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Abstract

This research considered a critical evaluation and estimation of the forests knowledge (FK) among
university students in North Cyprus using two different approaches namely; deterministic and artificial
intelligence (AI) based models. For the first approach, the study broadly assessed university students'
knowledge about the forest in general context, forest protection, the importance of forest, forest
administration, the danger of deforestation, individual and the government has taken the responsibility
of forest versus their nationalities. Primary data were collected with the aid of a structured questionnaire
in line with the proposed five research questions; all the proposed research questions were adequately
answered through Cross-tabulation analysis. The outcome of the result revealed that students' knowledge
about forest, importance of forest, individual and government responsibility of taken care of forest has no
significant effect on nationality; while on the contrarily, the result indicated that students' knowledge
about forest protection, poor forest administration and danger of deforestation has significant effect on
nationality. For the second approach employed the estimation of forest knowledge using three artificial
intelligence (AI) models (ANN, SVM, and ANFIS) and a classical MLR model. The performance efficiency
of the models was evaluated using four statistical measures. The results indicated that SVM-
M1(R2=0.8893, MSE=0.0950, and R=0.9430) outperformance all the other models despite other AI
based models proved reliable for the estimation of forest knowledge. Subsequently, emerging optimization
algorithm called hybridized support vector regression (SVR) Harris-hawks optimization (HHO) (i.e., SVR-
HHO) were used to predict the FK was employed to hybridized SVR model in order to improve the
prediction accuracy of the model. The result indicated that HHO proved promising with more than 99%

prediction accuracy.

Keywords: Environmental education, Forests Knowledge, Artificial Intelligence, Harris-hawks
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1. Introduction

Forests are so essential with the diverse values and roles they play in the life of the people and the
entire society that they can never be underestimated. Forests contributed a lot to the coexistence and
general fitness of both man and the natural environment. The ecological units of the environment
are categorized into servicing, balancing, traditional, and other secondary roles that rightly define
the vast values of vegetation. These values could be commercial, societal, and ecological, which in
turn enhance the viability of the administrative system of the vegetation, evaluation of trees' well-
being and supervision. Defining the roles of vegetation may be confusing due to the latest vegetation
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administrative notions and workable activities that are initiated to find solutions to the confusing
notions. Environmental aesthetic values, plants, and animal multiplicity are fundamental, which
makes vegetation renewable or viable. More focus and management should be given to the
reinforcement of tree planting and replacement where it has been exploited for various human uses.
The notion of forest study should be redefined to accommodate environmental forest resources, a
collaboration of environmental benefits with commercial benefits regarding forest study. Thus, there
is a need to collaborate environmental teaching with an environmental practice, which could serve
great value in the teaching of landscape beauty, to actualize the unification of the aims of
environmental and landscape beauty for an efficient forest administrative system. Many researchers
contested this ideology, especially on the possibility of actualizing effective teaching, learning, and
practice on environmental beauty among concerned people [1]-[3].

The absence of landscape beautification yardsticks is the reason why the need for environmental
understanding is being stressed in the issue concerning renewable trees. Other research works deal
with the understanding of the environmental and life-supporting multiplicity of vegetation and
necessary values indicated in the renewable plant cover administration and policy formulation
procedures due to the level of awareness of people and their societal notions regarding landscape
beautification. The level of people's understanding varies with respect to the benefits of vegetation
and landscape beautification assessment, considering ethnic diversity and other demographic
variables [4]. Further, studies that were carried out by vegetation specialist considered nationalities
as prerequisites concerning respondents' belief regarding the significance, roles, and benefits of
forests to man and the environment inclusively; the study categorized learners into 4 clusters
comparatively like university learners that are unrelated to forest study in Korea, learners in the field
of forest study in Korea, learners outside of forest study in Canada and learners within the field of
forest study in Canada. These comparative studies were an eye-opener that unfolded the impact of
understanding and teaching on the environmental alertness of scholars about the roles of trees and
the significance of nationality on this crucial issue. Thus, the significance of the knowledge of forests
among university students in North Cyprus was strongly connected with pre-existing works of
academics regarding forests [5].

Besides, it is very important in this ongoing research work to have full knowledge of students about
tree-plant resources, which will invariably reveal the determinant variables that give meaning to the
purpose of the study. It is an empirical fact that people's demographic profiles determine their
perceptions and views about forestry. Even people's way of life or lifestyle based on occupation and
nationality concerning natural endowments could influence their views and perceptions concerning
the administration of such natural gifts [6], [7]. The research works revealed that the evaluation of
people's views about environmental endowments and administration could be essential in keeping
records of people's perceptions and views about the surroundings where they reside. Thus, for
adequate renewable strategies' formulation; it welcomes people involvement with strategies
formulation and increases in the knowledge that will enhance views that are supportive of strategies
accord, Thus creating a balance between the human being benefiting from forest products in his life
and preserving them, and preventing the attack and cutting them [8], as well as developing and
improving the performance of universities participating in discussions, conferences and dialogues
on forests and communication with other universities and partnership with sectors and institutions
related to forests [9]. Most research works relate natural factors and events with people's beliefs,
which could be limited by the method being used for evaluating beliefs, natural events and
interrelationships that follow, such as interconnecting chemical airspace contamination with human
displeasure [10].

Based on the developed literature, various deterministic classical linear analyses have been widely
established, which have generally been reported as being associated with low estimation accuracy.
This necessitates the development of a strong, accurate and non-linear hydro-environmental method
known as the artificial intelligence (AI) approach. In parallel with this, different types of Al-based
models have been explored in different applications related to forest sustainable management which
predominantly used artificial neural networks (ANN) for example, sustainable forest management
[11] , socio-ecological system [12], forest change [13], and forest resources management [14]-[16].
Hence, the aim of this study is designed in two different approaches (i) To employ a deterministic
approach for evaluate the knowledge of forests among university students in North Cyprus. This is
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to ascertain the beliefs and the practices of the students toward forests from a national perspective.
The researchers are optimistic that the study will promote future nationality-based studies in the
areas of environmental education and management among students from various nationalities
across the globe, to develop environmental education at the grassroots, academic communities, and
state, regional, and global levels. This will also cover up every loophole limiting forest protection
programs, awareness, and collective responsibility in both nations. Although previous research was
not little or not focused at all on assessing university students' knowledge of forests. Opportunity is
widely opened now to evaluate the students based on their knowledge of the values, problems,
education and taking responsibility and general attitudes about forests. (ii) To propose three
different non-linear Al-based models, viz: Artificial Neural Network (ANN), Adaptive-Neuro Fuzzy
Inference System (ANFIS) and support vector machine (SVM) and a conventional Multi-linear
regression (MLR) model for the estimation of knowledge forest among university students in North
Cyprus. It is worth mentioning that since the pronouncement of Al-based techniques, to the best of
the authors’ knowledge, up to date, no study has been conducted in technical literature indicating
the knowledge forest application using these models. The motivation of work is presented in
different aspects. First, an investigation of the potential capability of AI-based modes (ANN, ANFIS,
and SVM) integrated with hybridized optimization algorithms for the estimation of a knowledge
forest.

2. Materials and Methods

As stated above, this study proposed two different approaches in order to evaluate the knowledge forest
among the students in Northern Cyprus. For this reason, deterministic and Al-based models were used
for both the evaluation and estimation, respectively as described in sections 2.1 and 2.2.

2.1 Deterministic Experimental Approach

This study uses both inferential and descriptive methods to evaluate findings through a structured
questionnaire according to empirical observation, collection, and recording of respondents’ opinions,
assessments, classifications, and interpretation of data through statistical software, with no reason for
any biased manipulation of the main objective and scope of the study. The research was piloted among
the university students, both at the Undergraduate and Postgraduate levels in North Cyprus to share
different experiences about their knowledge and views of the forest resources in their locality. North
Cyprus was selected as an area of study due to the uniqueness of the university environment, and
because of the proximity to the scholar catchment, similar environmental characteristics, and
challenges that are commonly associated with the Mediterranean region and other nationalities in the
world. This was what propelled this study to investigate the knowledge of forests among university
students of multi-nationalities in North Cyprus. As earlier indicated a well-articulated questionnaire
was organized both in English and Arabic, to reach out to Libyan and other Arab students who mostly
speak and have taken Arabic as their national language. The questionnaires were administered
randomly among university students in North Cyprus (Near East University, Cyprus International
University, and Eastern Mediterranean University) without any regard for age, gender and study level
differences; the study area was distinct culturally with students from Libya, other African nations
(Nigeria, Cameron, Democratic Republic of Congo, Ghana, Zimbabwe, Gambia, Senegal, Somali,
Rwanda, Sierra Leone, and Zambia), North Cyprus, Turkey and other Middle East nations(Iraq, Iran,
Jordan, Syria, Palestine, Lebanon, Egypt, and Yemen).

The fieldwork for administering questionnaires on a face-to-face basis was supported by the voluntary
assistance rendered by two university students in North Cyprus. The sum of 300 questionnaires was
administered to the university students in the targeted study area for weeks, and it takes at most fifteen
minutes for the questionnaire to be answered by each participant. Most importantly, to create leading
questionnaire that will answer to the fundamental objectives of the study according to the research
questions; a well-structured questionnaire was developed and subdivided into seven sections with
questions and responses as sub-headed which include demographic characteristics of students,
evaluation of students' knowledge toward general knowledge of forests, forest protection, importance
of forests, poor forest administration, danger of deforestation, and the practices of taking responsibility
about forests by individual and government. Thus, to be able to acknowledge the opinions of the
students toward the theme of study, participants were given the privilege of several options in making
their views known for assessment; such as Yes, No and Not Sure; Agree, Disagree, and No option Count;
these options are responding to some values and activities regarding forest resources [17]. In addition,
the research test of reliability could be limited by the way the information from the respondents was
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deduced; some options created for the respondents may not necessarily or totally signify their views
and some options are not enough to express their views, particularly the options of Yes, No and Not
sure. Thus, this should stand as a point of reference to further any forthcoming research works [18].
Also, a one-way reliability test control will possibly not receive general acceptance and application in
any empirical study [19].

2.2 Artificial Intelligence-Based Model

For any data-driven method, the knowledge of data science and analysis is quite crucial; as such, the
data used for the estimation of forest knowledge in this study were obtained using the procedure
described in section 2.1. Hence, this study proposes the application of four data-driven algorithms,
including three non-linear models: ANN (the most widely used data-driven model), SVM (as a recently
developed model), ANFIS (as a hybrid learning algorithm) and a classical model (MLR as a commonly
used linear model) for the estimation of forest knowledge using different input variables. Subsequently,
emerging optimization algorithms called HHO were employed to hybridize SVR model to improve the
prediction accuracy of the model. The primary motivation for employing different data-intelligence
models is attributed to the difficulty in understanding whether a specific model is superior to others in
practice. Therefore, choosing appropriate models for a particular case can be challenging for modelers.
This complexity can only be overcome by selecting and comparing different data-driven models,
including the linear models, despite their weaknesses in handling highly nonlinear and complex data.
For the development of the current study, Figure 1 shows the flowchart of the methods used. From the
flowchart, it can be observed that the input data are collected, pre-processed and normalized based on
Equation 1. The normalization of the data was conducted before the model training, which is usually
performed to increase the accuracy and speed of the model.

y = 0.05 + <0.95 X (%)) )
where y is the normalized data, x is the measured data, Xmax and Xmin are the maximum and minimum
values of the measured data, respectively. For the development of this study the important variables
were selected based on the sensitivity analysis in which the following variables were used: Forest
knowledge (FK), Forest importance to the country (FIC), Importance for recreational activities (ICA),
Vital goal of forest (VGF), Government is responsible for taking care of forest problem (GRT), Sources
of forest knowledge (SFK), Benefit of forest protection to man and his environment (BFE),
Responsibility of individual to protect forest in their locality (RIF), Danger of cutting forest (DCF).
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2.2.1 Artificial Neural Network (ANN)

ANNS s are systems designed based on computational analysis to emulate the process by which human
brains handle information [20]. They are comprised of different neurons as processing units, which are
connected with adjustable weights and biases. ANNs serve as single or multi-layered systems consisting
of an input, hidden, and output layer [21]. The present study adopts the feed-forward network with
backpropagation algorithms (FFNN-BP). According to the literature, artificial neural networks are tools
used in processing information, which are designed and function like the biological nervous system of
the brain, and include a basic component known as a neuron (node). Due to their promising abilities,
ANNs with FFNN-BP have proved to be effective tools for overcoming highly non-linear processes in
different fields of science and engineering [22], [23]. The proposed ANN architecture used in this study
can be presented in Figure 2.
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Figure 1: Architecture of ANN used in this study
2.2.2 Adaptive-Neuro Fuzzy Inference System (ANFIS)

One of the data-intelligence algorithms, adaptive neuro-fuzzy inference system (ANFIS) is a technique
that involves the learning capacity of neural networks and fuzzy logic. ANFIS serves as a real-world
estimator due to its ability to approximate real functions [24]. Generally, there are three types of ANFIS,
namely Tsumoto, Sugeno, and Mamdani, where the Sugeno system has wider applications [25]. Fuzzier
and defuzzifier are the major parts of the fuzzy database system. Fuzzy logic involves the conversion of
input data into fuzzy values through the application of membership functions. The values range between
0-1. Nodes work as membership functions (MFs) and also permit the modeling of the relations of the
input with the output. There are various types of membership functions, such as triangular, sigmoid,
Gaussian, and trapezoidal [26]

Assume the FIS contains two inputs ‘X’ and ‘y’ and one output ‘', a first-order Sugeno fuzzy has the
following rules.

Rule 1: if p(x)is A; and p(y) Bythenf; = p;x+ quy + 1y (2)
Rule 2: if p(x)is A, and u(y)is B, then f, = p,x+ q,y + 1, (3)

Ay, By, A,, B, Parameters are membership functions for x and y inputs, p;, q;, 71 p,, g2, 172, are outlet
function parameters. The structure and formulation of ANFIS follow a five-layer neural network
arrangement. Refer to [27]—[30] for more information about ANFIS. Figure 3 presents the architecture
of ANFIS used in this study.
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Figure 3: ANFIS architecture used in this study
2.2.3 Support Vector Machine

In 1995, Vapnik proposed the idea of learning in the context of the support vector machine (SVM),
which provides the desired mechanism for solving problems that involve classification, prediction,
pattern recognition, and regression [31]. The SVM works according to the concept of machine learning
and is composed of a data-driven model. The two major functions of SVM comprise statistical learning
theory and structural risk minimization. This provides an insight that makes it different from ANN due
to its capability to reduce error, redundancy of the data, and complexity, and increase the general
performance of the system. SVM can be classified into linear support vector regression and non-linear
support vector regression [32].

2.2.4 Multi Linear Regression (MLR)

A linear regression is considered simple if it is aimed at predicting the correlation between a single
output and a single input variable. However, if the aim is to estimate the correlation between two or
more input variables to determine a single criterion variable, this model is referred to as Multiple Linear
Regression (MLR) [32]. MLR is the most widely utilized form of linear regression that has been used in
various areas of study, in which each value of the input parameter is associated with a value of the output
variable. It is worth mentioning that MLR shows a correlation in terms of a straight line, which best
estimates all the data points involving both the output as well as the target variables [33]. The general
form of the MLR model is as shown in Eq. (4).

y= bo + b1X1 + bzXz + .- blxl (4)

Where x_1, is the value of the ith predictor, b_o is the regression constant, and b_i is the coefficient of
the ith predictor.

2.3Harris Hawks Optimization (HHO)

Harris Hawks Optimization (HHO) is considered a novel algorithm, which is developed through
mimicking the hawk’s hunting procedure. The technique was used successfully for solving various
intricate problems in engineering and science in recent years [35], [36]. Mostly, the hawks used to work
alone, but the Harris hawks used to chase and hunt by working and cooperating [37]. Therefore, the
HHO technique resembles the cooperative mechanism and hunting behavior of the natural Harris
hawks. The mechanisms involved during HHO hunting consist of tracing, encircling, approaching, and
attacking. This involves three main steps viz, exploration, a transition from exploration to exploitation,
and exploitation (Figure 4). The first stage involves exploration, which is demonstrated as follows:

_ Xrand(t) - rllxrand(t) - ZTZX(t)l if q= 0.5
Xt+1) = {mebit(t) — X, (6) —r5(LB + 7, (UB — LB)) if ¢ < 0.5 (5)
Xa(t) = T2V X,(0) (6)
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Whereby X, (t) is defined as the mean location of the Harris hawks, while the no. of Harris hawks was
denoted using N, X(t + 1) is the location of the hawks in the following iteration t+1, X;(t) is the position
of the current Harris Hawk at iteration t, X, ,,4(t) is a randomly selected hawk, X,.,;p::(t) is the location
of the rabbit (prey); LB and UB are the lower and upper bands, respectively, and g, ry, r,, r; and r,, are
random values varying between 0 and 1.

The second phase is considered a transition from exploration to exploitation, if the energy of the hawks
is minimized during the hunt. The energy used for escaping the hunt can be shown as follows:

E=2E(1-7) @)

Whereby, E, is indicated as the original energy used during every progression (E, € (-1, 1)), while T'is
the maximum size of iterations.

The exploitation stage is regarded as the third phase, and it is planned predominantly for improving
local solutions in the recent solutions. During this phase, the hawks quickly attack the prey identified
in the past stage based on the prey's escape and the hawk's hunting. Based on both values of E and r,
the besiege type to catch the rabbit is selected; the hard one is taken when |E| < 0.5 and the soft one is
taken when |E| = 0.5. The HHO algorithm has four strategies to mimic the attacking stage; soft besiege,
soft besiege with progressive rapid dives, hard besiege, and hard besiege with progressive rapid dives
(Figure 4) [34], [381[37].

Figure 4: Different stages of Harris Hawks Optimization [34], [36], [39], [40].
2.4 Model Performance Criteria

For any data-driven method, the performance accuracy is evaluated using different criteria based on a
comparison between the predicted and measured values[41], [42]. In this study, the determination
coefficient of (R2) and correlation coefficient (R) as a goodness-of-fit and two statistical errors, including
root mean-squared error (RMSE), mean-squared error (MSE), were used for the evaluation of the
models:

_ Z?’:J(Y)obs,j_(y)com,j] ?

RZ — — ( )
S04 [V obs i~ (Mobs ] >
N L .
RMSE — Zi=1(yob51 Ycoml)2 (6)
N
1
MSE = N Z?]=1(Yobsi - Ycomi)2 (7)
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R — Zliil(yobs_}?abs)(ycom_Ycom) (8)
Zli\il(yobs_yobs)z Zliv=1(ycom_ycom)2

Where N, Y,,;, ¥ and Y,,,,; are data number, observed data, average value of the observed data and
computed values, respectively.

3.0 Application of Results and Discussion

This paper presents the first application of deterministic and Al-based models for the evaluation and
estimation of forest knowledge among the students of Northern Cyprus. The results of both
deterministic and AT approaches are presented in the section below.

3.1 Results and Discussion of Deterministic Approach

The deterministic analysis of this study can be categorised into demographic characteristics of the
respondent, students’ knowledge about forests versus nationality, students’ knowledge about poor
forest administration and danger of deforestation versus nationality, and students’ knowledge of
individual and government responsibility regarding forests and nationality. Table 1 shows the
demographic characteristics of the respondents.

Table 1: Demographic Characteristics of Students of The Near East University, Cyprus International
University, and Eastern Mediterranean University

Response Frequency Percentage
Gender

Male 175 58.3%
Female 114 38.0%
Total 289 96.3%
Name of the University

Near East University 75 25.0%
Cyprus International University 110 36.7%
Eastern Mediterranean 109 36.3%
Total 204 98.0%
Background of Education

Undergraduate 172 57.3%
Master 84 28.0%
PhD 33 11.0%
Total 289 96.0%
Nationality

Libya 65 21.7%
Turkish-Cypriot 60 20.0%
Turkish 58 19.3%
Middle East 51 17.0%
Africa 53 17.7%
Total 287 95.7%
Age category

Under 21 45 15.0%
21-25 84 28.0%
26-30 73 24.3%
31-35 33 11.0%
36-40 23 7.7%
41-45 16 5.3%
45 above 9 3.0%
Total 283 94.3%

The results in Table 1 indicated a higher percentage of males over female; the educational background
of the university students varied from undergraduate to Master and Ph.D. Also, students from diverse
nationalities were broadly covered, which added more value, significance, and uniqueness to the course
of this study; most of the nationalities across universities in North Cyprus were fairly represented within
the ambit of the sample size on the average assessment, and all the students from these identified
nationalities fully participated. The survey cuts across students of different age categories. There are
cogent necessities to survey diversity in the knowledge of students toward vegetation resources,
especially amongst universities of multinational ties, in terms of tree-plant protection, importance,
administration, social responsibility, government responsibility, and destruction [43]. It has been
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proven practically that university learners could possibly represent the views of people (regardless of
their demographic differences) in the larger society analytically through the pragmatic survey; these
will also provide an intelligent report about tree-planting on the understanding of vegetation impacts
to various nations worldwide [44], [45].

Table 2: Cross Tabulation Analysis for Forest knowledge versus Nationality (Chi-Square 0.150 greater
than Alpha-value 0.005)

Nationality

Students Forest Libyan Turkish  Turkish Middle East Other African
knowledge Count Students Cypriot Students Students Students

Students
Yes Count 42 30 32 24 32
Forest knowledge % 26.2% 18.8% 20.0% 15.0% 20.0%
Nationality % 67.7% 52.6% 58.2% 47.1% 61.5%
No Count 7 19 14 17 10
Forest knowledge % 10.4% 28.4% 20.9% 25.4% 14.9%
Nationality% 11.3% 33.3% 25.5% 33.3% 19.2%
Not sure Count 13 8 9 10 10
Forest knowledge % 26.0% 16.0% 18.0% 20.0% 20.0%
Nationality % 21.0% 14.0% 16.4% 19.6% 19.2%

However, the results of Cross-tabulation analysis that categorically revealed that students' knowledge
about forest has no significant effect on nationality; it implies that there is no remarkable effect between
forest knowledge and nationality or implies that students' knowledge about forest stand as independent
variable without any association with nationality — in which P-value for the Chi-Square (0.150) is
greater than the Alpha-value (0.005) (Table 2). This is because the students come from different
geographical regions and nations across the world have different knowledge and views about forests.
Tertiary institutions that have many multinational students are positioned globally to provide
methodological understanding about forests to the students, through innovation, professionalism,
public enlightenment programs, and promotion of forest activism [9], [46]. Although the overall results
showed no ties of connection between students' forest knowledge and nationality because some
students have a great idea about forest values, management, and social responsibility without any
connection with their nationalities. Thus, any tertiary institutions that are endowed with so many
multinational students need to be constantly connected with innovation on forest knowledge; these
higher institutions ought to be conscious of the reformation happening around the globe, which could
be achieved through collaborative works with the corporate organization, informal organizations,
people, community, and activists on matters relating to forest knowledge and sustainability [47].

Knowledge about the forest is an optional thing, which could be supported by societal norms,
principles, beliefs, political philosophy and nationalism. Understanding and insight about forestry
could emerge from diverse ways, which in turn inspire people about the possibility of making its
immediate forest endowments very sustainable over a long period. Before the advent of modernization
and organized society, native people across the entire globe had devised various means of forestry and
land-use that long supported their primary occupation and traditions with no adverse effects on the
immediate environment [48]. Even students' understanding about forestry can be derived from natural
and applied studies, social and humanities studies (such as finance and commerce, information
marketing, governmental studies, commercial administration, and legal studies); these will eventually
form a base of discovery and understanding for forestry program formulation and execution toward
sustainability [49]. The Cross-tabulation analysis explicitly stated, according to the details in Table 3,
students’ knowledge about forest protection has a strongly significant effect on nationality; regardless
of the diverse nationalities of the students, they firmly acknowledged that forests and their vast
resources ought to be seriously protected, because they have so many tremendous values that contribute
to the people and the environment. On the account of the Chi-square results, the P-value showed 0.002
which is less than the constant Alpha-value (0.005); the result statistically concluded that students’
knowledge about forest protection has a remarkable impact on nationality, which could be interpreted
that students’ knowledge about forest protection and nationality are both dependent variables.

65



Abdelgader Alamrounti, Techno-computing Journal (2025)

Table 1: Cross Tabulation (Chi-square P-value is 0.002 less than Alpha-value 0.005) Analysts for
Students' Knowledge about Forest Protection versus Nationality

Students Nationality

Knowledge Libyan Turkish Turkish Middle East Other African
about Forest Students Cypriot Students Students Students
Protection Students

Count

Yes Count 29 22 14 17 22
Forest

protection % 27.9% 21.2% 13.5% 16.3% 21.2%
Nationality % 50.0% 42.3% 28.0% 37.8% 42.3%
No Count 26 25 31 23 16
Forest

protection % 21.5% 20.7% 25.6% 19.0% 13.2%
Nationality% 44.8% 48.1% 62.0% 51.1% 32.0%
Not sure Count 3 5 5 5 12
Forest

protection % 10.0% 16.7% 16.7% 16.7% 40.0%
Nationality % 5.2% 9.6% 10.0% 11.1% 24.0%

In addition to the above analysis, there are so many people globally from different environments and
professions, especially students of diverse nationalities, who have the same motive for vegetation
conservation; the necessity and liberality may not be the same, but their agenda is in line with the
general forestry conservation. Probably, occupation and sources of revenue may not be the same [50].
Also, the results indicated that a strong correlation between students having or not having knowledge
about forest protection has a lot do with the nations of their origin; the cultural and political practices
of any nation have a significant impact or effect on citizens toward forest sustainability. With the
increase in vegetation destruction worldwide, these challenges call for more studies reaching out to all
nationalities to enlighten and direct all the programs of nature passionate people toward the protection
of tree-plant endowments. Thus, a study of this nature that covers different ethnic groups in universities
of multinational ties regarding knowledge of the forest among university students may be very rare and
often cumbersome, regardless of whether such diverse ethnic groups have been previously considered
for others or other empirical works elsewhere [51]. The results of the Cross-tabulation analysis about
Table 4 depicted that students’ knowledge about the importance of forest has no significant effect on
nationality which means there is no association between importance of forest and nationality; the Chi-
square showed P-value 0.067 greater than the Alpha-value 0.005; the conclusion and implication of
this result indicated that students' knowledge about the importance of forest has no significant effect
on their nationality.

Table 2: Cross Tabulation (Chi-square P-value 0.067 greater than the Alpha-value 0.005) Analysis of
Students Knowledge about the importance of Forest versus Nationality

Students Knowledge Nationality

about the importance of Libyan Turkish Turkish Middle Other African

Forest Count Students Cypriot Students East Students
Students Students

Yes Count 29 34 32 25 18

Forests are important to the

economy, humans and the 18.1% 24.6% 23.2% 21.0% 13.0%

environment % 47.5% 63.0% 64.0% 50.0% 34.6%

Nationality %

No Count 28 18 13 20 28

Forests are important to the

economy, humans and the 26.2% 16.8% 12.1% 18.7% 26.2%

environment % 45.9% 33.3% 26.0% 40.0% 53.8%

Nationality%

Not sure Count 4 2 5 5 6

Forests are important to the

economy, humans and the 18.2% 9.1% 22.7% 22.7% 27.3%

environment % 6.6% 3.7% 10.0% 10.0% 11.5%

Nationality %
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Also, a wide margin of students from different nationalities attested with a Yes count on how forests
and its resources are extremely important to the economy, human, and environment. Most importantly,
with much regard for the students' diversity in nationality and demographic characteristics, there
always exist those great connections betwixt forestry reserves impact and human continuous survival
and a sustainable environment (Table 5). Many research works that were conducted in advanced and
developing nations concerning the people knowledge about forestry impacts — the aftermaths of the
research depicted an incredible result that the people have more regards for forestry endowments both
financially, socially, environmentally and medically; also, students’ knowledge about the importance of
vegetation could strongly be determined by their perceptions, traditions, faith, principles, and
exposures [52], [53].

Table 3: Cross Tabulation (Chi-square P-value 0.191 Greater than the Alpha-value 0.005) Analysis
Students’ Knowledge about Poor Forest Administration and Danger of Deforestation versus Nationality

Libyan Turkish-  Turkish Middle East Other  African

Students  Cypriot Students  Students Students
Students

Agree 50 50 46 40 43
Poor forest administration
and Danger of 21.8% 21.8% 20.1% 17.5% 18.8%
Deforestation % 78.1% 86.2% 85.2% 80.0% 81.1%
Nationality %
Disagree 11 6 6 3 8
Poor forest administration
and Danger of 32.4% 17.6% 17.6% 8.8% 23.5%
Deforestation % 17.2% 10.3% 11.1% 6.0% 15.1%
Nationality%
No Opinion 3 2 2 7 2
Poor forest administration
and Danger of 18.8% 12.5% 12.5% 43.8% 12.5%
Deforestation % 4.7% 3.4% 3.7% 14.0% 3.8%
Nationality %

The results of the cross-tabulation finally indicated with Chi-square P-value of 0.191, which is greater
than the Alpha-value of 0.005; this critically concluded that students’ knowledge about poor forest
administration and danger of deforestation has no significant effect on nationality — this implies that
the identified variables functioned independently. The results of the Cross tabulation revealed that the
students Agree Count was more remarkably higher on percentage rating than Disagree and No option
count based on poor forest administration and danger of deforestation versus nationality; Thus, it is
quite cumbersome considering the above reports administering vegetation resources at a continuous
supporting capacity — due to policy and obligation differences among diverse concern groups and
students; this is posing serious risk to forestry and other related vegetation endowments as a result of
diverse consequences of climatic variation, persistent lumbering activities, urbanization, rapid human
growth in headcount, poor forestry, failure of state governance, lack of grass roots and academic
environments involvement and lack of legal frame on tree-plant sustainability. Poor forestry is a clear
issue affecting the global communities (including several African, South American, Asian, European,
and Middle-East and North American nations) in attaining sustainable forestry, because of a lack of
valuable information and other related tips of environmental information on forestry [54], [55]. From
a nationalist perspective, this implies that there should be a strong public push from academic
institutions, native people, environmental activists, private social institutions and corporate profit-
making firms; all these interest groups could work in collaboration with the state forest administration
toward combating deforestation and reinforcing policy that will enhance forest restoration. Adversely,
several nations worldwide are not working efficiently toward these aforementioned suggestions based
on funding, policy-making, implementation and human capability building — to convey their proposed
plan and program on forest administration [56].
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Table 4: Cross Tabulation (Chi-square P-value 0.295 Greater than the Alpha-value 0.005) Analysis
Students Knowledge of Individual and Government Responsibility of Forest Versus Nationality

Nationality
Students’ Knowledge of Libyan Turkish- Turkish Middle Other
Individual and Government Students Cyprus Students East African
Responsibility of Forest Students Student Students
versus Nationality Count s
Yes Count 51 37 39 44 40
Individual and Government
responsibility to take care of 24.2% 17.5% 18.5% 20.9% 19.0%
forest % 82.3% 69.8% 75.0% 86.3% 75.5%
Nationality %
No Count 8 11 10 3 6
Individual and Government
responsibility to take care of 21.1% 28.9% 26.3% 7.9% 15.8%
forest % 12.9% 20.8% 19.2% 5.9% 11.3%
Nationality%
Not sure Count 3 5 3 4 7
Individual and Government
responsibility to take care of 13.6% 22.7% 13.6% 18.2% 31.8%
forest % 4.8% 9.4% 5.8% 7.8% 13.2%
Nationality %

The cross-tabulation analytical results disclosed that students' knowledge about individual and
government responsibility to take care of the forest has no significant effect on nationality, which
indicated a Chi-square critical P-value as 0.295 is greater than the Alpha-value of 0.005. In the actual
sense, nationality is not a determining factor that could influence people's knowledge, both as
individuals or governments among various nationalities; it is thus concluded that individual and
government responsibility to take care of the forest has no remarkable impact on nationality. Academic
communities, relatives, government and other civic organizations are usually expected and obliged to
play a crucial role in enlightening learners on norms, traditions, and principles governing a given society
or state [57].State administration in the context of taken responsibility, the state authority on natural
vegetation played a crucial responsibility in the areas of logistics and administration, decision making
and legal framework, execution of programs, and creating conducive atmosphere for effective tree-plant
administration; so, state administration are central controller of vegetation endowments — they even
carry larger responsibilities than the students and other concern groups in the society [58], taking
responsibility of caring for the forest either by an individual or public institution could be a
constitutional duty from the perspective of citizenry or nationalism, and could be regarded as a
voluntary activity that proves a sense of self-responsibility. Social obligation, either on the part of the
individual or the government to care for the forest — it is never any way connected to understanding or
wisdom,; to a certain extent, it is a feature that defined several manners or attitudes; thus, it is internal
attribute of an individual being determined by societal principles; such principles could be ethical or
nationalistic in nature [57]. This concept of social obligation could encourage students to take positive
steps or tasks toward taking care of the forest and other environmental resources.

3.2 Results of AI-Based Models

For the development of the data-driven models, MATLAB 9.3 (R2019a) was employed in the ANN, SVM,
and ANFIS models, while the deterministic linear MLR model was developed using the simulation tool
in the EViews software 9.5. According to [24], obtaining suitable hidden nodes is the crucial aspect of
any ANN modeling in order to avoid overfitting caused by different factors. As has been reported in
several works of literature in the field of science and engineering, there is no particular standard method
for determining the appropriate number of hidden neurons. According to [59] [60], the proper number
of nodes in the hidden layer ranges from (2n%/2 + m) to (2n+1) for the identification of the optimum
number of hidden layers, where n is the number of input neurons and m is the number of output
neurons. Hence, 5-21 was found to be the range of the hidden neurons of the ANN model for the
estimation of forest knowledge (FK). Furthermore, the appropriate and optimal determination of
parameters (Ce, y) in the SVM models is very important in choosing the best structure for the models.
In this research, optimal values were obtained by employing the kernel function of the grid procedure,
as suggested by [31]. For ANFIS modeling, various types of membership functions (MFs) and epoch
iteration were explored using trial and error to identify the best structure. The modeling comprises of
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two different models’ combinations (M1 and M2) in which M1 contained five variable combinations
(FIC, ICA, BFE, DCF, and GRT) and M1 contained eight variables (FIC, ICA, BFE, DCF, GRT, VGF, RIF,
and SFK). The sensitivity analysis was performed to determine the combination of the models that as
presented in Table 7. Sensitivity using correlation describes how well the relationship between the
variables can be described using a linear function. The strength of the correlation is not dependent on
the direction or sign. A positive coefficient indicates that an increase in the first parameter would
correspond to an increase in the second parameter, while a negative coefficient indicates an inverse
relationship whereby one parameter increases and the second parameter decreases [61]. It can be seen
from Table 7 that the high correlation between target variables FK could be attributed to the
combination of M1, then subsequently M2.

Table 5: Spearman Pearson correlation analysis between the variables

Variables FIC ICA VGF GRT SFK BFE RIF DCF FK
FIC 1

ICA 0.1841 1.0000

VGF 0.0706 0.2726 1.0000

GRT -0.0298  -0.0611 0.0694 1.0000

SFK -0.0791 0.0853 0.1282 -0.0774 1.0000

BFE -0.1215  -0.0438 0.2815 0.0287 0.1619 1.0000

RIF -0.0112 0.0387 -0.1667 0.0970 -0.1187  -0.2943 1.0000

DCF -0.2425 -0.0228 0.1085 0.0544 0.1226 0.3560 -0.0075 1.0000

FK 0.2793 0.1337 -0.1118 -0.1317  -0.0973  -0.1424  0.0970  -0.1641  1.0000

Table 8 shows the results of the performance analysis for ANN, SVM, ANFIS, and MLR models. It can
be seen from the models that all three Al-based models can produce the best performance accuracy over
the linear MLR model. This is due to the powerful nature of nonlinear Al-based models in capturing the
complex system. Among the Al-based models, SVM-M1 emerged to be the best combination for the
estimation of FK, with the values of R2=0.8893, MSE=0.0950, and R=0.9430 in the testing phase.

Table 6: Performance Analysis of the models

Training Testing

Models R2 MSE R RMSE R2 MSE R RMSE
ANN-M1 0.8482 0.1205 0.9210 0.3472 0.8026 1.0705 0.8959 1.0347
ANN-M2 0.8582 0.1126 0.9264 0.3355 0.8485 0.8215 0.9212 0.9064
SVM-M1 0.8947 0.0836 0.9459 0.2891 0.8893 0.0950 0.9430 0.3082
SVM-M2 0.5345 0.3696 0.7311 0.6079 0.6721 1.7783 0.8198 1.3335
ANFIS-M1 0.8376 0.4205 0.9152 0.6485 0.8364 0.8874 0.9145 0.9420
ANFIS-M2 0.8189 0.1438 0.9049 0.3792 0.7455 1.5518 0.8634 1.2457
MLR-M1 0.6715 0.2608 0.8195 0.5107 0.6202 2.0599 0.7875 1.4352
MLR-M2 0.5440 9.9607 0.7375 3.1561 0.5831 9.9329 0.7636 3.1516

Further analysis of the results demonstrated that ANN-M2 served as the second-best follow by ANFIS-
M1 and lastly MLR-M1. The estimation results with regards to goodness-of-fit are presented with a
radar chart (Figure 5). From the figure it can be concluded that the performance accuracy of the best
models follows the following order: SVM-M1>ANN-M2>ANFIS-M1>MLR-M1. The MLR models was
attributed to the poor results that cannot serve the estimation purpose owing to the fact that MLR is a
linear model that cannot capture the nonlinear relationship between the variables. This can be proved
in several technical literature [41], [62], [63], [64], [65]. To compare the predictive performance of this
study the following literature [65], [66] confirm that for the good analysis of the model R values should
be greater than 0.7. In addition, according to [65], [66] the R2 greater that 0.8 is satisfactory for any
analysis using Al based models.
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Figure 5: Radar chart for all the models (ANN, SVM, ANFIS, and MLR)

For more explanation about predictive analysis of the model, point by point plot are generated
between the observed and the predicted values for the best models as depicted in Fig. 6. From the plots
it can be observed that the high agreements between the observed and predicted values were attributed
to the SVM-M1. For this reason, the quantitative analysis of the models can be generated using
determination coefficient (R2). SVM-M1 increased the prediction accuracy of ANN, ANFIS, and MLR
by 3%, 5%, and 22% in the training phase while in the testing phase it increased the prediction accuracy
by 4%, 5%, and 26%, respectively.
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Figure 6: Point by point plot between the observed and predicted values for (a) ANN-M2 (b) SVM-M1 (c)
ANFIS-M1, and (d) MLR-M1
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According to [24], [42], and [67], a good analysis of any predictive models contains at least one
goodness-of-fit e.g. R2, and one absolute error e.g. MSE, hence, Figure 7 presents the different variations
of MSE and RMSE in both the training and testing phases. From the figure it can be seen that the MLR
model emerges to be with the highest error variance, with the lowest error associated to SVM-M1. Based
on the predictive comparison of the models, it is clearly shown that the non-linear models (ANN, SVM
and ANFIS) outperformed the traditional linear regression model (MLR). The figure further proved that
all AT models are capable of predicting the FK. It is important to note that the performance efficiency of
all four models in terms of R2, MSE, R, and RMSE shows a satisfactory and reliable accuracy. This can
be due to the cross-validation process conducted before model calibration, which is very significant in
model evaluation [22]. Lastly, the comparison of all the models can be demonstrated using a box-plot
presentation (Figure 8).
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Figure 7: Shows the error performance in term of MSE, and RMSE for all the models
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Figure 8: Box-plot between the observed and the best predicted models for ANN, SVM, ANFIS, and MLR

3.3 Result of Hybridized Optimization Modelling

The pre-processing of data was carried out using various methods, including normalization and
reliability analysis. For computational analysis (time series data), understanding the effect of individual
inputs is crucial in determining the robustness of the predictive models. Hence, stationery and
reliability analysis were conducted for all the study areas using Cronbach’s alpha method and unit root
test (i.e., using Augmented Dickey-Fuller (ADF)). It should be noted that for any time series, the
preliminary analysis of a single parameter or input is quite significant for the reason that their
prediction accuracy could potentially add to the performance efficiency of the models. As reported in
the literature [68], [69], the internal consistency of the parameter can be a positive impact if the
Cronbach's alpha values exceed the threshold of 0.7. According to [70], to obtain reliable and valid
outcomes that safeguard the stationarity of all the parameters, the ADF test is paramount. The
experimental data used in the present work qualified all the aforementioned criteria
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As described in the literature section, the modelling was conducted using MATLAB 9.3 (R2020a). The
best architecture of SVR model was optimized and selected using the trial-and-error technique. The
results of the simulation were checked and evaluated using R, and R2 to check for the fitness between
the experimental and predicted values, while MSE was employed to determine the error depicted by the
models in both the training and testing stages. Based on model combinations, the simulated results in
terms of quantitative assessment are presented in Table 9. From the results, it can be observed that the
predictive modeling approaches have achieved different adequacy in accordance with evaluation
criteria. Besides, the overall results demonstrated that SVR-HHO served as the best simulation in terms
of performance criteria. Although it is difficult to rank the models in accordance with the achieved
accuracies, nevertheless, the HHO approach relatively showed the best prediction accuracy, which
attained more than 95% about goodness of fit. However, the comparative visualization of the model
combination is presented in scatter plots (see Figure 9). A scatter plot shows the level of agreement
between the observed and predicted load for the overall goodness-of-fit. It is obvious from the scatter
plot that the SVR-HHO model shows higher accuracy in comparison to the SVR model.
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Figure 9: Scatter graphical representation for (a) SVR (b) SVR-HHO

Table 9. Results of evaluation criteria for SVR, and SVR-HHO model

Training Testing
R2 R MSE R2 R MSE
SVR 0.9753 0.9875 0.0335 0.9753 0.9875 0.0421
SVR-HHO 0.9918 0.9958 0.023 0.9921 0.9960 0.0321

This also justified the capability of the HHO model in handling the chaotic system. In addition, MSE
is a more natural measure of average error, and (unlike RMSE) is unambiguous. It is a model
evaluation metric used with regression models [71]. The mean absolute error of a model with respect to
a test set is the mean of the absolute values of the individual prediction errors over all instances in
the test set. Table 9. also proved merit with regards to error values, as indicated by several researchers
lowest values of MSE indicate the best result, and vice versa. The superiority of the SVR-HHO model
can be attributed to the fact that the hybrid model has been proving to be promising than the single
model. It is very important to report how reliable Al-based models are in the fields of both science and
engineering. Moreover, the overall comparison between the best SVR model and the two hybrid SVR
algorithms (SVR-HHO) is provided using a two-dimensional Taylor diagram, as presented in Figure1o.
The Taylor diagram highlights and summarizes several statistical indices such as correlation coefficient
(R), RMSE, and standard deviation between the observed and computed [72]. The Taylor diagram has
been utilized in various fields such as water engineering, climate, and hydrological modeling.
Interestingly, to the best of the author’s knowledge, this research serves as the first to use this diagram
in forecasting load demand. Also, this diagram has the ability to highlight the goodness of fit of various
models in comparison with one another; therefore, the diagram can be seen as a series of points on a
polar plot. Detailed explanation and discussion on the Taylor diagram are given in the literature [73].
From Figure 10, it can be observed that the SVR-HHO achieved better goodness of fit in all, with the
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value of R = 0.97% in the testing phase. The results lead to the conclusion that for both training and
testing, SVR-HHO is capable of capturing the complex nonlinear patterns between the load demand
variables.
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Figure 10: Taylor graphical representation for M1, and M2 models

4.0 Conclusion

In this study, two different approaches, including deterministic analysis and data-driven models (ANN,
SVM, ANFIS, and MLR) were employed for the evaluation and estimation of knowledge forest among
university students in North Cyprus. Subsequently, emerging optimization algorithms called HHO were
employed to hybridize SVR model to improve the prediction accuracy of the model. For this purpose, a
structured questionnaire was used according to empirical observation, collection, and recording of
respondents’ opinions, assessment, classification, and interpretation of data through statistical
software, with no reason for any biased manipulation of the main objective and scope of the study. The
research was piloted among the university students, both at the Undergraduate and Postgraduate levels
in North Cyprus to share different experiences about their knowledge and views of the forest resources
in their locality. For deterministic analysis, students at all levels of education should strive to have a
better understanding of forests, because they have impacted our world in every area financially,
ecologically, medically and socio-traditionally. The unique diverse functions of forest endowments are
yet to be acknowledged by a great number of nationalities across the globe. Several nations worldwide
still place a low priority on forest administration at local, state, and central levels; this has resulted in a
low passion for forest care and protection; this also makes forest segments short of improvement,
efficiency, and public advocates. Most essentially, probably not every area of vegetation and ecosystem
could be known or exposed to all students at the tertiary institution level, while having in mind that
their various course of study differs. Although the tertiary institution students have a strong capability
for personal learning or learning autonomy, they require sufficient facilities to be provided. Also, the
tertiary institutions or higher academic communities ought to take complete liability or task for
adequate teaching of forest administration and sustainability; students should be taught on critical
thinking about forest, environment, human and socio-economic activities; in all these, they would be
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able to query and find out more about origin of forest, forest protection, importance of forest, forest
administration, danger of deforestation, and social responsibility regarding forest resources. However,
for Al-based models, two different models were developed based on sensitivity analysis to estimate the
forest knowledge using ANN, SVM, ANFIS, and MLR models. The performance criteria were evaluated
using R2, R, MSE, and RMSE. The predictive results demonstrated that Al-based models are capable of
predicting forest knowledge with fewer input combinations. The results further indicated that MLR
models are an incapable and unsatisfactory tool for modelling forest knowledge. Among the AI models,
SVM-M1 emerges best and hence serves as the most reliable estimation model. The outcomes also
suggested that for the development of Al in this field, other nonlinear models and optimization
techniques should be employed, such as extreme learning machine, genetic algorithm, and ensemble
learning, in order to improve the estimation accuracy.
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