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Methods for selecting and predicting variables in high-
dimensional time series data face numerous challenges due to the
sheer number of variables. This makes variable selection difficult
and reduces prediction accuracy. Climate variables, for example,
are characterised by complexity, nonlinearity, and high correlations
among variables, which limit the effectiveness of traditional models
in handling high-dimensional and uncertain data. This study aims to
build a hybrid predictive framework that combines conventional
regularisation methods. LASSO regression and Elastic Net (EN)
regression are methods used to reduce the number of explanatory
variables for high-dimensional data, which will be used in this study
to predict and reduce the number of explanatory climate variables,
and between fuzzy logic, by building hybrid LASSO-Fuzzy and EN-
Fuzzy models to improve the accuracy of prediction and the
efficiency of variable selection by solving the problem of high
dimensions, uncertainty and non-linearity, which are among the
problems that the data are affected by, High-dimensional solar
radiation time series data will be used for the application using the
proposed methods. The importance of the hybrid approach lies in
reducing the number of variables in high-dimensional solar
radiation data, thereby reducing prediction error and improving the
model's interpretability. The results showed that hybrid methods
outperformed conventional models such as LASSO and EN. Hybrid
models have achieved the lowest predictive error rates and more
stable performance in selecting and minimising influential variables
in high-dimensional data. It can be concluded that the LASSO-Fuzzy
and EN-Fuzzy hybrid models improve prediction accuracy for high-
dimensional data by effectively reducing dimensionality and
selecting the most influential variables.

1. Introduction

Selecting important variables is a fundamental issue in data analysis, especially for high-

dimensional time series data, where the number of variables exceeds the number of observations,
such as solar radiation data. This leads to statistical problems such as multicollinearity, high variance,
and low predictive power of conventional models. To address these problems, several variable
selection methods have been proposed, such as the Least Absolute Shrinkage and Selection Operator
(Lasso) method, proposed by Tibshirani [1]. It is an important method for variable selection, as it
adds an £1 penalty to the sum of squared residuals (SSR), helping simplify the model. The Elastic
Net method for selecting important variables, proposed by[2], combines two penalty terms: the first
penalty term (£1) found in Lasso and the second penalty term (£2) found in Ridge regression, to take
advantage of the benefits of both terms. Elastic Net has been used to predict house prices in the United
States [3]. However, these methods may face challenges in dealing with high-dimensional data
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because they suffer from uncertainty and high correlation between variables. Therefore, a hybrid
framework combining conventional models and Fuzzy Logic [4] was proposed to represent data more
flexibly through membership functions. Fuzzy Logic was extended to include regression models
when Tanaka [5]introduced fuzzy regression, which represents conventional regression coefficients
as fuzzy numbers. To build a Fuzzy Inference System (FIS), the Subtractive Clustering method [6]
was used to fuzzify the variables selected by conventional models and generate membership
functions. Although fuzzy regularisation techniques such as fuzzy LASSO and fuzzy EN have been
reported in previous studies, the novelty of the present work does not lie in introducing these
techniques themselves. Instead, this study proposes an integrated hybrid framework that combines
conventional regularisation methods (LASSO and EN) with a fuzzy inference system generated using
subtractive clustering for variable selection and prediction in high-dimensional solar radiation time-
series data. Furthermore, the proposed framework provides a comprehensive comparative evaluation
of conventional and hybrid models, demonstrating the approach's effectiveness in improving
prediction accuracy while reducing the dimensionality of complex environmental data. The
importance of this study lies in the fact that high-dimensional climatic datasets have been described
as complex data with many explanatory variables and often exhibit strong correlations. Due to these
problems, conventional regression techniques may suffer from multicollinearity and low predictive
accuracy. To address these problems, conventional LASSO and EN methods have been integrated by
hybridising them with fuzzy logic. Although these methods are effective, they rely on the assumption
that the data are accurate and clear, which is unrealistic because many practical applications, such as
climatic datasets, are characterised by uncertainty, ambiguity, and inaccuracy. This type of data
cannot be effectively handled using conventional methods because these methods do not account for
the ambiguity and uncertainty inherent in such data, which may reduce prediction accuracy.

2. The research aims
This study aims to develop a hybrid approach combining conventional regularisation methods
and fuzzy logic. It seeks to achieve several objectives:

1- To reduce and select the important variables based on LASSO and Elastic Net.

2- To improve the predictive accuracy of the conventional regularisation methods by integrating them
with fuzzy logic to create hybrid approaches like Fuzzy-LASSO and Fuzzy-EN, which can handle
uncertainty and ambiguity in high-dimensional data.

3- To compare the predictive accuracy of conventional regularisation methods with the proposed
hybrid approaches.

3. LASSO method

The LASSO (Least Absolute Shrinkage and Selection Operator) method is an important
regularisation method used in estimating the coefficients of linear regression models, especially when
dealing with high-dimensional data where the number of explanatory variables exceeds the number
of observations. This method was proposed by [1]. LASSO reduces the shrinkage of certain
coefficients to zero to improve prediction accuracy. The Lasso estimator is obtained using the
following equation:

N K
A ) 1 2
BLasso = arg %lg ﬁ; (Yi —PBo— xiTﬁ) + ’1; |ﬂj| ()

The equation above represents the objective function for LASSO, where the first term is the loss
function, the sum of squared residuals (SSR). The second part of the equation, lambda sum from j
equals 1 to cap K of , absolute value beta sub j,, end absolute value, represents the £1-norm (penalty
term), which imposes a penalty on the Sj model so that some coefficients are exactly equal to zero.
The values of 3, and B are constants. The purpose of this is to select important variables and reduce
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the model's complexity. A represents the tuning parameter, which controls the balance between the
SSR and €1-norm parts, and its value is (A > 0). The tuning parameter (A) was automatically selected
using 10-fold cross-validation in MATLAB.LASSO is a powerful method for selecting important
variables. It is used to reduce dimensionality by excluding zero and unimportant variables from the
model, retaining only those with a meaningful effect. The mechanism of LASSO is to shrink the
regression coefficients of predictive variables highly correlated with the error term to zero or near
zero [7] because the £1 penalty can set some coefficients exactly to zero. The set of variables selected
is known as the effective set, which helps simplify the model and improve its interpretability.

4. Elastic Net

The Elastic Net is a method of regularised linear regression that combines Lasso and Ridge
regression. [8]. This method was invented by the scientists Zou and Hastie. [2].It is used to overcome
the problem of multiple linear correlation [7] by selecting the important variables. EN can overcome
the drawbacks of Lasso regression and ridge regression because they combine the advantages of each.
They also overcome the problem of overflttmg [9] EN formula:

Brtasic (s 42) = €(B) + 24 Z 18] + 22 2 57 2)

j= j=
Lasso penalty limit{1- norm.
p

1) 16 ®
j=1

This limit shrinks the number of coefficients to zero, allowing the model to perform variable
selection and yield an interpretable model. Ridge penalty limit £2-norm :
p

Ay z B? 4)

This limit works by approximating the coefficients without zeroing them out, which helps address
multicollinearity and ensures model stability and proper weight allocation across correlated variables.
The EN is characterised by greater flexibility in controlling the mixing parameter (o)) through an
alternative formulation.

N
A 1
Pener = arg mﬂin ﬁz (J’i —Bo— xiT,B)Z + AP, (B) (5)
i=1
When the value of alpha a = l]; ,0<a<1
Value P, (B)
p
(1-a) (1-a)
Rut® = 5 2 605 + o = . (S5 26+l ©)

j=1
When a = 1, the EN will be equivalent to the £1-norm Lasso regression, and when a. = 0, the EN
will be equivalent to the £2-norm linear regression. In this study, the mixing parameter was fixed at
a = 0.5 throughout all experiments to provide an equal balance between the £1-norm and €2-norm
penalties, while A was automatically selected using 10-fold cross-validation.

5. Fuzzy Regularisation Techniques
Dealing with uncertainty and nonlinearity is important in various technological fields. Dealing
with systems of uncertainty reveals unpredictable behaviour due to several factors, such as input
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variables or incomplete knowledge of the system's dynamics. Nonlinear systems are characterised by
input-output relationships that do not follow a linear pattern, as in high-dimensional time series,
making them difficult to handle and model using conventional linear methods. [10]. Therefore, the
fuzzy logic presented by [4] was proposed to represent uncertainty and ambiguity through
membership functions. Fuzzy logic was extended to incorporate statistical models, leading to the
development of fuzzy linear regression models, which assume that the coefficients are fuzzy numbers
rather than constants. Conventional models, such as Lasso and EN, assume that the data are accurate
and that the coefficients are constant, which is unrealistic because many practical applications, such
as high-dimensional time series data, are characterised by uncertainty and ambiguity.

Therefore, hybrid models that combine fuzzy logic with conventional regularisation methods
were developed to improve prediction accuracy. The foundation of fuzzy logic lies in fuzzy reasoning
systems. These systems operate on a rule-based model, transforming inputs into logical outputs. The
aim is to simplify the handling of unpredictable systems.

5.1 Fuzzy LASSO

The conventional LASSO of the multi-regression model has been extended to a fuzzy
environment (Hesamian & Akbari, 2019) for coefficient estimation, where the explanatory variables
in the multi-regression model are not fuzzy, and the coefficients and the response variable are fuzzy.
[11].

n
B=argmin ) DX(,5) ™
i=1

The Lasso method was extended to a fuzzy environment to estimate the coefficients of the
multiple regression model, through several steps outlined below:

1- Modelling input and objective variables using the LASSO regression model.

2- Obtain a reduced number of actually influential and significant explanatory variables along with
their coefficient values. Also, obtain the output variable ¥, 4550.

3- Weight the final variables in LASSO through the values of their significant coefficient and specify
them as inputs for the Fuzzy Inference System (FIS).

4- Construct the fuzzy inference system (FIS) using the MATLAB R2021a Fuzzy Logic Toolbox. A
first-order Sugeno FIS was generated using the Subtractive Clustering algorithm. Gaussian
membership functions (gaussmf) were adopted for all input variables, and the weighted average
(wtaver) method was employed for defuzzification. The cluster influence range was tuned by
evaluating three values (0.3, 0.5, and 0.7), and the optimal model was selected according to the
minimum training RMSE. Finally, the generated FIS was used to obtain the final predicted
outputsYz;s.

Weighting Inputs Variables
via their Parameters

Modelling Inputs and

Obtaining Inputs structure
Target Variables

and ¥} 4550

N

Generate Sugeno FIS
Using Subtractive
Clustering and Gaussian
Membership Functions

— Obtaining Vg5

Figure (1): illustration of Fuzzy-LASSO framework
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5.2 Fuzzy -EN
Variable selection is a fundamental technique in machine learning and data analysis. It plays a

crucial role in selecting important variables from high-dimensional datasets. To accurately select
variables and improve model prediction accuracy[12]In an EN, a combination of Lasso and ridge
regression was used. However, conventional regularisation techniques can face challenges when
dealing with data characterised by uncertainty and ambiguity. Therefore, a hybrid model was
developed that integrates the EN with fuzzy logic to represent uncertainty and ambiguity in selecting
important variables, aiming to improve prediction accuracy. In an EN, variables are fuzzy by
following several steps:

1- Modelling input and objective variables using the EN regression model.

2- Obtain a reduced number of actually influential and significant explanatory variables along with
their coefficient values. Also, obtain the output variable Ygy.

3- Weight the final variables in EN through the values of their significant coefficient and specify
them as inputs for the Fuzzy Inference System (FIS).

4- Construct the fuzzy inference system (FIS) using the MATLAB R2021a Fuzzy Logic Toolbox. A
first-order Sugeno FIS was generated using the Subtractive Clustering algorithm. Gaussian
membership functions (gaussmf) were adopted for all input variables, and the weighted average
(wtaver) method was employed for defuzzification. The cluster influence range was tuned by
evaluating three values (0.3, 0.5, and 0.7), and the optimal model was selected according to the
minimum training RMSE. Finally, the generated FIS was used to obtain the final predicted
outputsYrs.

Weighting Inputs Variables
via their Parameters

Modelling Inputs and

Obtaining Inputs structure
Target Variables

and Yz

v

Generate Sugeno FIS
Using Subtractive
Clustering and Gaussian
Membership Functions

— Obtaining Ve, g

Figure (2): lllustration of Fuzzy-EN framework

6. Data used in the study

The study relied on daily solar radiation data for the city of Mosul in Nineveh Governorate,
obtained from the Nineveh Governorate Meteorological Centre. The data covers the period from 1
January 1994 to 31 December 2024. This constitutes a daily time series comprising 11,323
observations. The data was divided into two sets: a training set and a test set, comprising
approximately 80% training data and 20% test data, with the split taking into account the start and
end dates of each month. The training set runs from January 1, 1994, to October 31, 2018, comprising
9,070 observations, while the test set runs from November 1, 2018, to December 31, 2024, comprising
2,253 observations. The predictor matrix consisted exclusively of lagged solar radiation observations
generated from the original daily time series. To investigate the effect of dimensionality, several lag
structures were considered (p = 20, 50, 100, 250, 500, and 1000), where each value of p represents
the number of predictor variables (lagged observations) included in the model. No additional
meteorological variables, such as temperature, humidity, rainfall, or wind speed, were incorporated
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in this study. Furthermore, the dataset contained no missing observations. Before model estimation,
the predictor variables were standardised using the default settings of MATLAB's lasso function to
ensure that all predictor variables were evaluated on a common scale during the regularisation
process.
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Figure (3): Time series of the actual values of the variable Y

This section presents the results from the models used in the study. Conventional regularisation
methods, LASSO and EN, were used to select variables that influenced the results, and these were
compared with the proposed fuzzy methods. Subtractive clustering was used to generate a fuzzy
inference system (FIS), and the system's performance was compared using the RMSE error criterion.
The following tables illustrate the evaluation of the conventional regularisation methods for both
LASSO and EN and the proposed Fuzzy-LASSO and Fuzzy-EN methods at different values of the
number of original variables P.

7. Results of LASSO method
The tables show the number of variables selected using conventional regularisation methods and

the RMSE criterion for both training and test data.
Table (1) The variables selected by LASSO and their corresponding RMSE values.

Number | Number
Model orig;cnal seI:Ited RMS.E XIS MA.E A RZ_ e MAEE bl Pl
variables | variables (Training) | (Test) | (Train) | (Test) | (Train) | (Test) | Train Test
(p) (h)
LASSO 20 14 14474 | 1.4668 | 1.0080 | 0.9769 | 0.8379 | 0.8587 | 25.24% | 23.83%
LASSO 50 14 14374 | 1.4561 | 0.9956 | 0.9637 | 0.8401 | 0.8611 | 24.78% | 23.36%
LASSO 100 18 14139 | 1.4327 | 0.9722 | 0.9440 | 0.8453 | 0.8658 | 24.38% | 22.97%
LASSO 250 18 1.4067 | 1.4254 | 0.9744 | 0.9469 | 0.8469 | 0.8676 | 24.57% | 23.15%
LASSO 500 20 1.3931 | 1.4116 | 0.9651 | 0.9353 | 0.8498 | 0.8698 | 24.35% | 22.97%
LASSO 1000 19 1.3943 | 1.4130 | 0.9664 | 0.9377 | 0.8495 | 0.8696 | 24.43% | 23.02%

From the results in the table, we observe that the RMSE for the training data gradually decreases
as the number of original variables (P) increases. This indicates an improvement in the model's ability
to represent the data as the number of variables increases. We also note that the model selected a
small number of variables compared to the original number, reflecting LASSO's ability to perform
shrinkage while simultaneously selecting important variables. The additional evaluation metrics
further support these findings. As the number of original variables increased, the MAE and MAPE
values generally decreased, while the R? values increased for both the training and testing datasets.
The consistency of these evaluation metrics confirms improved predictive performance of the LASSO
model.
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Figure (4): Comparison between observed and predicted solar radiation values using the LASSO model for the training
dataset

Figure 4 shows that when P=20, the LASSO model tracks the actual time-series values well, but
it may show some deviations at the peaks, indicating that the model tends to simplify due to its
shrinkage property.

—Y(Original) ---Y lasso(Testing)

16

1-Nov-2018
1-May-2019
1-Nov-2019
1-May-2020
1-Nov-2020
1-Nov-2022

1-May-2021
1-Nov-2021

1-May-2022
1-May-2023
1-Nov-2023
1-May-2024
1-Nov-2024

Figure (5): Comparison between observed and predicted solar radiation values using the LASSO model for the (Test
dataset)

8. Results of Fuzzy-LASSO
After the variables were selected using the conventional Lasso method, the selection transitioned
to fuzzy variables to build a fuzzy inference system using the Subtractive Clustering algorithm.

Several values of the cluster influence range r were tested, and the optimal value was chosen based

on the lowest RMSE value of the training data. The following steps were followed in the fuzzing

process:

1- initialisation of the data for the explanatory variables, which are time lags [13], with different

numbers.
X_[Xeey  Xig o Xe_n] €)
Where Xy Xip o X¢_, represent lagged observations of the solar radiation variable,
which serve as the explanatory variables throughout this study

2- Applying LASSO regression to the inputs (1) to obtain a reduced number of actually influential
and significant variables with their coefficient values.

3- Obtain the output variable ¥;,4550and calculate Error criteria such as root mean square error
(RMSE).

4- Weight the final variables in LASSO through the values of their significant coefficient and specify
them as inputs for the Fuzzy Inference System (FIS).

5- Determining the Membership Function for input and output variables, in addition to determining
one of the Fuzzy Inference System (FIS) algorithms, and the Subtractive Clustering algorithm was
used.

6- Applying the Fuzzy Inference System (FIS) and obtaining the final outputs Yr;qand calculating
one of the error criteria, RMSE, to compare the outputs between LASSO before and after fuzzing.

Table (2) below shows the Fuzzy -LASSO results, RMSE values for both training and test data,

as well as the membership functions, rules, and best r
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Table (2) The RMSE values, membership functions, and the number of rules for the Fuzzy-LASSO model.

h Bestr MF Rules RMSE RMSE MAE | MAE R? R? MAPE | MAPE
(Training) | (Training) | (Training) | (Training) | (Testing) | (Train) | (Test) | (Train) | (Test) Train Test
14 0.3 7 7 1.4169 1.4365 | 0.9772 | 0.9540 | 0.8446 | 0.8621 | 24.04% | 22.73%
14 0.3 7 7 1.4169 1.4365 | 0.9772 | 0.9540 | 0.8446 | 0.8621 | 24.04% | 22.73%
18 0.5 5 5 1.4173 1.4368 | 0.9768 | 0.9563 | 0.8445 | 0.8623 | 24.00% | 22.78%
18 0.5 5 5 1.4173 1.4368 | 0.9768 | 0.9563 | 0.8445 | 0.8623 | 24.00% | 22.78%
20 0.5 6 6 1.3921 1.4107 | 0.9598 | 0.9343 | 0.8500 | 0.8673 | 23.84% | 22.59%
19 0.7 5 5 1.4033 1.4224 | 0.9695 | 0.9442 | 0.8476 | 0.8655 | 23.89% | 22.66%

It can be observed from Table 2 that, based on the RMSE criterion for the training data, the error
value remained the same at P=20,50 as well as at P=100,250. However, when the number of variables
was increased to P=500, the RMSE declined, reaching the lowest training error, indicating improved
performance of the fuzzy model in representing the data. Although the improvement in RMSE
compared with the conventional LASSO model is relatively small at P=500, incorporating the fuzzy
inference system enables the proposed model to capture nonlinear relationships and uncertainty that
the conventional LASSO model cannot adequately represent. The additional evaluation metrics
support the RMSE results. The MAE and MAPE values generally decreased, while the R? values
increased, particularly at P=500, indicating improved predictive performance for both the training
and testing datasets. The consistency of these evaluation metrics further confirms the effectiveness of
the proposed Fuzzy-LASSO model.
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Figure (6): Comparison between observed and predicted solar radiation values using the Fuzzy LASSO model for
the training dataset
Figure (6) shows that when the value of P=20 is used in a Fuzzy-LASSO model, the model's fit
improves after fuzzing, as the estimated values become closer to the actual values, reflecting the fuzzy
model's ability to deal with uncertainty.

—Y(Original)---Y Fuzzy lasso(Testing)

g
=

g
=

1-Nov-2018

—

1-Nov-2019

1-Nov-2020

1-Nov-2021

1-May-
2022

Time (Days)

1-Nov-2023

—

1-Nov-2024

Figure (7): Comparison between observed and predicted solar radiation values using the (Fuzzy LASSO) model
(Test dataset)

The conventional LASSO model was compared with the proposed Fuzzy-LASSO model using
the RMSE criterion on the training data, as shown in Tables 1 and 2. The results showed that the
Fuzzy-LASSO model outperformed the conventional LASSO model, as it recorded the lowest error
criterion values. The outperformance of the fuzzy model is attributed to its ability to handle high-
dimensional data and uncertainty, indicating that integrating fuzzy logic with conventional methods
improves prediction accuracy, particularly in high-dimensional settings.
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9. Results of EN Model

The table below shows the results of applying EN, including the selected variables and RMSE
values for both the training and test data.
Table (3) The variables selected using EN and the RMSE values.

Number
Number of
Model of o_riginal selected RMSE RMSE MA_E MAE RZ. R2 MAPE | MAPE
variables ———— (Training) | (Test) | (Train) | (Test) | (Train) | (Test) | TRAIN Test
EN 20 17 1.4402 1.4587 | 1.0172 | 0.9875 | 0.8387 | 0.8586 | 25.10% | 23.74%
EN 50 18 1.4285 1.4469 | 0.9942 | 0.9650 | 0.8426 | 0.8626 | 24.59% | 23.24%
EN 100 22 1.4057 1.4243 | 0.9942 | 0.9676 | 0.8442 | 0.8634 | 25.03% | 23.64%
EN 250 21 1.3989 1.4174 | 0.9914 | 0.9646 | 0.8464 | 0.8663 | 24.99% | 23.55%
EN 500 21 1.3886 1.4070 | 0.9868 | 0.9582 | 0.8485 | 0.8676 | 24.95% | 23.54%
EN 1000 20 1.3879 1.4062 | 0.9867 | 0.9576 | 0.8486 | 0.8679 | 24.97% | 23.49%

The table shows the results of applying EN to select variables at different values of the original
variable P. It can be observed from the table that the RMSE values for the training data gradually
decrease with the increase in the number of variables, as they decreased from 1.4402 at P=20 to
1.3879 at P=1000, and the lowest error value was at the value of 1000, which indicates the ability of
EN to handle high-dimensional data. The additional evaluation metrics are consistent with the RMSE
results. In general, the MAE and MAPE values decreased, whereas the R? values increased as the
number of original variables increased for both the training and testing datasets. These results provide

further evidence of the improved predictive performance of the EN model and confirm the reliability
of the obtained results.
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Figure (8): Comparison between observed and predicted solar radiation values using the model (EN) training dataset
Figure 8 shows the EN model with P = 20, which fits the actual values better than LASSO
because it combines shrinkage and selection.
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Figure (9): Comparison between observed and predicted solar radiation values using the (Fuzzy EN) model (Test
dataset)

10. Results of Fuzzy EN
After the variables were selected using the conventional EN method, the selected variables were
converted to fuzzy sets to build a fuzzy inference system using the Subtractive Clustering algorithm.

Several values of the cluster influence range r were tested, and the optimal value was chosen based
on the lowest RMSE value of the training data.

The following steps were followed in the fuzzing process:
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1- Initialisation of the data for the explanatory variables, which are time lags [13], with different
numbers.

X_[Xey Xy oo Xe] ©)

2- Applying EN regression to the inputs (1) to obtain a reduced number of actually influential and
significant variables with their coefficient values.

3- Obtain the output variable Yzyand calculate Error criteria such as root mean square error (RMSE).

4- Weighting the final variables in EN through the values of their significant coefficient and
specifying them as inputs for the Fuzzy Inference System (FIS).

5- Determining the Membership Function for input and output variables, in addition to determining
one of the Fuzzy Inference System (FIS) algorithms, and the Subtractive Clustering algorithm was
used.

6- Applying the Fuzzy Inference System (FIS) and obtaining the final outputs Yx;s and calculating
one of the error criteria, RMSE, to compare the outputs between EN before and after fuzzing.
Table (4) below shows the Fuzzy -EN results, RMSE values for both training and test data, as well

as the membership functions, rules, and best r
Table (4) shows the RMSE values, membership functions, and number of rules for the Fuzzy-EN model.

Best MAE MAE R? R2 MAPE | MAPE
MF Rules RMSE RMSE . .

H . ;frg)irr\ g (Training) | (Training) | (Training) | (Testing) (Train) | (Test) | (Train) | (Test) | TRAIN Test
17 0.3 6 6 1.4148 1.4334 | 0.9782 | 0.9567 | 0.8445 | 0.8617 | 23.95% | 22.63%
18 0.5 5 5 1.4129 14316 | 0.9768 | 0.9563 | 0.8445 | 0.8623 | 24.00% | 22.78%
22 0.5 5 5 1.4102 1.4295 0.9740 | 0.9580 | 0.8450 | 0.8614 | 23.93% | 22.77%
21 0.3 7 7 1.4076 1.4263 0.9722 | 0.9550 | 0.8457 | 0.8612 | 23.91% | 22.71%
21 0.7 5 5 1.3985 14171 | 0.9692 | 0.9443 | 0.8478 | 0.8653 | 23.89% | 22.68%
20 0.7 5 5 1.3877 14162 | 0.9695 | 0.9429 | 0.8477 | 0.8657 | 23.90% | 22.65%

The table presents the results of fuzzifying the selected variables using conventional EN. The
number of fuzzy rules and membership functions was determined by the radius r, which was selected
based on the training data. The error value for the training data decreases gradually from 1.4148 at
p=20 to 1.3877 at p=1000, representing the lowest training error value shown in the table. This
indicates the fuzzy model’s ability to handle high-dimensional data. The additional evaluation metrics
are consistent with the RMSE results. In general, the MAE and MAPE values decreased, whereas the
R? values increased for both the training and testing datasets. These consistent improvements across
all evaluation metrics further demonstrate the effectiveness of the proposed Fuzzy-EN model in
enhancing predictive performance.
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Figure (10): Comparison between observed and predicted solar radiation values using the model (Fuzzy EN) training
dataset

Figure (10) shows that when the value of P=20, the Fuzzy-EN model achieves the best fit with
the real values, because it combines the flexibility of EN and the ability of the fuzzy model to
represent uncertainty.
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Figure (11): Comparison between observed and predicted solar radiation values using the (Fuzzy EN) model (Test
dataset)

11. Discussion

The proposed hybrid models improve prediction accuracy by combining the variable selection
capability of LASSO and Elastic Net with the ability of the fuzzy inference system to model nonlinear
relationships and uncertainty. Consequently, the hybrid models are particularly effective for high-
dimensional datasets characterised by correlated variables and nonlinear patterns, where conventional
linear regularisation methods may not fully capture the underlying data structure. However, the
proposed framework introduces additional computational cost due to the fuzzy inference stage, and
its performance depends on the appropriate selection of the regularisation and clustering parameters.

The proposed hybrid models introduce an additional computational stage through the fuzzy
inference system (FIS), resulting in a higher computational cost than the conventional LASSO and
EN models. However, this cost is substantially reduced by the variable selection stage, which
significantly decreases the number of predictor variables before constructing the fuzzy inference
system. Consequently, the fuzzy inference system is applied only to the selected variables rather than
to the entire high-dimensional dataset, thereby improving computational efficiency. Furthermore, the
proposed framework is scalable to high-dimensional datasets because the dimensionality reduction
performed by the regularisation models limits the computational burden of the fuzzy stage. Although
the execution time increases slightly due to the additional fuzzy inference layer, the improvement in
prediction accuracy justifies the additional computational effort.

12. Conclusions

As shown in the results section above, the hybrid methods Fuzzy-EN and Fuzzy-LASSO
outperform the conventional models LASSO and EN. Hybrid methods recorded the Lowest prediction
error rates and more stable performance. Furthermore, the hybrid models enhance prediction accuracy
for high-dimensional data by effectively minimising the number of significant variables.
Additionally, the models improve positively as the number of original variables increases. Based on
these results, the Fuzzy-EN model appears better able to handle high-dimensional data by reducing
the number of variables and focusing on the most significant ones, compared to the LASSO model.
It can also be concluded that integrating fuzzy logic with both the LASSO and Fuzzy-EN models
improved prediction accuracy and the hybrid models' ability to handle high-dimensional data, despite
the inherent challenges posed by such data.

Despite the promising results achieved by the proposed hybrid models, this study has several
limitations. First, the analysis was conducted using solar radiation data from a single geographic
location (Mosul), which may limit the generalizability of the findings. Second, only one climatic
variable was considered. In addition, the predictive performance depends on the selection of the
regularisation and clustering parameters. Finally, the proposed models were not compared with recent
machine learning and deep learning algorithms, which could be investigated in future research.
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13. Recommendation
Hybrid (fuzzy) regularisation techniques based on fuzzy logic, such as fuzzy LASSO and fuzzy
EN, are recommended for high-dimensional data that are inherently uncertain and ambiguous.
These techniques improve variable selection efficiency and model stability by addressing multiple
linear dependencies while accounting for data ambiguity.
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