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Fuzzy decision-tree regression
model and its application to
measure some climate change
factors
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In this paper, we considered a new study that examines the topic of climate
change based on data from two important variables: temperature and wind
speed. The study aims to employ a decision-making method based on fuzzy
logic to overcome the issue of ambiguity and uncertainty. Our proposed idea
in this paper was to construct an appropriate analytical framework for the
phenomenon, with the aim of arriving at a more accurate decision to overcome
the risks of this phenomenon and take appropriate precautions in the near and
distant future to deal with this natural emergency that is increasing over time. We
discussed how to implement the GUIDE regression tree algorithm as a main tool
in analyzing fuzzy sets using the Triangular Membership Function to fuzzify the
data to obtain more accurate partial fuzzy sets for description in the analysis of
chi-square tables to make a decision using a suitable hypothesis for this purpose.
The proposed method was applied to a sample size of 425 daily observations
in Dhi-Qar Governorate, Iraq, for the period from December 2024 to February
2025. We used a special code in R programming for the purpose of analysis
and obtaining results. Through analyzing the results, we found that two variables
(temperature and wind speed) have a fundamental influence on the speed of
climate change.

KEYWORDS

algorithm GUIDE, chi-square test, fuzzy decision tree, fuzzy regression, triangular
membership function

1 Introduction

The problem of decision-making using statistical methods is one of the important
approaches that has attracted the attention of many researchers, aiming to select the best
decision by the regression model for a set of crisp data. Study problem: One of the most
scientific challenges confronting decision-making is the issue of ambiguity and uncertainty.
Regression trees are widely used in statistical literature as one of the most important
theoretical methods employed in this area. On the other hand, one of the most important
methods for dealing with data to eliminate ambiguity is fuzzy set theory, particularly
when dealing with variables that can be described as categorical variables (reading them
as categorical groups). Climate change phenomena are ones we encountered daily that
impact our lives (temperature and wind speed. . . etc.). We used fuzzy set theory to represent
the phenomenon under study, which has been employed to describe certain variables
of the phenomenon both qualitatively and quantitatively. In this context, we focus on
both aspects in order to develop an applied model that represents two types of variables
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within the dataset, ultimately leading to optimal decision-making
using fuzzy decision tree regression. Our interest is focused on
two method types of the analytical approaches to achieve a more
accurate interpretation based on a comprehensive understanding
of the relationships between methods. The first involves testing
the acceptance or rejection approach to analyze the significance
of explanatory variables in making correct decisions, based on
the appropriate tree structure for the studied phenomenon. The
second focuses on modeling using regression analysis, which is
based on constructing a crosstabs analysis to applying and analysis
the relationship between categorical variables. Many researchers
have contributed to this literature. Suarez and Lutsko [1] presented
a study focused on constructing a fuzzy decision tree for regression
and classification. Fuzziness is investigated by integrating fuzzy
logic with decision trees of the CART type. A training rule for
fuzzy decision tree was developed, resembling the backpropagation
algorithm used in neural networks. This rule is compatible with
a high-quality optimization algorithm designed to determine
the parameters of fuzzy partitions. Wei-Yin Loh [2] presented
a comprehensive review of regression and classification trees
by examining several available algorithms and comparing their
capabilities, strengths, and weaknesses through the application of
two examples. He designed a classification tree for dependent
variables that take a limited number of unordered values, where
prediction error is measured by the cost of misclassification.
In other words, regression trees were developed for dependent
variables that take continuous or ordered discrete values, with
prediction error typically measured by the squared difference
between the predicted and actual values. Segatori et al. [3]
proposed a distributed learning model for fuzzy decision trees
based on the MapReduce framework, aimed at constructing both
binary-split and multi-split trees from big data. The proposed
model is based on a distributed fuzzy discretizer, which generates
strong fuzzy partitions for each continuous attribute using fuzzy
information entropy. These partitions are then used as inputs for
the fuzzy decision tree learning algorithm, which selects the most
appropriate features at decision nodes based on fuzzy information
gain. The results demonstrated that the proposed approach
outperforms existing methods by achieving high performance
while reducing computational complexity, making it an effective
solution for big data classification using distributed fuzzy decision
trees. Saeed Mohammadiun et al. [4] developed a framework
for designing and optimizing Fuzzy Decision Tree Regression
(FDTR) models, aimed at selecting the most suitable response
strategies for oil spill incidents in the harsh Arctic environment.
The study employed three types of regression analysis—linear, non-
linear, and Gaussian Process Regression (GPR). Additionally, four
information evaluation metrics were used for decision tree splitting:
information gain, deviance, GINI impurities, and misclassification
error. To enhance the predictive performance of the FDTR models,
the Non-dominated Self-adaptive Differential Evolution (NSDE)
algorithm was applied. When tested on oil spill data, the results
showed a 14% improvement in prediction accuracy and a 57%
reduction in the number of rules, thereby enhancing the efficiency
and robustness of the mode. Pavlos Nikolaidis [5] conducted a
study based on real-world data related to energy demand and wind
power generation. Regression Trees were used to forecast future

renewable energy production. The following climatic factors were
used as inputs in distribution networks across different regions:
wind speed and direction, ambient temperature, relative humidity,
renewable energy capacity, and curtailed renewable energy output.
One of the key findings of the study was that in future low-carbon
energy systems, the curtailment of renewable energy production
will play a significant role in intelligent forecasting systems.
Therefore, accurately modeling the relationship between inputs and
outputs is essential.

2 The concept of fuzzy logic

Fuzzy logic was developed in 1965 by Lotfi Zadeh, a scientist
of Azerbaijani origin from the University of California, who
introduced it as a better method for handling data. Fuzzy logic
is a logical system based on a generalization of classical logic
[6]. In other words, it encompasses theories and techniques that
utilize fuzzy sets without crisp boundaries (i.e., boundaries that are
unknown, undefined, or ambiguous) [7]. Fuzzy logic provides a
simple way to describe and represent human expertise. Moreover,
it offers practical solutions to real-world problems that are cost-
effective and reasonable compared to those offered by other
techniques [8].

3 The basic definitions

A classical (crisp) set is defined as a Set of elements or objects
x ∈ X, which may be countable or uncountable, where each element
either belongs to the set A or does not belong to it A ⊆ X .Hence
A can be characterized by the indicator function μA(x) [9, 35].

Definition 1: If X is a set of objects generally denoted by x, then
a fuzzy set is defined as a set Ã of ordered pairs [10]:

Ã = { x , MÃ(x) | x ∈ X } (1)

Where MÃ(x) is called the membership function, which also
defines the degree of membership of x in the set A. When the
membership function MÃ(x) takes only two values 0 or 1 the set A
becomes a classical (non-fuzzy) set. The range of the membership
function is a subset of the non-negative real numbers. Generally,
elements with a membership degree of 0 are not considered part of
the fuzzy set [11].

Definition 2: Let � be a some set A Fuzzy subset Ã of � is
define by its membership function written as Ã(x) which produces
values in [1, 0] for all x in � so Ã(x) is a function mapping from �

into [ 0, 1].
Not that if Ã(x0) = 1 then we say x0 belong to Ã and if

Ã(x1) = 0 we say x1dose not belong Ã and if Ã(x2) = 0.6 we say
the membership value of x2 in Ã is 0.6 [12].

4 Fuzzy number

Definition 3: A fuzzy number is subset denoted by x̃ of the set
of real numbers denoted by R and is characterized by the function
so called membership function μx̃(x) Fuzzy number satisfy the
following constraints [13].
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(1) μx̃ :R → [0, 1] isBorel − measurable.
(2) ∃x0ε R : μx̃ = 1.

Then Ã is called a fuzzy number and the function μÃ is called
the membership function of the fuzzy number Ã [14].

5 Fuzzy number membership
functions

The membership function plays a necessary role in Fuzzy
Set Theory, as it constitutes one component of the ordered pair
that defines a fuzzy set [15] Membership functions are used to
determine the degree of membership of an element to a fuzzy set.
In a fuzzy set A, an element x belongs to the set partially according
to a specific membership function μA(x) (also referred to in some
sources as fuzzification functions). The fundamental requirement
for such a function are that the range of its elements is within the
interval [0, 1], which determines the degree to which an element
belongs to the set [16]. There are various types of membership
functions, each applied to a specific phenomenon depending on
its nature, where the data of the phenomenon are represented as
fuzzy sets [17]. There are two main approaches for determining the
appropriate membership function:

(1) Based on human expertise: That means fuzzy sets are often
used to represent and formalize human knowledge, and the
membership functions constitute a part of that knowledge.

(2) Use collected data to determine the membership function:
In this approach, the structure (form) of the membership
function is first specified, and then the parameters of the
function are fine-tuned based on the observed data [18].

(3) In this study, we proposed using sample quartiles to
determine the parameters of the Membership functions.

Quartiles can be defined as three statistical measures that divide
an ordered dataset into approximately four equal parts. Quartiles
are denoted by the symbol qi, where i = 1, 2, 3 [16].

q1 :The first quartile is defined as the 25th percentile where
lowest 25% data is below this point of the total data.

q2 :The second quartile is defined as the 50th percentile where
lowest 50% data is below this point of the total data, The second
quartile so called the median point.

q3 : The third quartile is the 75th percentile where lowest 75%
data is below this point, It is known as the upper quartile. It
can be calculated by arranging the data in ascending order, then
calculating the quartile rank (quartile position) as in the Equation 2.

Ci = N
i
4

(2)

Where i represents the symbol of the quartile to be calculated,
C Represents the location of the quartile [19].

Membership functions take various forms, the most well-
known of which include the following.

5.1 Triangular membership function

The membership values of elements belonging to a fuzzy set can
be represented by a straight line, known as a linear function. This
function is characterized by three main parameters (boundaries): a,
b, and c. It can be defined according to the Equation 3.

μA
(
x ; a, b , c

) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

0 x ≤ a
x − a
b − a a < x ≤ b
c − x
c −b b < x ≤ c

0 x ≥ c

(3)

Where a < b < c ε R .In Figure 1a illustrates the graph of the
triangular membership function (see Hasan and Mohammad [15]).

5.2 Trapezoidal membership function

It is also a linear function, and it is distinguished from other
membership functions by having four parameters (boundaries).
a, b, c, d This function can be defined according to the Equation 4,

μA
(
x ; a , b , c, d

) =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

0 if x < a
x−a
b−a if a ≤ x < b

1 if b ≤ x < c
d−x
d−c if c ≤ x ≤ d
0 if x > d

(4)

FIGURE 1

This figure represented the shapes of the membership functions: (a) first type the triangular, (b) Second type the trapezoidal.
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FIGURE 2

One-dimensional fuzzy linear regression model.

Where < b < c < d ∈ R . In Figure 1b illustrates the graph of
the trapezoidal membership function (see Alavala [20]).

6 Fuzzy linear regression model

Uncertain formulations can be used to model phenomena
characterized by ambiguity through the use of fuzzy regression
models, which are descriptive in nature and involve linguistic
variables [21].

Figure 2 shows how the variable is divided into fuzzy categorical
subdivisions, which represent the belonging functions, to show how
those subdivisions overlap as linguistic variables for a single fuzzy
variable in the regression model.

7 Reasons for using the fuzzy linear
regression model

There are several reasons for using the linear regression model
within This literature of fuzzy logic, the most important of which
include the following [22]:

(i) When the linear relationship is not well-defined.
(ii) The assumptions of classical regression models are often

strict, particularly in terms of specifying the distribution
of the random error term and the relationships among
explanatory variables.

(iii) When the data exhibit an unclear or ambiguous
linear trend.

(iv) When the number of observations for the studied
phenomenon is limited, providing insufficient information.

(v) Inaccuracy in results due to uncertainty and
imprecision, which are associated with vague or linguistic
variables [21].

8 Description of the decision tree

One of the fundamental features of machine learning methods
is the requirement of a set of numerical values known as input data.

An appropriate machine learning algorithm typically featuring
a backfitting mechanism is then applied, resulting in a set of
values referred to as output data [23]. The application of the
decision tree regression method requires a precise description of
the tree structure relevant to the study. The data are typically
divided into two subsets: the training set and the testing set
[24]. To understand how the decision tree operates depending
on the type of tree selected various forms exist. In this study,
Our interest will be on a binary-split decision tree (i.e., with
left and right nodes), which is characterized by three types of
nodes: a root node, internal split nodes, and terminal leaf nodes.
Figure 3 illustrates the specific type of decision tree used in this
paper. To describe this tree accurately, a graphical representation
is required, showing one of the different types of decision trees
used in previous studies as non-parametric regression tools to
examine the impact of explanatory variables on the dependent
variable [25]. Some researchers have adopted decision trees within
the context of machine learning as a decision-making tool,
employing established algorithms such as CART, GUIDE, and
M5 (Alberto). In the present study, the GUIDE algorithm is
employed to implement the decision tree framework, as illustrated
in Figure 3 [2].

8.1 Generalized unbiased interaction
detection and estimation (GUIDE)

It is one of the decision-making algorithms extensively
studied by many researchers in the literature for building
linear regression models as an important tool in the decision-
making process [26]. This algorithm was designed to
eliminate the bias in selecting the most significant variables
in modeling important phenomena in regression analysis,
thereby providing a good fit to the relevant experimental data
[24]. Its operation is based on the chi-square test applied to
residuals. The algorithm is constructed within the framework
of piecewise constant linear regression models with univariate
splits [27].

At each terminal node, the sample mean is calculated to
serve as the estimate, followed by the computation of residuals.
The node is then split into two groups: the first group contains
positive residuals, while the second group contains non-positive
residuals. The idea behind this division is to detect random
patterns within these two groups using a sign test on the
residuals at each node. A chi-square test can be employed to
examine the association between the signed residuals at each
node (categorized as belonging or not belonging) represented
as rows in the test, and the total frequencies of the predicted
values for c splits represented as columns [28]. If the predictive
variable y is categorical with ccc categories, a 2×c contingency
table is constructed, where the two rows correspond to the
two residual groups and the c columns correspond to the
predicted categories [29]. In the case where y is a quantitative
variable, these values can be divided into columns according to
a specific scheme, commonly using four groups representing the
quartiles of the sample. This results in a 2 × 4 contingency
table [30].
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FIGURE 3

Decision tree nodes, root, interior and leaf [33].

8.2 Fuzzy decision tree regression
structure

Binary decision trees are used to estimate the parameters of
non-parametric regression models in the context of fuzzy set
theory. Suppose that the function μA(x)represents the membership
function of an element x to the fuzzy set A, and we attempt to find
a solution by designing a decision tree with outcomes{either x ∈
A or x � A} where the value 1 represents membership of the
element x to the set A, and the value 0 represents non-membership
of the element x to the set A [23].

The degree of membership of the element x to the fuzzy set
A allows for any real value between 0 and 1, which means the
following [31]:

μA(x) ∈ [ 0, 1].
By using partial membership in a fuzzy set, the strict logical

constraints of set membership can be relaxed, thereby improving
the performance of decision trees when dealing with fuzzy sets.
This results in enhanced performance of decision trees in regression
models in terms of flexibility and robustness [3].

Based on the literature of crisp decision trees, the GUIDE
method can be used to estimate the regression model. Suppose
there are P explanatory (independent) variables.

Let xi = (x1, x2, ..., xP) i = 1, ..., p
Categorical variables do not pose a significant challenge,

except in the case of fuzzy partitions of categorical variables. The
values of the response variable represent the prediction target and
can be either categorical (for classification) or real-valued (for
regression) [32].

According to the definition of a fuzzy decision tree, all nodes of
the tree are connected to the root node t0, where the decision tree
is constructed using a hierarchical splitting strategy. The feature
space is divided through a hierarchical sequence of logical tests
into a set of non-overlapping regions, making the decision-making
process straightforward. Each internal node in the decision tree
corresponds to a test in the hierarchical structure used to construct
the decision tree of interest [2].

Suppose the decision tree has been constructed up to a certain
level, and the binary (terminal) nodes ti are characterized by the
membership function μi(x). Each node is split into two branches:
one representing the value 1, which satisfies the logical test, and the
other representing the value 0, which does not satisfy the logical
test, as defined by Equation 5 [1].

μiα(x) = μi(x) μ(i)
α (x), α = L, R (5)

The absolute membership degree and the number of training
examples in the terminal node t1 are expressed as Equation 6.

Ni =
Ntrain∑
n=1

μi(x)n (6)

In a regression problem, the node ti provides a prediction for
the value of the response variable, which is equal to the mean of the
response variable y for the training samples associated with ti and it
is represented as Equation 7 [33].

yi =
1

Ni

Ntrain∑
n=1

μi(x)nyn (7)

In the regression model, the binary (terminal) node ti represents
the predicted value of the response variable. This value corresponds
to the average of the response variable y calculated from the
training samples assigned to node ti. The mathematical formula for
computing this average is given by Equation 8 [2].

yi =
1

Ni

Ntrain∑
n=1

μi(x)nyn (8)

where
Ntrain Represents the number of training samples for each

n = 1, ..., Ntrain.
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μi(.) Represents the membership function for each i =
0, 1, 2, ..., where i denotes the number of nodes in the tree.

yn ∀ n = 1, ..., NtrainAll elements of the response variable in the
training set Ntrain.

xn ∀ n = 1, ..., Ntrain All elements of the dependent variable in
the training set Ntrain.

Equation 2 can be expressed through building the tree as given
in Equations 9, 10:

y1 = 1
N1

Nt1∑
n=1

μ1(x)nyn (9)

y2 = 1
N2

N2∑
n=1

μ2(x)nyn (10)

The terminal (leaf) nodes for all branches of the tree are
calculated and denoted byT̃, such that the total number of nodes
in the tree can be computed using the following formula [28].

2
∣∣∣T̃

∣∣∣ − 1.

Similarly, the number of internal (branch) nodes of the tree can
be determined according to the following formula [26]:

∣∣∣T̃
∣∣∣ − 1.

The terminal nodes are used as predictive variables (y1, y2, ...),
and the average value of the dependent variable within each
terminal node is calculated based on the number of observations
that satisfy the test at that terminal node. Referring back to the
definition in the formula above [31]. When applying the decision
tree to a regression problem, it is essential to understand the
membership relationship between the terminal (branch) nodes and
the root node through the absolute degree of this membership,
based on the above Equation 5 can be rewritten in a more detailed
form as follows.

μiα (x) = μi(x)μ(i)
α (x) , α = L, R. (11)

Where R: right node, L: left node, and μi (x) . The absolute
degree of membership for the original node ti can be calculated by
repeatedly applying Equation 11 up to the root node. At this point,
all points belong to the root node, Therefore, Equation 12 is holds
true [24]:

μ0(x) = 1 ∀x (12)

All successful splits originating from the root node, repeated
recursively, represent the sequence of connected logical tests from
the root node to the terminal node ti. This implies that the estimate
(mean) at each terminal node corresponds to the outcome of
the test at that terminal node. The sum of these estimates across
all terminal nodes provides the overall estimate (global mean) of
all decision nodes in the regression tree, which corresponds to
the overall mean in a general regression model. Therefore, the

following Equation 13 must hold at every internal (splitting) node
to ensure the consistency and accuracy of the model [33].

μ
(i)
R (x) + μ

(i)
L (x) = 1 (13)

In the regression problem, the predicted value y given by the
tree for a specific input feature vector xtest is expressed by the
Equation 14:

y(test) =
∑

tl∈T̃

μl(xtest)yl (14)

Where l denotes the test set size (i.e., the number of
observations in the test set).

yl is given in Equation 6 such that, by construction, only one of
the membership values {μl(xtest); tl ∈ T̃} equals 1, while the rest are
zero. The error rate of the tree based on the training set is given by
Equation 15 [1].

Rtrain(T) = 1
Ntrain

Ntrain∑
n=1

(yn − y(xn))2 (15)

Unless a stopping criterion is specified, the decision tree
continues to grow until Rtrain(T) = 0:

However, there exists an optimal-sized tree beyond which,
despite the fact that Rtrain(T) continues to decrease monotonically,
the predictive performance deteriorates (i.e., the true error rate or
the unbiased estimation error increases). To avoid the problem of
overfitting in the decision tree built from the training set and to
obtain a tree of optimal size, several strategies have been proposed.

One of the most important methods to address excessive
branching in tree growth is pruning, which involves removing
branches that contain insignificant splits [5].

8.3 Chi-square tests with GUIDE algorithm

For the implementation of the work, the GUIDE algorithm
processes four types of data (see Loh [30, p. 12]) as follows

(1) n-variable: A numerical variable used for both estimation
and node splitting.

(2) F-variable: A numerical variable used only for estimation
and not for node splitting.

(3) S-variable: A numerical variable used only for node splitting
and not for estimation.

(4) C-variable: A categorical variable used only for node splitting
and not for estimation [1].

(i) Extract the residuals resulting from fitting a constant model
to the Y variable data.

(ii) For each numerical-valued variable, divide the data into four
groups at the sample quartiles; construct a 2 × 4 contingency
table with the groups as columns and the signs of the residuals
(positive vs. non-positive) as rows; count the number of
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observations in each cell and compute the χ2-statistic and its
theoretical p-value from a χ2 distribution.

(iii) To detect interactions between a pair of numerical-valued
variables (Xi, Xj), divide the (Xi, Xj)-space into four quadrants
by splitting the range of each variable into two halves at the
sample median; construct a 2 × 4 contingency table using
the residual signs as rows and the quadrants as columns;
compute the χ2 − statistic and p-value. Again, columns
with zero column totals are omitted. We refer to this as an
interaction test.

(iv) For each pair of variables (Xi, Xj), where Xi is numerical-
valued and Xj is categorical, divide the Xi-space into two at
the sample median and the Xj space into as many sets as the
number of categories in its range [if Xj has c categories, this
splits the (Xi, Xj), space into 2c subsets]; construct a 2 × 2c
contingency table with the subsets as columns and the signs
of the residuals as rows; compute a χ2 − statistic and p-value
for the table after omitting columns with zero totals. If the
smallest p-value is from a curvature test, it is natural to select
the associated X variable to split the node. If the smallest p-
value is from an in traction test, we need to select one of the
two interacting variables. We could choose on the basis of the
curvature p-values of the two variables but because the goal is
to fit a constant model in each node, we base the choice on
reduction in SSE [2]. This research relied on the fourth type
of data (A categorical variable used only for node splitting and
not for estimation).

9 Applied real data

One of the most prominent indicators of climate change is the
rise in temperatures, a phenomenon that has had a clear impact
in Iraq due to its geographical location between latitudes 29◦ and
37◦N and longitudes 39◦ and 48◦E. The country is characterized by
a hot, semi-arid climate with generally moderate winds throughout
the year [24].

Dhi Qar Governorate is located in southern Iraq, and as such,
it is among the regions most affected by rising temperatures,
which range between 14 and 51.1 ◦C. Additionally, it experiences
relatively higher humidity levels compared to other governorates.
Meanwhile, wind speed is considered one of the naturally available

energy sources, and it has become increasingly important in recent
years as it is classified as a clean energy source [34]. Moreover,
it is regarded as one of the renewable energy resources, which
are used for environmental preservation and in various fields,
including electricity generation, sailing ships, and transportation,
among others. In addition, it is affected by and influenced by the
phenomenon of climate change occurring in the environment [33].

Notably, the highest average wind speed was recorded in 2007
at 3.1 m/s, while in 2025, the highest average reached 14.6 m/s. Data
on temperatures and wind speed are obtained for a sample size
of 425 daily observations in Dhi Qar Governorate for the period
(December 2024–February 2025). Table 1 shows the descriptive
statistics of the sample.

Table 1 illustrates that the average temperature variable was
32.4934 ◦C, with the lowest recorded temperature for the studied
period being 14 ◦C and the highest being 51.1 ◦C, which is relatively
high. Regarding the wind speed variable, the average was 7.5256
m/s, and the highest recorded speed was 14.6 m/s. No wind speed
was recorded for typical days, and this variable significantly impacts
the climate in its minimum conditions.

9.1 Fuzzy logic description of the sample

In this paper, we presented a new statistical method for
measuring and analyzing climate change in a specific geographical
area and in a specific period of time, relying on data on two
important variables (temperature and wind speed) for the purpose
of identifying the risks of this phenomenon and taking appropriate
precautions in the near and distant future to deal with this natural
emergency that is increasing over time. The tool of this study the
decision tree regression method, was employed as a new extension
of its application in the phenomenon of climate change, relying on
two variables and using fuzzy logic to divide the data into groups as
an accurate description of the climate situation.

Here we must study and analyze the emerging phenomena
according to the reference literature for those interested in studying
the field of knowledge from all its aspects and relationships. Here,
we employed the decision tree approach as a primary tool, relying
on it to construct a regression model for the fuzzy data of both study

TABLE 1 Descriptive statistic for that actual data of the two variables (temperature and wind speed).

Variables No. Mean Min Max First quarter (q1) Second quarter (q2) Third quarter (q3)

Temperature (X1) 425 32.4934 14 51.1 22.3 29.5 43.7

Wind speed(X2) 425 7.5256 0 14.6 5.8 7.4 9.15

TABLE 2 Represented attributes vs. fuzzy sets for the variables (temperature and wind speed).

Variables
attributes

A: Fuzzy sets set1 set2 set3 set4 Set5

Temperature (X1) (Language variables in Fuzzy Logic) Very cold Cold Mild Hot Very hot

Wind speed (X2) Very slow Slow Mild Strong Very strong
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FIGURE 4

The Attributes of the Temperature Variable (very cold, cold, mild, hot, very hot).

FIGURE 5

The Attributes of the wind speed Variable (very slow, slow, mild, strong, very strong).

variables. In the previous section, we presented the quantitative and
fuzzy general description of the two variables (Tables 1, 2).

We utilized fuzzy logic to transform the quantitative and
real-valued data of the two variables temperature, and wind
speed, which are characterized by ambiguity and uncertainty,
into categorical variables represented by clearer attributes and
partitions. These transformed variables may simultaneously belong
to two groups at the same time, as shown in Table 2. Figure 4
illustrates the fuzzy membership functions (triangular) for each
partition (attribute) of the temperature variable, as described in
Table 2.

9.2 Fuzzy regression tree description

In this section, in line with the objectives of the research, the
two variables are examined separately and in a detailed manner.
Figures 4, 5 present the partitions of each variable based on
their respective root nodes adopted in this study. Furthermore,
Figures 6a–e, 7a–e provide a comprehensive illustration of the
hierarchical branching structure at each decision node of the
decision tree model constructed using the real data corresponding
to the two variables, respectively. In light of this approach, the
binary-division sets (binary-division decision trees type) for the
purpose of employing the chi-square test, the data set is divided
into two types: first, the negative-signal set and second, the positive-
signal set. Then, each node of the tree is constructed to represent

a specific fuzzy partition based on fuzzy (linguistic) rules. This
process transforms the crisp input data into fuzzy sets relying
on membership functions, which in turn act as splitting nodes
in the tree branching into five child nodes. According to the
hierarchical structure of the decision tree partitions, these form
partial groups based on quartiles. Subsequently, these groups are
further divided into two terminal (leaf) nodes corresponding to
positive and negative difference signals. Based on the calculated test
statistic, decisions are made using the contingency tables method
for the chi-square test. The related tables and the following section
explain in detail.

To carry out the analysis using the steps of the GUIDE
algorithm discussed in Section 8.1 on the data of the climate
change variables (temperature and wind speed), we will
construct 2 × 4 contingency tables for the chi-square test
to measure the independence of the error sign between
the predicted and actual values. This will be done for both
the observed and expected frequencies across the four fuzzy
group partitions (columns). Then, we calculate the chi-square
test statistic and compare it with the tabulated critical value(

x2
(3,0.05) = 7.8147

)
according to the following hypothesis testing:

the null hypothesis, which represents the levels of sign error
that are independent of the levels for the fuzzy partition groups,
against the alternative hypothesis, which represents the levels
of sign error that are dependent on the levels for the fuzzy
partition groups. Figures 8a, b explained the descriptive for fuzzy
partition groups.
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FIGURE 6

The Fuzzy Regression Tree Models for the Attributes of the actual data set representing Variables Temperature (a) Internal nodes of the very cold
category, (b) Internal nodes of the cold category, (c) Internal nodes of the mild category, (d) Internal nodes of the hot category, (e) Internal nodes of
the very hot category.
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FIGURE 7

The Fuzzy Regression Tree Models for the Attributes of the actual data set representing Variables wind speed (a) Internal nodes of the very slow
category, (b) Internal nodes of the slow category, (c) Internal nodes of the mild category, (d) Internal nodes of the strong category, (e) Internal nodes
of the very strong category.
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FIGURE 8

Triangular membership function for the attributes of the actual data set representing: (a) Variables Temperature (very cold, cold, mild, hot, very hot),
(b) Variables wind speed (very slow, slow, mild, strong, very strong).

TABLE 3 Observation count and expected count of the fuzzy number for temperature.

Temperature Sign error r < q1 q1 ≤ r < q2 q2 ≤ r < q3 r ≥ q3
∑

Count = 425

Observation count Very Cold + 22 106 105 106 339

– 86 0 0 0 86

Expected count + 86.146 84.551 83.753 83.753 –

– 21.854 21.450 21.247 21.247 –

Observation count Cold + 11 24 105 106 246

– 97 82 0 0 179

Expected count + 62.513 61.355 60.776 61.355 –

– 45.487 44.645 44.124 44.645 –

Observation count Mild + 108 31 29 106 274

– 0 75 76 0 151

Expected count + 69.628 68.339 67.694 68.339 –

– 38.372 37.661 37.306 37.661 –

Observation count Hot + 108 106 23 22 259

– 0 0 82 84 166

Expected count + 65.816 64.598 63.988 64.598 –

– 42.184 41.402 41.012 41.402 –

Observation count Very Hot + 108 106 105 9 328

– 0 0 0 97 97

Expected count + 83.351 81.807 81.053 81.807 –

– 24.649 24.193 23.965 24.193 –

Figure 8a illustrates the triangular membership functions for
the temperature variable. And Figure 8b illustrates the triangular
membership functions for the wind speed variable, which are
measuring some climate change factors during the study period
in Dhi Qar Governorate. and the characteristics that represent the
fuzzy sets used to classify the temperature variable into five fuzzy
groups (very cold, cold, mild, hot, and very hot) and the wind speed
variable into five fuzzy groups (very slow, slow, mild, strong, and
very strong). In order to give a clear and accurate perception of

the weather condition and remove the ambiguity from the general
description of the condition to a more accurate description closer
to measuring.

Figure 4 showed the definition of the root node of the
temperature variable, and Figure 5 showed the definition of the root
node of the wind speed variable. Figures 6a–e shows the branches
of the regression tree of the temperature variable for the fuzzy
partitions that we explained in Figure 8a and which relied in its
calculations on the steps of the GUIDE algorithm to clarify the
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TABLE 4 Observation count and expected count of the fuzzy number for wind speed.

wind speed Sign error r < q1 q1 ≤ r < q2 q2 ≤ r < q3 r ≥ q3
∑

Count = 425

Observation count Very Slow + 22 107 104 106 339

– 86 0 0 0 86

Expected count + 86.146 85.348 82.955 83.753 –

– 21.854 21.652 21.045 21.247 –

Observation count Slow + 108 107 34 7 256

– 0 0 70 99 169

Expected count + 65.054 64.452 62.645 63.849 –

– 42.946 42.548 41.355 42.151 –

Observation count Mild + 108 30 20 106 264

– 0 77 84 0 161

Expected count + 69.628 66.466 64.602 65.845 –

– 38.372 40.534 39.398 40.155 –

Observation count Strong + 5 41 104 106 256

– 103 66 0 0 169

Expected count + 65.054 64.452 62.645 63.849 –

– 42.976 42.548 41.355 42.151 –

Observation count Very Strong + 108 107 104 18 337

– 0 0 0 88 88

Expected count + 85.638 84.845 82.466 84.052 –

– 22.362 22.155 21.534 21.948 –

work using this approach and relying on the analysis in Table 3.
For the purpose of clarifying the work in Table 3, (r) represents
the number of repetitions in each cell that corresponds to the
error signal for each of (the observed repetition and the expected
repetition) and the corresponding subset of the total sets that
were divided through the three quartile values (q1 = 22.3, q2 =
29.5, q3 = 43.7). Figures 7a–e shows the branches of the regression
tree for the wind speed variable for the fuzzy partitions that we
explained in Figure 8b and which relied in its calculations on
the steps of the GUIDE algorithm to clarify the work using this
approach and relying on the analysis in Table 4. For the purpose
of clarifying the work in Table 4, (r) represents the number of
repetitions in each cell that corresponds to the error signal for each
of (the observed repetition and the expected repetition) and the
corresponding subset of the total sets that were divided through the
three quartile values (q1 = 5.8, q2 = 7.4, q3 = 9.15) in fuzzy logic.

Tables 3, 4 display the classification outcomes derived from the
analysis of a fuzzy dataset. These results were validated using two
independent tree-based models. Figures 6a–e, 7a–e demonstrate
the underlying decision-making process, which leverages the
inherent tree structure within fuzzy regression. This process
involves the division of the sample space into quartiles to provide
a comprehensive description of the variable states. In the case
of analyzing the temperature variable, the output results are in
Table 3, where the second and third columns display the fuzzy
group divisions and the error signal for each division. The rest
of the columns represent the branching results for the variable

according to the fuzzy categorical division of the error signal. Thus,
the descriptive results of the repetition of cases can be analyzed in
the cells corresponding to the chi-square table as follows: As for
the first division, very cold weather has a main influence and is
the focus of our attention, where 339 observations with a rate of
80% corresponded to descriptions of cold weather (the error sign
is positive), which compares with rate 20% for very cold weather.
Analyzing the first quartile, 22 observations with a rate of 20% were
classified as cold weather, while 86 observations with rate 80% were
categorized as very cold weather. As for the remaining quarters of
this category division, they were 106 and 105 observations, with
rates of 100% for cold and rates of 0% for very cold, respectively.
As for the rest of the category classifications, they can take the
same analysis, and they are moderate with mild climate category
divisions and are considered not influential in the main way (cold,
intermediate, and hot). As for the fifth division, very hot, it has a
main influence and is the focus of our attention. We recorded 328
observations, with 77% of the total observations, compared to 23%
who described the weather as very hot. As for the fourth quarter,
which described the weather as hot, there were 9 observations, with
a rate of 8.5%, while 97 observations described the weather as very
hot, representing 91.5%. For Table 3, we found that the calculated
chi-square value for the very cold of the temperature variable was
316.4632, and compared with the corresponding tabular chi-square
value, which was [x2

(3,0.05) = 7.8147], we note that the calculated
value is greater than the tabular value, and thus the null hypothesis
is rejected and the hypothesis that states that the levels of the
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residuals signal are not independent of the partial sums is accepted,
and this means that the first fuzzy set for the temperature variable
affects climate change. And, we found that the calculated chi-square
value for the very hot of the temperature variable was 378.2436,
and compared with the corresponding tabular chi-square value,
which was [x2

(3,0.05) = 7.8147], we note that the calculated value
is greater than the tabular value, and thus the null hypothesis is
rejected and the hypothesis that states that the levels of the residuals
signal are not independent of the partial sums is accepted, and this
means that the Fifth fuzzy set for the temperature variable affects
climate change.

We conclude from Table 3 that the fuzzy classifications
were more accurate in describing temperatures when using the
fuzzy regression tree structure based on the selected categorical
classifications provided by fuzzy logic. This improves the accuracy
of the results shown in Table 3 and provides a clear understanding
for both the general public in Dhi-Qar Governorate who are
interested in weather conditions and researchers studying climate
change, enabling decision-makers to take immediate and future
action to mitigate and prevent temperature increases and to utilize
them in electricity generation by developing alternative plans and
environmentally friendly policies.

When analyzing the results for the wind speed variable in
Table 4, the second and third columns display the fuzzy group
classifications and the error signal for each classification. The
remaining columns present the results of the variable’s branches
according to the fuzzy categorical division of the error signal.
Accordingly, the descriptive results of case repetitions can be
analyzed in the cells corresponding to the chi-square table as
follows: The number of observed frequencies in the sample
describing the weather as strong winds was 256 observations,
accounting for 60%, compared to 40% who described the weather
as stormy. In the first and second quarters, 46 observations, a rate
of 21% described the weather as having strong winds, while 169
observations, a rate of 79%, described it as stormy. The number
of observations in the sample describing the weather as stormy
was 337, accounting for 79%, compared to 21% who described
it as very stormy. In the fourth quarter, 18 observations, a rate
of 17% described the weather as stormy, while 88 observations,
a rate of 83% described it as very stormy. For Table 4, we found
that the calculated chi-square value for the strong of the wind
speed variable was 302.1632 and compared with the corresponding
tabular chi-square value, which was [x2

(3,0.05) = 7.8147], we
note that the calculated value is greater than the tabular value,
and thus the null hypothesis is rejected and the hypothesis that
states that the levels of the residuals signal are not independent
of the partial sums is accepted, and this means that the fourth
fuzzy set for the wind speed variable affects climate change.
And, we found that the calculated chi-square value for the very
strong wind speed variable was 333.9847 and compared with the
corresponding tabular chi-square value, which was [x2

(3,0.05) =
7.8147], we note that the calculated value is greater than the
tabular value, and thus the null hypothesis is rejected and the
hypothesis that states that the levels of the residuals signal
are not independent of the partial sums is accepted, and this
means that the fifth fuzzy set for the wind speed variable affects
climate change.

We conclude from Table 4 that the structure of the fuzzy
regression tree, based on the selected categorical classifications
provided by fuzzy logic, played a significant role in monitoring
weather. Analyzing the results presented in Table 4 provides
information both the general public in Dhi-Qar Governorate who
are interested in weather, and for researchers focused on climate
change and alternative energy. These findings can assist decision-
makers in utilizing wind speed as a source of clean and renewable
energy. Wind energy can be harnessed across various fields, with
one of the most important being the generation of electricity in an
environmentally friendly manner.

10 Conclusions

The GUIDE decision tree algorithm has been widely applied
in the literature to analyze crisp datasets. The main contribution
of the present study is the extension of its application to the
framework of fuzzy logic theory, which clearly differentiates this
work from existing studies. We conclude that fuzzy classifications
were more accurate in describing temperature and wind speed
variables when using the fuzzy regression tree structure based on
the selected categorical classifications provided by fuzzy logic. In
addition, these variables played a significant role in monitoring
weather conditions. In other words, fuzzy logic offers a more
accurate description and provides a clearer picture of the significant
and rapid changes in climate and their impact on the environment.
It has become evident that regression tree tools are among the most
efficient and accurate methods for quantitative analysis, aiding
in making correct and precise decisions. There is clear evidence
of climate change caused by the combined influence of rising
temperatures and wind speed in the southern regions of Iraq,
particularly in Dhi-Qar Governorate.
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