most consistent and accurate estimation results with R>= 0.9080, MAE= 0.1455,
MSE= 0.0325, RMSE= 0.1801, and PBIAS= 0.7960. The findings demonstrate the robustness and applicability of
the ANFIS-GA model for manufacturing value-added prediction, offering valuable insights for policy makers and

industrial decision-makers in enhancing production performance and sustainable development strategies.

1. Introduction

The manufacturing industry serves as a fundamental engine for na-
tional economic development, transforming resources into high-value-
added products and driving productivity growth across related sectors
such as banking and logistics [15,52]. Given its pivotal role, accurately
estimating manufacturing value-added is essential for effective eco-
nomic management [14]. Traditionally, value creation has been
analyzed through single dimensions; however, modern production dy-
namics necessitate a multi-dimensional perspective incorporating
innovation, environmental sustainability, and entrepreneurship.

Innovation, primarily driven by Research and Development (R&D)
expenditures, is widely recognized as a critical determinant of industrial
output and total revenue growth [11,73]. Studies consistently demon-
strate a strong positive correlation between R&D investment and
manufacturing value-added [4,81]. Simultaneously, the environmental
impact of industrialization has become a primary global concern. The
manufacturing sector’s energy demand has led to increased CO2 emis-
sions, creating a dilemma between production growth and environ-
mental sustainability [8,85]. Consequently, integrating environmental
indicators into economic models is crucial for achieving sustainable
growth goals [91]. Furthermore, entrepreneurship plays a vital role in
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economic dynamism. Based on Schumpeterian theory, new enterprises
act as catalysts for innovation and value creation, directly influencing
macro-efficiency [60,83].

Despite the established importance of these factors individually,
modeling their complex and non-linear interactions remains a challenge.
Traditional econometric approaches often fall short in capturing the
stochastic nature of macroeconomic data [38]. To address this, Soft
Computing methods, particularly Adaptive Neuro-Fuzzy Inference Sys-
tems (ANFIS) optimized with metaheuristic algorithms, offer robust
solutions for complex forecasting problems where conventional hard-
ware or methods may fail [24,90].

1.1. Research gap and objectives

Although soft computing methods have been widely applied in en-
gineering optimization, their application in macroeconomic mod-
eling—specifically for estimating manufacturing value-added with a
multi-dimensional perspective—remains limited. To the best of the au-
thors’ knowledge, no prior study has simultaneously integrated inno-
vation (R&D), entrepreneurship (number of enterprises), and
environmental impact (CO2 emissions) into a single predictive frame-
work using hybrid neuro-fuzzy models. This represents the core novelty
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of this research.

e Therefore, the primary objective of this study is to bridge this gap by
proposing a robust hybrid forecasting model. The main contributions
of this paper are threefold:

e New Input Combination: It introduces a holistic approach by

combining three distinct indicators (innovation, entrepreneurship,

and environment) to estimate manufacturing performance.

Methodological Application: It applies and compares advanced

hybrid algorithms (ANFIS-GA and ANFIS-PSO) specifically for this

macroeconomic problem.

Parameter Sensitivity: It systematically investigates the effect of

population size on the estimation accuracy, offering technical in-

sights for future applications.

In line with these objectives, the study seeks to answer the following
research questions:

RQ1: Is it possible to accurately estimate manufacturing value-added
at the macro level using a multi-dimensional input set?

RQ2: How effective are innovation, R&D, and entrepreneurship in-
dicators when integrated with environmental data for manufacturing
value-added estimation?

RQ3: Do ANFIS-based hybrid metaheuristic algorithms (ANFIS-GA
and ANFIS-PSO) outperform standard models in this economic context?

RQ4: How does the variation in population size parameters affect the
prediction performance and robustness of the proposed models?

The following sections of this article, which seek answers to ques-
tions in line with the main purpose of the research, are planned as fol-
lows. The literature section includes previous studies that can be
associated with the research. Then, methodology, data preparation,
modeling, and application are explained. In the last section, findings,
discussions, and conclusions are shared.

2. Literature review

The widespread use of computers has accelerated the advancement
of optimization theory, particularly the field of meta-heuristics, which
has recently received significant attention for solving complex problems
involving uncertainty [39]. Algorithms such as Particle Swarm Opti-
mization (PSO) [41], Genetic Algorithm (GA) [29], Differential Evolu-
tion (DE) [75], Artificial Bee Colony (ABC) [36], and
Teaching-Learning-Based Optimization (TLBO) [61] are widely pro-
posed in the literature for finding optimal solutions within acceptable
simulation times.

2.1. Applications of ANFIS and optimization in engineering

Numerous studies have demonstrated the efficacy of Artificial Neural
Networks (ANN) and ANFIS in various scientific domains. Takassi et al.
[78] compared Fuzzy Simulation results in syngas conversions using the
Mamdani algorithm, showing good consistency with experimental data.
Similarly, Salehi et al. [65] and Esfandyari et al. [17] applied Multilayer
Perceptron (MLP) ANN models to chemical processes, reporting quan-
titative agreement between model predictions and experimental results.
Tanhaei et al. [79] utilized ANFIS to effectively model the nonlinear
behavior of magnetic chitosan adsorption. Optimization algorithms
have also been integrated into these models; for instance, Shokouhi et al.
[74] used a GA-ANN design for gas solubility, and Salooki et al. [66]
compared GA-ANN capabilities in gas systems. Further applications
include estimating chemical removal percentages [16], water vapor
capacity in materials [53], and recovery potential from wastes [5,58],
all confirming that ANFIS and ANN methods offer successful and rapid
solution potentials compared to traditional experimental approaches.
Recent studies further emphasize that integrating Al-driven models into
industrial systems significantly enhances operational efficiency and
decision-making processes, as highlighted by Fernando et al. [22].
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2.2. Innovation, environment, and entrepreneurship in manufacturing

Recent literature emphasizes the critical role of technological inno-
vation, green strategies, and entrepreneurship in enhancing
manufacturing performance. Studies by Vukovi¢ et al. [84] and Irwanto
et al. [31] demonstrate that product/process innovations significantly
boost sustainable competitive advantage and productivity. Unanoglu
and Ozar1 [80] and Vajrapatkul [82] further show that innovation in-
dicators, such as R&D expenditures and patent intensity, explain a
substantial share of cross-country differences in manufacturing
value-added (MVA). From an environmental perspective, Zahoor et al.
[91] identified a significant positive correlation between MVA and CO,
emissions, while Samargandi [70] linked industrial value-added growth
to increased emissions. Febriani [20] argues that green manufacturing is
a core pillar of Industry 4.0. Additionally, entrepreneurship acts as a key
transmission channel for value creation. Robert [63] and Taan et al. [76]
highlight how entrepreneurial orientation drives technological upgrad-
ing and performance in manufacturing SMEs. Ongachi et al. [55] un-
derscore the contribution of SMEs to total manufacturing output in
emerging economies. Many studies [1,3,35,45,87] support the
manufacturing industry as the engine of economic growth.

2.3. Hybrid fuzzy-evolutionary approaches and research gap

To overcome the limitations of classical methods, hybrid models
combining ANFIS with meta-heuristic algorithms have gained promi-
nence. Esfandyari et al. [18,19] demonstrated that ANFIS optimized by
PSO offers better regulation performance in chemical processes
compared to standalone ANFIS. Similarly, Lara-Cerecedo et al. [43] and
Zanganeh & Chaji [92] found ANFIS-PSO to be a reliable predictor for
electricity generation and sea levels, respectively. In structural engi-
neering, Li et al. [44] showed that ANFIS-GA provides high accuracy for
concrete beam shear strength. Comparative studies yield mixed results
regarding the "best" algorithm; for instance, Yonar & Yonar [89] and
Shafiullah et al. [72] reported superior performance for ANFIS-GA in air
pollution and power system stability, whereas Mohammadi Behboud
et al. [51] and Ferdosian et al. [21] found ANFIS-PSO to be more ac-
curate in rock property and load estimation. Bharti & Samui [6]
concluded that ANFIS-GA is most powerful for slope stability. Further-
more, recent advancements in fuzzy evolutionary hybrids suggest that
integrating novel optimization mechanisms can significantly enhance
the interpretability and convergence of neuro-fuzzy systems [28].

Despite the extensive use of GA and PSO in various fields [2,10,62],
there is a notable gap in the literature regarding the use of hybrid-based
learning systems for estimating manufacturing value-added. No prior
study has simultaneously integrated innovation, entrepreneurship, and
environmental impact into a single predictive framework using these
advanced algorithms. To bridge this gap, this study applies the ANFIS
method modified by Ghasemi et al. [24] together with GA and PSO al-
gorithms to model manufacturing value-added at the macro level.

3. Methodology and implementation

Although numerous econometric, statistical, and machine learning
techniques have been widely utilized to examine the contribution of
innovation and entrepreneurship to value creation, these traditional
approaches often exhibit limitations in capturing the nonlinear in-
teractions, fuzzy uncertainties, and complex dynamics inherent in
macroeconomic systems. Manufacturing value-added is simultaneously
influenced by innovation inputs, environmental pressures, and entre-
preneurial dynamics, creating a multivariate landscape that interacts in
non-linear ways. Consequently, a soft computing-based hybrid frame-
work offers a more robust analytical capability.

In this context, the ANFIS is particularly well-suited for modeling
such uncertainty and non-linearity, as it uniquely integrates the inter-
pretability of fuzzy logic rules with the learning capability of artificial
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neural networks. However, conventional ANFIS training algorithms
(typically gradient-based) are prone to getting trapped in local optima,
particularly when processing high-dimensional data. To mitigate this
limitation and ensure global optimization, evolutionary metaheuristic
algorithms—specifically GA and PSO are employed to optimize the
ANFIS parameters.

Literature demonstrates that GA and PSO significantly improve
convergence speed and predictive accuracy in complex forecasting
problems by enhancing the global search capability. Therefore, the
hybrid ANFIS-GA and ANFIS-PSO models adopted in this study are not
merely a methodological preference but a technical necessity to effec-
tively model the stochastic and non-linear structure of manufacturing
value-added.

The remainder of this section details the methodology, data prepa-
ration processes, the architecture of the proposed hybrid models, and
the implementation steps.

3.1. Adaptive neuro-fuzzy inferences system

ANFIS integrates the learning-based relational structure of ANN with
the decision-making mechanism of fuzzy logic [33]. Unlike ANN, ANFIS
provides interpretability through fuzzy rules, eliminating the "black box"
disadvantage. In this study, a Sugeno-type fuzzy inference system is
employed. The network structure consists of five layers, where
input-output data pairs are used to determine the parameters of the
partitions. The implemented system is functionally equivalent to a
first-order Takagi-Sugeno inference system [48,77]. The adaptation of
the optimization algorithm within the ANFIS structure is illustrated in
Fig. 1.

3.2. Genetic algorithm

GA, an optimization method that models the evolutionary process in
nature, was first proposed and developed by Holland [26] (H[27]). GA is
a meta-heuristic algorithm based on natural selection [32]. GA is a

FCM Clustering
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general random discovery tool for optimization based on the ideas of
natural selection and genetics. It uses probabilistic transition rules
instead of exact ones, which leads to the capacity to explore large so-
lution spaces [12,88]

To provide high-quality solutions to problems, high-quality solutions
can be produced by using mutation, selection, and crossover operators in
the evolutionary process in the GA optimization model [44]. In each
generation, the deterministic selection method selects the best data and
sends it to the next generation. In this so-called elitism, the best is always
kept. This increases the speed of the GA [21].

GA has been used to solve many problems in various fields since it
was first developed [37]. GA technique helps ANN provide reliable re-
sults [42,50]. GA-based models are effective techniques for solving
optimization problems because they can produce practical and
minimum-cost design solutions [71].

3.3. Particle swarm optimization

PSO is a population-based optimization approach that randomly
selects a population of particles or solutions, and then searches for the
optimum by updating the production at each iteration. Gheytanzadeh
et al., [25]. The PSO technique can help ANFIS to provide more reliable
results. The ANFIS-PSO technique has the advantage of being more
flexible for a given network structure size. The model procedure in the
ANFIS-PSO technique starts with the initialization of a set of particles
and continues with the random selection of particles. It helps in deter-
mining the optimal weights and deviations in the final output [49].

3.4. Methods of comparing prediction

To rigorously evaluate the prediction accuracy of the proposed
hybrid models, this study employed seven statistical metrics widely
recommended in the recent literature [7,30,68,69]. These performance
indicators include the Coefficient of Determination (R%), Root Mean
Squared Error (RMSE), Mean Biased Error (MBE), Mean Absolute Error

Optimization

Al T N
X i
! A2 : 9
i ] m N
i i
Inputs ! 3
! 1T N
|
% i ]
T ! Wa
i i
i i
; MFs ,
i i
Layer 1 Layer 2 Layer 3

Algorithm

W1
Dfi

W2
Df2

W3
Dfs

W4
Dfs

Layer 4 Layer 5

Fig. 1. Basic ANFIS structure with two inputs and optimization adaptation.
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(MAE), Symmetric Mean Absolute Percentage Error (SMAPE), Mean
Square Error (MSE), and Percent Bias (PBIAS). The mathematical no-
tations and definitions of these measures are briefly explained below.
The R? method is commonly used in regression models to calculate
the difference between dependent and independent variables. It de-
termines how well the predicted data fits the observed data. The higher
the Correlation coefficient, which is always less than 1, in other words,
the closer it is to 1, the more accurate the model is [34,46]. The math-
ematical notation of the R method is expressed in Eq. (3). where RSS is
the sum of squares of residuals and TSS is the total sum of squares. The
best value is 1, the worst value is -co .
5 RSS
R°=1- 7SS 3
RMSE is one of the most commonly used methods in time series
forecasting. It measures the amount of error between predicted and
observed values. RMSE is calculated using Eq. (4). The best value is 0,
the worst value is + oco.
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MBE is used to estimate the average deviation in the model. It cap-
tures the average deviation in the model with positive and negative
values. A positive deviation indicates an overestimation of the data,
while a negative deviation indicates an underestimation of the data. The
method is presented in Eq. (5).

MBE = (Pred; —  Acty) 5)

.
I
-

Z|~
\MZ

MAE provides a general and limited performance measure for the
model by correcting all errors of possible outliers. MAE is formulated by
Eq. (6). The best value in the MAE scale is 0, the worst value is + oo [13].

1 N
MAE = N;|Predj— Act| (6)

Mean Absolute Error in Percent (MAPE), which calculates the per-
centage average of absolute errors between the predicted values and the
actual values, provides specific information about the magnitude and
distribution of errors. However, when the observation and prediction
data set has a zero value, the use of the current MAPE scale gives errors.
In this study, the SMAPE measure proposed by Flores [23] and Makri-
dakis [47] was used to eliminate the disadvantages of the current MAPE
scale. SMAPE, which shows how large the errors are in percentage, is
explained by Eq. (7). The best value in the SMAPE scale is 0, the worst
value is 2.

100% X |Pred; — Act]

N = (|Predf|+|ACtj|)/2

SMAPE = ()

MSE is the method used to measure the performance of a prediction
model. MSE is calculated as the mean of the squared differences between
the true values and the predicted values. This measures the magnitude of
the errors in the model’s predictions. The MSE scale is formulated by Eq.
(8).The best value is 0 and the worst value is + oo [13].

MSE =

2=

N
(Pred, —  Act;)* ®
j=1

To assess the systematic bias of the best-performing model, PBIAS
was calculated. PBIAS measures the average tendency of the predicted
values to be higher or lower than the observed data. The metric is widely
used to evaluate model reliability in forecasting and estimation studies
[67].
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3.5. Data collection and preprocessing

The selection of input variables for estimating manufacturing value-
added in this study was determined based on the principles of "Modern
Production Theory’ and gaps identified in the recent literature. Unlike
traditional production functions that rely solely on quantitative inputs
such as labor and capital, this study constructs a multi-dimensional
scenario focusing on three qualitative development pillars:

1. Innovation (R&D Expenditures): Selected based on the endoge-
nous growth theory, which posits that technological advancement is
the primary driver of value-added [64].

2. Entrepreneurship (Number of Entrepreneurs): Included to cap-
ture the economic dynamism and business creation capacity of the
manufacturing sector [86].

3. Environmental Indicators (CO, Emissions): Selected to reflect the
impact of the *Green Economy’ and sustainable manufacturing reg-
ulations on production outputs [59]. Therefore, this specific combi-
nation was chosen to test the hypothesis that developmental
indicators are as significant as physical inputs in predicting
macro-level manufacturing performance. The conceptual pattern of
the research dimensions is illustrated in Fig. 2.

The dataset utilized in this study was obtained from the OECD Data
Explorer database, with an annual frequency covering the period from
2015 to 2020. The input and output variables were derived by averaging
these annual observations for 23 European countries.

Table 1 presents the descriptive statistics for the input variables
(R&D, CO3, Number of manufacturing enterprises) and the output var-
iable (Value Added). The dataset comprises 23 observations, split into a
training set of 16 samples (~70 %) and a testing set of 7 samples
(~30 %) to evaluate model generalizability. An analysis of the statistical
parameters in Table 1 reveals a heterogeneous structure within the
dataset. The high Standard Deviation (SD) values relative to the means
indicate significant variation across the variables. Notably, the positive
Skewness values for all variables in the total dataset (e.g., R&D: 4.28;
CO,: 4.44; Value Added: 3.82) indicate a right-skewed distribution.
Furthermore, the high Kurtosis values (e.g., R&D: 19.10; CO: 20.49)
suggest that the data follow a leptokurtic distribution with heavy tails,
deviating significantly from a normal distribution. This high variability
and non-normality confirm the non-linear and complex nature of the
problem, thereby justifying the utilization of robust artificial intelli-
gence techniques, such as ANFIS, for accurate estimation.

To prove the suitability of the data used in the study and to support
the accuracy of the analysis results, the relationship level between the
variables was examined with Spearman correlation analysis. As can be
seen in Table 2, a high relationship was generally observed between the
variables. The high relationship between the variables is important in
terms of the suitability of the data and the accuracy of the analysis
results.

Manufacturin

g Value added

Fig. 2. Modeling variables.
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Table 1
Descriptive statistics of data.
Statistical Training Testing Total data
parameters set (16) set (7) set (23)
R&D Min 45.6088 469.1075 45.6088
($ Million) Max 78344.3243 274065.8333 274065.8333
Mean 8160.9168 41791.4300 18396.2904
Kurtosis 13.4247 6.9862 19.1005
Skewness 3.5893 2.6423 4.2867
SD 19391.61181 102455.0001 58047.87025
CO, Min 1188207.2917 2641574.2783 1188207.2917
(Ton) Max 197020082.3133 971266666.6667 971266666.6667
Mean 35040933.7909 165276150.5369 74677738.8875
Kurtosis 6.9593 6.8638 20.4906
Skewness 2.5179 2.6127 4.4432
SD 50692855.66 356487856.9 200413409.5
Number of Min 7491.6667 19498.6667 7491.6667
manufacturing Max 377565.8333 341912.0000 377565.8333
enterprises Mean 82430.0938 134009.9762 98128.3188
Kurtosis 3.0440 0.4047 1.1347
Skewness 1.8306 1.0734 1.4067
SD 105272.647 114885.1664 108372.6659
Value added Min 10183.9529 126.3308 126.3308
($ Million) Max 2149824.3303 5789192.1600 5789192.1600
Mean 367213.0643 987546.2540 556010.1220
Kurtosis 6.8630 6.7715 15.7596
Skewness 2.5436 2.5906 3.8201
SD 560322.7048 2128142.277 1238716.961
bl value-added estimation performance. The basic flow chart of the
Table 2. . methodological approach used in the study is presented in Fig. 3. The
Correlation matrix of data. . . . .
implementation of the models was carried out in the Matlab R2023b
R&D €02 Number of Value environment. To achieve the purpose of the research, 70 % of the data
expenditures gii’;:;;c;::mg added was divided into the training set (16 data), and 30 % into the test set (7
data). The data was normalized and loaded. The model includes 3 input
R&D expenditures - 1 ,990 »955 981 variables and 1 output variable. Four Gaussian membership functions
CO, 1 ,614 ,982 . . . . .
Number of 1 684" were used for each input variable, and a linear membership function was
Manufacturing used for the output.
Enterprises A Takagi-Sugeno type fuzzy inference system was utilized to estab-
Value added 1

**_ Correlation is significant at the 0.01 level (2-tailed).

For the training of hybrid ANFIS models, based on previous suc-
cessful studies [49,54,79], all data were randomly divided from the
original dataset at a ratio of 70:30. In other words, 70 % of the dataset
(16 data points) was used for training purposes to establish model pa-
rameters, and the remaining 30 % (7 data points) was used to test the
model performance and validate generalization capability. Before
creating ANFIS models, the data were normalized to increase the accu-
racy of the results and to ensure faster convergence by eliminating the
scaling bias between variables. Eq. (10) was used in the normalization
process of the data:

)(j - Xmin

Xmax - Xmin (10)

n =

Eq. (10) normalizes the data into the range of [0, 1]. While some
studies suggest a narrower range (e.g., [0, 0.95]) to avoid potential
saturation in sigmoid-based activation functions, the Gaussian mem-
bership functions employed in this ANFIS structure performed robustly
within the standard [0, 1] interval without convergence issues.

3.6. Hybrid modeling and implementation

Thanks to the integration of developments in computer science into
business science, new approaches are used in estimating macro in-
dicators. Fuzzy logic applications can provide successful solutions to
problems in complex and uncertain environments by starting from the
human mind. Oshodi [56]. In this study, ANFIS parameters were opti-
mized and tested with GA and PSO to increase the manufacturing

lish the baseline ANFIS model structure. The initial fuzzy inference
system (FIS) was generated using the Fuzzy C-Means (FCM) clustering
technique to effectively identify the antecedent parameters and data
patterns. The comprehensive specifications of the applied models,
including the FCM settings (e.g., number of clusters) and the specific
hyperparameters for both ANFIS-GA and ANFIS-PSO optimization al-
gorithms, are consolidated in Table 3. During the optimization phase,
the objective function—representing the error between model outputs
and target values—was minimized iteratively until the maximum iter-
ation count (100 iterations) was reached. Following the completion of
the training process, the testing phase was initiated to evaluate the
generalization capability of the hybrid models. Finally, the predicted
results were systematically recorded and subjected to a rigorous
comparative analysis based on the statistical error metrics defined in the
methodology.

4. Results and discussion

To clarify the questions in this research, the classical ANFIS, ANFIS-
GA, and ANFIS PSO models were tested on the data in the sample. GA
and PSO learning algorithms were used to adapt the weights in the
ANFIS model modified by Ghasemi et al. [24]. In this section, the results
of the model proposed for the estimation of added value in
manufacturing are presented. The fuzzy model rule surfaces showing the
relationship between the inputs in the research (R&D expenditures,
number of entrepreneurs, CO, emissions) and output (Manufacturing
Value added) are displayed in Figs. 4, 5, and 6. It can be observed from
the surface viewers that the increase in inputs is reflected in the outputs.
The rule viewers show that the variables determined in the research
provide reasonable results.
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Data Pre-processing
Input: OECD Datasets

Test)

Process: Data Normalization (Eq. 9)
Process: Data Partitioning (70% Train, 30%

Model Construction

Generation of Initial Sugeno-type FIS
Determination of Initial Parameters

v

v

Hybrid Learning: LSE + Gradient

Standard ANFIS

Descent

Hybrid ANFIS-PSO
Parameter Optimization via

PSO

Hybrid ANFIS-GA
Parameter Optimization via GA

Table 3

Comprehensive parameter settings for the proposed ANFIS and Hybrid models.

Performance Evaluation & Comparison
Statistical Metrics
Visual Analysis

Fig. 3. Flow chart of methodological approach.

Category

Parameter

Value / Setting

FIS Generation
(Clustering)

ANFIS Training Settings

Genetic Algorithm (GA)

Particle Swarm Opt. (PSO)

Clustering Method

Number of Clusters
Exponent

Max. Iterations

Min. Improvement

FIS Type

Initial Step Size

Step Size Decrease Rate
Step Size Increase Rate
Number of Epochs
Population Size (Nyp)
Max. Iterations (MaxIt)

Crossover Percentage (p.)
Mutation Percentage (py,)

Mutation Rate (u)
Selection Pressure (/)
Gamma (y)

Selection Method
Population Size (Nyqp)
Max. Iterations (MaxIt)
Inertia Weight (w)
Inertia Weight Damping
Ratio

Personal Learning Coeff. (c1)
Global Learning Coeff. (c3)

Fuzzy C-Means
(FCM)

4

2

100

1x 10715
Sugeno
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Fig. 4. Surfaces of ANFIS Model 1.

Optimization algorithms in hybrid ANFIS models were tested with
different population parameters. Expert opinion was sought in deter-
mining the population parameters to be used in this study. According to
expert opinions, models were run with 5, 25 and 50 population pa-
rameters. The evaluation of the regression graphs showing the training
and test results of the optimized ANFIS models is presented in Figs. 7 and
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8. Fig. 7 shows that the training results of the ANFIS-GA model are
successful in all of the different population parameters applied
(R?=0.9967). It is understood that the ANFIS-GA model exhibits the
highest prediction performance (R?=0.9080) in the test results for 25
population parameters. Fig. 8 presents the regression analysis for the
ANFIS-PSO model. A critical scientific examination of Fig. 8 reveals a
notable discrepancy between the training and testing performances.
While the model achieves near-perfect fitting in the training phase
(R? ~ 0.9971), the prediction accuracy drops significantly in the testing
phase (R? = 0.7878 for 25 populations). This behavior, characterized by
the scattering of test data points away from the regression line, indicates
that the PSO algorithm tends to suffer from overfitting in this specific
problem domain. Unlike the ANFIS-GA model (Fig. 7), which demon-
strates a stable generalization capability, the ANFIS-PSO model strug-
gles to predict unseen data with the same level of precision. Therefore,
Fig. 8 is essential to visually demonstrate the comparative instability of
the PSO optimization against the proposed GA approach.

The R? value alone may not be sufficient to show the success of the
results obtained in the study. To ensure the validity and reliability of the
research results, the performances of the prediction results were
measured with various error comparison methods in this study. The
error comparison results are presented in Table 4. It is understood that
all models exhibited success with similar results in the error comparison
results of the training data. However, the results of the test data are
important to understand how accurate and successful the proposed
models are in the manufacturing value-added prediction. When the error
comparison results of the test data are examined;

e The optimal prediction result regarding MAE values was observed
in the ANFIS-GA (25 pop) model (0.1455). The worst MAE value was
determined in the ANFIS-PSO (5 pop) model.

e The most successful result in the SMAPE values, which show how
large the prediction errors are relative to the real value, was determined
in the ANFIS-GA (25 pop) model (0.1030). The classical ANFIS model
has the least successful result (0.1379).

e The MSE value (0.0325) calculated in the ANFIS-GA (25 pop)
model reflects the most appropriate estimation result. According to the
MSE values, the worst result in estimation success (0.1462) is in the
classical ANFIS model.
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Table 4
Results of performances for training and testing stages of models.
Training Testing
MAE SMAPE MSE RMSE MBE R? PBIAS MAE SMAPE MSE RMSE MBE R? PBIAS
ANFIS 0.0034 0.0358 0.0000 0.0070 0.0000 0.9992 0.0000 0.1976 0.1379 0.1462 0.3824 -0.1310 0.0864 -0.7209
ANFIS PSO (5 Pop) 0.0148 0.0488 0.0005 0.0220 -0.0010 0.9918 -0.0083 0.2656 0.1152 0.1223 0.3497 0.2423 0.4925 1.3335
ANFIS PSO (25 Pop) 0.0076 0.0426 0.0001 0.0098 -0.0001 0.9984 -0.0011 0.1659 0.1217 0.0394 0.1985 0.1204 0.7878 0.6624
ANFIS PSO (50 Pop) 0.0115 0.0510 0.0002 0.0132 0.0015 0.9971 0.0120 0.2458 0.1352 0.1196 0.3458 0.1447 0.3833 0.7962
ANFIS GA (5 Pop) 0.0182 0.0549 0.0005 0.0233 0.0023 0.9914 0.0187 0.1570 0.1099 0.0346 0.1861 0.1460 0.8980 0.8037
ANFIS GA (25 Pop) 0.0110 0.0477 0.0002 0.0137 0.0021 0.9970 0.0168 0.1455 0.1030 0.0325 0.1801 0.1446 0.9080 0.7960
ANFIS GA (50 Pop) 0.0114 0.0474 0.0002 0.0144 0.0017 0.9967 0.0139 0.2455 0.1319 0.0790 0.2811 0.0926 0.4542 0.5097

e The ANFIS-GA (25 pop) model has the best RMSE value (0.1801).
The worst RMSE estimation error value (0.3824) is observed in the
classical ANFIS model.

e The highest estimation value (0.2423) according to MBE was
determined in the ANFIS-PSO (5 pop) model. The lowest estimation
value (0.0926) was measured in the ANFIS-GA (50 pop) model. An ideal
MBE value (0.1446) is observed in the ANFIS-GA (25 pop) model.

e The manufacturing value-added estimation success of the ANFIS-
GA (25 pop) model in the R? value (0.9080) is also supported by the
results of other error comparison methods.

eAccording to the PBIAS analysis results for the testing phase,
distinct differences were observed in the directional prediction perfor-
mance of the models. The ANFIS- GA (50 Pop) model exhibited the
lowest bias in terms of absolute magnitude, with a PBIAS value of
0.5097, indicating the most balanced distribution between observed and
predicted values. Conversely, the ANFIS-PSO (5 Pop) model demon-
strated the poorest performance with the highest deviation value of
1.3335. Regarding the directional tendency of the errors, the standalone
ANFIS model showed a negative bias (-0.7209), indicating a tendency
for underestimation. In contrast, the hybrid models optimized with GA
and PSO generally displayed a slight tendency for overestimation (pos-
itive PBIAS). The ANFIS GA (25 Pop) model, which provided the best
overall accuracy in this study, maintained a PBIAS value of 0.7960,
demonstrating that its bias remains within acceptable limits.

ANFIS-GA is the most powerful model for manufacturing value-
added estimation in 25 population parameters. It is followed by the
ANFIS-PSO model. Classical ANFIS model has produced unsuccessful
results in manufacturing value-added estimation.

To better elucidate the research findings, the training and testing
graphs of the optimized hybrid ANFIS models are presented in Figs. 9
and 10. Upon examining these figures, it is observed that both hybrid
ANFIS models exhibit similar performance in the training data predic-
tion phase. However, it is evident that the ANFIS-GA model demon-
strates superior success in predicting manufacturing value-added,
particularly at a population size of 25.

A closer inspection of Fig. 9 (ANFIS-GA) reveals that the GA-
optimized model exhibits a robust capability in capturing the non-
linear dynamics of the manufacturing process. Specifically, in the test
phase, the ANFIS-GA model accurately predicts the critical peak value
(Point 4), which represents the maximum value-added point. Although
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minor deviations are observed in low-amplitude regions, the model’s
trajectory closely follows the target trend, indicating a strong general-
ization ability for the primary characteristics of the dataset.

In contrast, while the ANFIS-PSO model (Fig. 10) also demonstrates
good training performance, its test results at the same population size
(25) show slightly less stability compared to GA. The prediction curve of
PSO tends to exhibit sharper fluctuations around the target values in the
test set. This comparative visual analysis suggests that the genetic al-
gorithm provides a more balanced optimization for this specific prob-
lem, avoiding the premature convergence often seen in particle swarm
optimization.

To provide a multi-dimensional comparison of the proposed models,
Radar Charts were generated for both statistical indicators (R, MBE,
PBIAS) and error metrics (MAE, RMSE, MSE, SMAPE), as shown in
Fig. 11. Fig. 11 (Right) illustrates the error metrics where the axes
represent the magnitude of prediction error. In this representation, a
model performs better if its corresponding polygon encloses a smaller
area (closer to the center). As clearly observed, the Standard ANFIS
model (Blue line) exhibits the largest expansion, particularly along the
RMSE and MAE axes, indicating lower precision. In contrast, the ANFIS-
GA (25 Pop) model (Grey line) forms the innermost shape, effectively
minimizing the error across all four metrics (RMSE, MSE, MAE, SMAPE).
This visual evidence confirms that the Genetic Algorithm optimization
significantly reduces the deviation between predicted and observed
values compared to the PSO and Standard ANFIS approaches. Fig. 11
(Left) presents the performance regarding correlation and bias. The
ANFIS-GA and ANFIS-PSO models show a much stronger expansion to-
wards the outer edge of the R? axis compared to the Standard ANFIS,
visually confirming their higher determination coefficients. Simulta-
neously, the hybrid models maintain narrower deviations in MBE and
PBIAS, suggesting a more balanced and unbiased prediction capability.

The Taylor Diagram (Fig. 12) provides a concise statistical summary
of how well the models’ patterns match the observed manufacturing
value-added data. The diagram quantifies the degree of correspondence
between the modeled and observed behavior in terms of the correlation
coefficient (R), root-mean-square difference (RMSD), and standard de-
viation. As illustrated in Fig. 12, the position of the ANFIS-GA model
(Red Circle) indicates a superior performance compared to the ANFIS-
PSO model (Blue Square). Specifically:
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Fig. 9. ANFIS-GA —25 population.
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4.1. Correlation

The ANFIS-GA point is located closer to the horizontal axis (repre-
senting perfect correlation, R = 1), aligning with a correlation coeffi-
cient greater than 0.90. In contrast, the ANFIS-PSO point is positioned
higher up the arc, corresponding to a lower correlation (R = 0.78).

4.2. Standard deviation

The radial distance from the origin represents the standard devia-
tion. The ANFIS-GA model exhibits a standard deviation (=~ 0.32) that is
very close to that of the observed data, implying that the GA-optimized
model correctly captures the amplitude of variations in the dataset. The
ANFIS-PSO model, positioned further out radially (> 0.45), over-

estimates the variability of the target values.

4.3. Overadll accuracy

In a Taylor Diagram, the distance from the reference point (ideal
prediction) represents the centered RMSE. The closer proximity of the
Red Circle to the ideal correlation zone confirms that ANFIS-GA achieves
the lowest prediction error and highest structural consistency.

This superiority is further supported by Fig. 13 (Iteration). When the
convergence curves for 25 populations (orange lines) are compared, the
ANFIS-GA algorithm (left graph) achieves a lower final error rate and
maintains a stable descent after the initial iterations. Conversely, the
ANFIS-PSO algorithm (right graph), while converging quickly at the
start, settles at a slightly higher error plateau. This confirms that at a
population size of 25, ANFIS-GA offers a more precise and reliable
prediction model for manufacturing value-added estimation.

Variations in population size significantly influenced the prediction
performance. However, no linear correlation was observed between
population size and accuracy; specifically, performance did not mono-
tonically increase with population size. The prediction performance
does not decrease in proportion to the decreasing population size. It is
also stated that the calculation time is relatively shorter than that
required for ANFIS-GA, which can be attributed to the decrease in
population size due to the selection of the most suitable one.

4.3.1. Comparison with existing studies

To validate the robustness and prediction capability of the proposed
ANFIS-GA model, a comparative analysis was conducted against recent
studies in the literature focusing on economic and industrial forecasting.
Table 5 summarizes the performance metrics of the proposed model
alongside other relevant studies employing Machine Learning (Random
Forest, XGBoost), Traditional (ARIMA), and Hybrid methods.

As observed in Table 5, Kaya & Ozkan [40] utilized the traditional
ARIMA model for GDP forecasting, achieving a high determination co-
efficient (R? = 0.9003) with low error rates. However, the proposed
Hybrid ANFIS-GA (25 Population) model in this study surpassed this
benchmark, achieving a higher R? value of 0.9080. This indicates that
the optimized neuro-fuzzy approach provides a superior explanation of
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Fig. 13. ANFIS-GA (left) and ANFIS-PSO (right) Iteration.

Table 5
Comparison with existing studies.

Study Method

Application Domain

Performance (R2) Performance (RMSE/MAE/MSE/MAPE)

Proposed Study Hybrid ANFIS-GA (25 Pop)

Passarella et al. [57] Random Forest / XGBoost

Kaya & Ozkan [40]. ARIMA (Traditional) GDP Forecasting

Chaudhary & Uprety [9]. Hybrids ARIMA-ANN GDP Forecasting

Manufacturing Value-Added

GDP/Economic Growth

0.9080 RMSE = 0.1801
MAE = 0.1455
0.116-0.111 RMSE = 2.032-2.037
MAE = 1.033-1.526
0.9003 RMSE = 0.0327
MAE = 0.0246
MSE = 0.0010

- RMSE = 0.0973-0.0663
MSE = 0.0094-0.0045
MAPE = 0.0034-0.0557

the non-linear variance in the dataset compared to linear traditional
methods. Furthermore, when compared to the study by Passarella et al.
[57], which employed Random Forest and XGBoost algorithms, the
proposed ANFIS-GA model demonstrated significantly higher stability
and predictive accuracy. While Chaudhary & Uprety [9] reported low
error margins (MSE/RMSE) using Hybrid ARIMA-ANN, the direct
comparison of R? highlights that our proposed method offers a
competitive and reliable framework for manufacturing value-added
estimation. Consequently, the results confirm that integrating Genetic
Algorithms for parameter optimization enhances the model’s general-
ization capability, making it a robust tool for macro-level predictions.

4.3.2. Advantages of the proposed model

The primary advantage of the proposed hybrid ANFIS-GA model lies
in its ability to effectively handle the non-linear and complex nature of
manufacturing value-added data. Unlike traditional statistical methods
(e.g., linear regression or ARIMA), the the hybrid neuro-fuzzy structure
effectively captures the inherent uncertainties and ambiguous patterns
in the dataset. Furthermore, integrating the GA for parameter optimi-
zation significantly mitigates the risk of getting trapped in local minima,
a common drawback of gradient-based learning algorithms. This results
in higher prediction accuracy and better generalization capability, as
evidenced by the superior R? values compared to standard methods.

5. Conclusions

This study proposes a novel hybrid soft-computing framework to
estimate manufacturing value-added at the macro level by integrating
innovation, entrepreneurship, and environmental indicators. This multi-
dimensional perspective addresses a significant gap in the literature, as
traditional econometric models often fail to capture the non-linear in-
teractions, fuzzy uncertainties, and complex dynamics inherent in
macroeconomic systems. By employing ANFIS-GA and ANFIS-PSO al-
gorithms, this research contributes to the field by demonstrating how
evolutionary meta-heuristic techniques can effectively solve high-
dimensional economic forecasting problems where conventional
gradient-based methods fall short.

Summary of Findings and Technical Contributions
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The empirical analysis, conducted on the OECD dataset, revealed
critical insights regarding model optimization and stability. The
comparative results rigorously demonstrated that the ANFIS-GA model
with a population size of 25 achieved the most robust performance,
yielding the highest determination coefficient (R*> = 0.908) and the
lowest error rates (RMSE = 0.180, MAE = 0.145) in the testing phase. A
key finding of this study is the identification of overfitting in the ANFIS-
PSO model. While PSO showed high accuracy in training, its perfor-
mance dropped significantly in the testing phase (R?> = 0.788), indi-
cating a limited generalization capability for this specific domain. In
contrast, the ANFIS-GA model exhibited superior stability and consis-
tency across both training and testing datasets. This confirms that the
Genetic Algorithm provides a more effective global search mechanism
for optimizing neuro-fuzzy parameters in manufacturing value-added
estimation, preventing the model from getting trapped in local optima.

Theoretical Implications

Theoretically, this research challenges the sufficiency of single-factor
production models. It establishes that qualitative developmental in-
dicators (R&D expenditures and entrepreneurial activity) and environ-
mental constraints (CO, emissions) are as critical as physical capital in
value creation. The study validates the "Modern Production Theory"
within an Al framework, proving that manufacturing value-added is a
stochastic process driven by the synergy of innovation, business dyna-
mism, and sustainability, rather than a linear accumulation of resources.

Practical Implications

From a managerial and policy-making perspective, the high predic-
tive accuracy of the proposed model offers actionable insights:

For Policymakers: The strong correlation between the selected in-
puts and value-added suggests that policies incentivizing R&D and green
manufacturing are direct drivers of economic growth. The model pro-
vides a reliable tool for simulating the economic impact of potential
environmental regulations.

For Industrial Practitioners: Manufacturing firms can utilize this
hybrid Al approach to optimize their resource allocation. By accurately
forecasting value-added based on environmental and innovation inputs,
companies can reduce waste, minimize unnecessary costs, and align
their production strategies with sustainable development goals.

For Entrepreneurs: The model highlights the pivotal role of
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entrepreneurship in the manufacturing ecosystem, encouraging data-
driven investment decisions and risk assessment.

Limitations and Future Scope

Despite its contributions, this study has certain limitations. The
research focused on 23 OECD countries, which may limit the direct
applicability of the findings to developing economies with different
structural dynamics. It is important to acknowledge that the testing
dataset utilized in this study is relatively small (n = 7 observations).
While the hybrid models demonstrate high accuracy, this limited sample
size introduces a potential risk of overfitting, suggesting that the model’s
generalization capability should be interpreted with caution and vali-
dated on larger datasets in future research. Additionally, the computa-
tional cost of hybrid algorithms is higher than traditional statistical
methods. For future research, the scope can be expanded by investi-
gating other advanced meta-heuristic algorithms, such as Grey Wolf
Optimizer (GWO) or Ant Colony Optimization (ACO), to further fine-
tune the ANFIS parameters. Incorporating deep learning models like
Long Short-Term Memory (LSTM) networks could provide a benchmark
against neuro-fuzzy approaches. Furthermore, expanding the dataset to
include emerging markets and integrating more diverse macroeconomic
indicators would offer a broader perspective on global manufacturing
value-added prediction.

Nomenclature

Abbreviations

ABC Artificial Bee Colony

Act Actual

ACO Ant Colony Optimization
ANFIS  Adaptive Neuro Fuzzy Inference System
ANN Artificial Neural Network

CO, Carbon dioxide

DE Differential Evolution

FCM Fuzzy C-Mean

GA Genetic algorithm

GP Grid Partitioning

GWO Grey Wolf Optimizer

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MAPE  Mean Absolute Error in Percent
MBE Mean Biased Error

MLP Multilayer Perceptron

MSE Mean Square Error

OECD  Organisation for Economic Co-operation and Development
PBIAS  Percent Bias

Appendix A

Algorithm 1 Pseudo-code of the proposed Hybrid ANFIS-GA Model
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Pop Population

Pred Prediction

PSO Particle Swarm Optimization

R2 R-squared

RMSE Root Mean Square Error

RSS sum of squares of residuals

R&D Research and development

SC Subtractive Clustering method
SMAPE Symmetric Mean Absolute Percentage Error
TLBO Teaching-Learning-Based Optimization
TSS total sum of squares

Symbols

Symbol Description

R? Coefficient of Determination

a Learning rate / Crossover parameter
p Selection pressure parameter

o Standard deviation

[ Model parameters

Npop Population size

MaxIt Maximum number of iterations

Pe Crossover probability

Pm Mutation probability

Yact Actual value

Ypred Predicted value

y Mean of observed data

w; Firing strength of the i-th rule

n Total number of samples

Ethical approval

This article does not contain any studies with human participants or
animals performed by any of the authors.

Funding

Not applicable

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.



M. Ozdemir and M. Ozkul

Next Sustainability 7 (2026) 100241

Input:

Training Data set (D¢yrqin)

Initial FIS structure (Sugeno-type)

GA Parameters:

Population Size (N4, = 25)

Maximum Iterations (MaxIt = 100)
Crossover Rate (p, = 0.4)

Mutation Rate (p,, = 0.7)

Selection Pressure (f = 8)

Output: Optimized ANFIS Parameters (Opes¢)

Initialization:
: Extract initial parameters 8, from FIS structure.

:fori = 1to Ny, do

1
2
3
4: Evaluate Cost J; = MSE(ANFIS(P;, Dirqin))-
5: end for

6: Sort population based on Cost values.

7: Store the Best Solution (Solpeg;)-

Main Loop (Optimization):

8: while t < MaxIt do

10:
11:
12:
13:
14:
15:
16:
17: Evaluate Cost for mutants Py,.;).
18: Selection & Update:

19:
20:
21:

22:
23:

Crossover Step:

Select parent pairs using Roulette Wheel Selection.
Apply Arithmetic Crossover to generate offspring (P.,oss)-
Evaluate Cost for offspring.

Mutation Step:

Select individuals randomly based on mutation rate p,,.

Apply Gaussian Mutation:x e, = x + 0 X N'(0,1).

Merge populations: Pyorar = [Peurrents Peross: Pmut]-
Sort Pyotq; and select top Ny, individuals (Elitism).
Update Sol.; if a better solution is found.

t=t+1.
end while

Finalization:
24: Map best parameters (Solj,s.) to ANFIS structure.

25: Return Optimized ANFIS Model.

: Generate initial population P; randomly within bounds [Var,in, Vantnax]-

9: Calculate Selection Probabilities using Boltzmann distribution: P = exp(—f X Costs/Cost,,rst)-

Data availability

The data used in this study can be obtained through the Eurostat data
platform or shared with researchers upon request.
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