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Vocational Education (VE) responses to the digital economy have recently improved based on instructor-centric education. The VE performance
influencing the digital economy is improved using the instructor’s knowledge and consistent assessments. To enhance the evaluation ofVE performance,
this article proposes an Instructor Skill-based Assessment Method (ISAM) using fuzzy logic (FL). This method analyzes the performance using instructor
skills for improving the digital economy. First, the crisp inputs from the various instructor skills and experience factors are analyzed using different
fuzzification levels. The levels are determined using the maximum output generated after each factor analysis. This encourages multiple-level outputs
for preventing nullified assessments. These assessments are eliminated from the fuzzification process to reduce time complexity. The instructor
knowledge update and skill improvements are recommended based on the avoidance count. This recommendation is intended to leverage the digital
economy regardless of the instructor’s experience. Therefore, the proposed method improves instructors’ performance and the digital economy.
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1. INTRODUCTION

Instructor-centric vocational pedagogy is a traditional teach-
ing method. The instructor-centric learning environment cre-
ates a familiar role in the classroom, providing the necessary
knowledge to the students [1]. Many methods and techniques
are used for the analysis of instructor-centric vocational
education. An analysis of teacher-centred learning (TCL) is
used to evaluate students’ performance [2]. The TCL method
uses circuit theory to gather the necessary performance range
of students. The circuit theory identifies students’ exact
skill sets, knowledge levels, and communication skills during
the vocational learning process. Hence, the circuit theory
evaluates performance based on the overall skills of learners
[3,4]. The TCL-based method increases the efficiency of
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the analysis, improving the systems’ feasibility level. An
importance-performance analysis (IPA) approach is used to
evaluate the academic performance level of vocational educa-
tion and training (VET) of students [5,6]. The IPA approach
analyzes VET students’ job search ability, employability, and
key skills. The IPA method is used to analyze the job-
hunting ability, employability and key skills of VET students,
with the aim of identifying the key elements that affect
students’ career development performance. "Service" does
not refer to commercial services, but rather the employment
guidance services, vocational ability cultivation services,
internship and job recommendation services, learning support
services, and skills improvement services provided by the
vocational education system and institutions to students. In
the IPA analysis, these services are regarded as important
components that influence students’ employment outcomes.
By identifying and classifying relevant data, the IPA method
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can generate structured information in the analysis process,
reducing the complexity of subsequent decision-making
and project improvement stages. Based on the diagnostic
results of IPA, institutions can identify the priority areas for
improvement in career guidance, skills training, job matching
and learning support, and enhance the overall service quality
and performance of VET students in the entire education and
employment support system [7].

The main purpose of the vocational education system is to
give students the skills and knowledge they require for the
workplace. Vocational education significantly impacts the
digital economy by providing high-quality teaching services
[8]. Vocational education increases students’ employability
by providing them with necessary practical skills while also
increasing their active participation and employment oppor-
tunities [9]. The main aim of vocational education training
is to develop students’ overall skills. Give Attributes such as
competency, self-efficacy, proactivity, and interaction skills
are used for training evaluation [10]. The key components
create a significant impact in digital platforms that develop
the conceptual tasks of the applications. Vocational education
also improves the safety and security of digital transactions,
reducing economic development difficulties [11]. Vocational
education reduces the unemployment ratio, which improves
the financial status of individuals as well as society in general.
Vocational education provides education based on students’
preferences and priorities, which minimizes the difficulty of
navigating employment systems [12].

Fuzzy-based analysis methods and techniques are used
for the analysis of vocational education performance. The
fuzzy-based analysis is used to reduce the problems in the
computation process [13]. A fuzzy analysis technique is
primarily used to evaluate the performance range of students in
vocational education and training (VET) systems. The fuzzy
analysis technique analyzes the characteristics and behavioral
features of vocational learners. A comprehensive evaluation
model is implemented that evaluates the actual features of
the learners. The evaluation model improves the accuracy
of performance analysis, providing feasible data to assist
students’ academic growth [14]. A fuzzy Delphi technique
is also used for the analysis of VET systems’ performance.
The Delphi technique analyzes the knowledge and skill sets
of students. The academic performance level of students is
derived from their scores for various tests conducted during
the training period. The Delphi technique provides essential
data for the performance improvement process that enhances
the competency of students [15, 16]. However, instructor-
centered pedagogy in vocational training faces several dif-
ficulties because of the evolving technological landscape. In
addition, the traditional approach cannot effectively determine
students’ employability, knowledge and current skills. The
traditional approaches have few hands-on programs and there
is limited student readiness. Moreover, digital-centric roles
require a high level of experience and knowledge. Therefore,
this study uses the various fuzzification level and vocational
education assessment process to improve teaching recommen-
dations. The following are the contributions of this article:

(1) An instructor skill-based vocational education assess-
ment is designed to improve the digital economy’s
significant positive impact.

(2) It examines the implications of different fuzzification
levels for handling nullified and recommendation-based
suggestions based on instructor skills, making the
process less complex.

(3) Using different metrics and processes, it performs a
comparative analysis to verify the proposed method’s
efficiency.

2. RELATED WORKS

This section reviews the previous works of various authors,
examining their focus, approaches, key areas of interest,
and techniques. Abdullah et al. [17] employed a fuzzy
Delphi technique to ascertain the essential components
for implementing mobile learning, specifically emphasizing
delivering pertinent learning services to learners. The
researchers utilized competency-based education to enhance
interview sessions, and the findings demonstrated that FDM
improved the effectiveness of learning methodologies.

Delcker et al. [18] utilized a text-mining methodology to
examine courses at vocational institutions. Their objective
was to ascertain significant keywords throughout the courses.
The utilization of digital capabilities improved the accuracy
of the content analysis. Their methodology enhanced the
precision of curricular content analysis.

Chukwuedo et al. [19] conducted a study to determine
the occupational identity status within electrical technology
education systems. Their objective was to improve students’
belief in their ability to succeed, and their employment-
seeking skills. Students were given career-focused practical
skills training to improve their understanding of their own
vocational abilities. The researcher’s assistance strengthened
the efficacy of pupils in vocational education training
programs.

Chukwuedo et al. [20] created a direct learning model
to investigate vocational education. They focussed on
identifying the learners’ commitments, employability skills,
and decision-making knowledge. An explicit learning model
was utilized to examine crucial parameters for subsequent
procedures. Their methodology enhanced the comprehensive
set of abilities possessed by students in terms of vocational
education.

Huang et al. [21] applied STEAM teaching to upper
vocational engineering students. Their objective was to
enhance the efficacy of educational systems. The TAM
algorithm model assessed the learning paths’ validity and
efficiency. The implementation of STEAM-based education
improved the precision of decision-making procedures.

Calero López et al. [22] performed a bibliometric
analysis on vocational education and training (VET). The
researchers examined the transversal competence and soft
skills of VET students. An analysis was conducted on
transversal competency to enhance pupils’ employability
prospects. Their work optimized the practicality of VET
systems.

Dogara et al. [23] introduced a conceptual framework
for work-based learning (WBL) in vocational and technical
education systems. They devised a mechanism for random
sampling to ensure pupils’ adequate preparation for the
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workforce. The influence of interpersonal skills was identified
in the process of technical advancement. Their structure
offered adequate and appropriate services to learners in
vocational and technical education systems.

Conejero et al. proposed a data-driven decision-making
method for vocational and educational training (VET) [24].
The proposed method is a multicriteria method that assesses
the criteria influences in VET. Both worst and best scenarios
are analyzed, producing optimal information for the decision-
making process. The proposed method improves decision-
making accuracy, enhancing the reliability of the VET
systems.

Zwart et al. proposed a new digital learning material (DLM)
impact detection method for vocational education [25]. The
method’s main aim is to identify learners’ self-efficacy
features. DLM features are used to improve the self-learning
abilities of students. DLM gives students the appropriate
mathematical skills required to expedite computations. The
proposed method reduces the latency in impact detection,
enhancing the robustness of vocational education systems.

Romero-Gázquez et al. developed a European training
action IN4WOOD for academic and business education
systems [26]. A new training tool is used in the model to
train the students based on preference and soft skills. The
students are trained to use key technologies to increase their
employability when job searching. The training tool also
evaluates students’ knowledge levels, reducing the systems’
complexity. The developed model improves the performance
and effectiveness of education systems. Similarly, Pei et al.
proposed a deep learning (DL) based intelligent educational
evaluation method for online education systems [27]. The
researchers apply the DL algorithm to classify the types of
learning problems, thereby producing relevant data for the
evaluation process. The DL algorithm uses offset the minimal
sum (OMS) method to reduce the computational cost. The
proposed method increases the performance level of online
learning systems.

Chukwuedo et al. designed a new influence detection
method for vocational education systems [28]. The method’s
actual goal is to detect students’ self-directed learning
abilities. Students’ lifelong learning tendencies and study
engagement interests are improved using the detection
method. The detection method reduces the identification
latency, reducing the complexity of learning systems. The
designed method improves the academic performance and
well-being range among students.

Wu et al. introduced a new machine learning (ML) technol-
ogy for secretarial pedagogy [29]. A Bayesian optimization
algorithm is used to analyze the optimal parameters for
the teaching process. The optimization algorithm increases
the speed and accuracy with which learning services are
provided to the students. The ML technique reduces the time
consumption in training systems. The proposed ML technique
enhances the development level of teaching systems.

In recent years, significant progress has been made in
improving Vocational Education (VE) responses to the
digital economy. This improvement has been achieved by
implementing instructor-centric education, which focuses on
harnessing instructors’ knowledge and expertise and using
consistent assessments. VE performance has been enhanced

by leveraging the instructor’s skills and experience, positively
impacting the digital economy. However, there is a need
to further strengthen the evaluation of VE performance and
address this issue. According to the studies conducted by
various researchers, traditional techniques face difficulties
because of the outdated curriculum, indicating that instructors
need to update their skills and curriculum activities frequently
to improve their teaching methods. As aforementioned,
the traditional teaching methods offer little opportunity for
hand-on learning, which makes it difficult to identify the
digital economy role. Also, the lecture-based teaching
approach causes students to be passive learners with minimal
engagement and poor knowledge retention. Traditional
research and teaching practices find it difficult to make
timely adjustments in accordance with the differences in
learning speeds and individualized needs among students.
Teachers’ attention time and intervention opportunities in the
classroom are limited, and the personalized guidance and
problem-solving support they can provide are insufficient,
which significantly restricts the overall performance of the
teaching system in responding to student differences and
improving learning outcomes.. Therefore, this study proposes
the Instructor Skill-Based Assessment Method (ISAM) Using
Fuzzy Logic (FL) to address the shortcomings of previous
research. The detailed working process of ISAM-FL is
described in the next section.

3. PROPOSED METHODOLOGY

3.1 Instructor Skill-Based Assessment
Method (ISAM) Using Fuzzy Logic (FL)

This study introduces a novel approach called the Instructor
Skill-based Assessment Method (ISAM) using fuzzy logic
(FL). The main objective of ISAM is to analyze VE
performance by considering the instructor’s skills and their
influence on the digital economy. The method begins with an
analysis of the crisp inputs derived from different instructor
skills and experience factors to achieve this. These inputs
are then subjected to analysis using various fuzzification
levels. These levels are determined based on the maximum
output generated after each factor analysis. The purpose
of employing multiple fuzzification levels is to encourage
the generation of multiple-level outputs, thereby avoiding
nullified assessments. By preventing nullified assessments,
valuable insights are retained, ensuring a more accurate
evaluation of VE performance.

Moreover, this approach saves a significant amount of time
by excluding nullified assessments from the fuzzification pro-
cess. ISAM goes beyond evaluation by utilizing the count of
avoided nullified assessments to provide recommendations for
instructor knowledge updates and skill improvements. This
recommendation mechanism benefits the digital economy,
regardless of the instructor’s experience level. By identifying
areas where instructors may need to update their knowledge
or enhance their skills, the method ensures that VE effectively
contributes to the digital economy. Figure 1 depicts the
proposed ISAM-FL working process.
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Figure 1 Proposed ISAM-FL working process.

In vocational education training, instructors are closely
observed to identify and extract their unique skills and
experience. These observations serve as the crisp inputs,
representing the concrete and specific data utilized in the
fuzzification process. Fuzzification involves converting
these crisp inputs into linguistic variables or fuzzy sets,
allowing for a more flexible and nuanced analysis of the
instructor’s performance. By employing fuzzification, the
evaluation process captures the intricacies of instructor skills
and experiences, enabling a more comprehensive and accurate
assessment of their capabilities in vocational education. The
method of observing the instructors in order to determine their
level of knowledge and skills is given in Equation (1):

ρ(x) =
{

1 if x = n

0 if x �= n

ρ:n → x

ρx (X) =

⎧⎪⎨
⎪⎩ρ(x) if ρ−1(x) �= 0

0 i f ρ−1(x) = 0

ρ:n × n → N

(x, y) → ρ(x, y) = x ∗ y

ρ(x) =
{

[ρ(x)�ρ(y)] if ρ−1(x) �= 0

0 if ρ−1(x) = 0

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(1)

Where ρ represents the observation operation of the
instructors, x denotes the input verification from the instruc-
tors, y is the efficaciousness of the obtained instructors.
Then the experience and skills are extracted for further
fuzzification. In vocational education training, extracting
experience from instructors being observed is crucial in
determining the fuzzification levels. When instructors are
observed, their accumulated experience and expertise are

identified and considered valuable input for the fuzzification
process. This experience is diverse, ranging from practical
industry knowledge to teaching methodologies and problem-
solving skills. By extracting and analyzing this experience,
the fuzzification levels are determined based on the richness
and depth of the observed instructor’s expertise. This ensures
that the fuzzification process adequately captures the nuances
and complexities of their experience, allowing for a more
refined and accurate assessment of their performance in
vocational education. Equation (2) is used to extract the
expertise of the instructors:

Dx = x ∗ y

D(X , Y ) = ρ

D(X, Y ) = ρn

x = ρ(x, y)

X = ρ(ñ, ỹ)

Xn = [X(n), X(n)]

Xn = { x
n = ρ(x, y)}

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(2)

Where D represents the experience of the instructors. The
input verification (x) and the efficaciousness (y) determine
the experience of the instructors (Dx = x ∗ y). Then the
skills of the instructors are determined for further fuzzification
levels. In vocational education, extracting instructors’ skills
is vital in determining the subsequent fuzzification levels.
When extracting instructors’ skills, their specific capabilities,
competencies, and proficiencies relevant to vocational training
are identified and assessed. These skills encompass various
areas comprising technical expertise, instructional abilities,
communication skills, and problem-solving capabilities. The
extracted skills serve as the foundation for establishing the
fuzzification levels, which are determined. This allows for
a more delicate and precise fuzzification process, enabling
a comprehensive evaluation of instructors’ skills and their
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Figure 2 Fuzzification process using experience and skills.

potential impact on vocational education. Equation (3) is used
to derive the skills of the instructors:

St = nt

x .yt = n · (yt − yt−1)

(y − n) · yt = n.yt−1

yt =
(

y
y−n

)
.yn−1

yt =
(

y
y−x

)t

y0 =
(

1 + x
y−x

)t

y0.t =
(

y
y−x

)t ·
(

1 + x
y−x

)t

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(3)

Where S is represented as the instructors’ skills, t is
denoted as the competencies of the instructors. These factors
are the crisp inputs to the fuzzification levels operation to
identify the invalid and avoided outputs from the assess-
ments. In vocational education training, the fuzzification
process involves assigning fuzzy sets to the crisp inputs
of instructors’ experience and skills. These fuzzification
levels are determined by analyzing the instructors’ expertise
and proficiencies. Fuzzy logic transforms the crisp inputs
into linguistic terms, enabling a more flexible and refined
representation. The fuzzification levels capture the varying
degrees of instructors’ experiences and skills, enabling a
more comprehensive evaluation of their performance. This
approach provides a deeper understanding of instructors’
capabilities and helps assess their suitability for different
aspects of vocational education training. The process of
fuzzification by using crisp inputs such as the experience and
skills of the instructors is explained by Equation (4):

H = x
y−x

x(yt − yt−1) = x
y

where t = 1, 2, . . . , n

Ht − Ht−1 = x
y

Ht →
(

1 − x
y

)
· Ht

Ht = Ht−1

=
(

y
y−x

)

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(4)

Where H denotes the fuzzification process with the crisp
inputs. The fuzzification process is carried out first by

assessing the effectiveness of the learner’s performance,
and subsequently by conducting operations that verify
the learner’s skill levels, thereby generating the fuzzy

representations required for this method
(

H = x
y−x

)
.

Based on the assessment results, the fuzzification process
estimates the factors at different fuzzification levels. In
analyzing instructor skills and experience factors, the crisp
inputs are the precise data points obtained from these
factors. Figure 2 presents the fuzzification process applied
to experience and skills.

The H process is used for (D, S) in administering St =
nt ; this is applied for all M . In this process D(X, Y )

is validated for ρn across multiple counts of ρ. This
calculation is used to imply different conditions concerning
(xt , yt ) or (xt , yo) combinations. Therefore, if x(yt −
yt−1) = x

y is satisfied, then t is extracted (as high) from the
instances. Thus M outputs are differentiated for t provided
the conditions are satisfied until μt (Figure 2). To incorporate
uncertainty and variability, fuzzification levels are applied.
Fuzzification involves converting the crisp inputs into fuzzy
sets, representing each input’s degree of membership or
relevance to different categories or levels. The nuances and
gradations of the instructor’s skills and experience factors are
captured by utilizing different fuzzification levels, allowing
for a more comprehensive analysis and understanding of their
impact. The process of extorting the factors using different
fuzzification levels is set out in Equation (5):

Ht =
(

y
y−x

)t

H0 =
(

1 + x
y−x

)t

where t = 1, 2, . . . , n

yt =
(

y
y−x

)
.y0

M̃ =
(

y
y−x

)
M̃t =

(
yt

yt−xn

)
M̃t − Nn = yt (N)

yt (N)−xn (t)

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(5)

M represents the different fuzzification levels. The factors
and the evaluation outputs determine invalid and avoided
assessments. Nullified assessment means eliminating or
invalidating a performance assessment in vocational education
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Figure 3 Nullified and avoided assessment classification.

and training. This occurs after fuzzification, which involves
converting precise or crisp input data into linguistic terms
or fuzzy sets. In nullified assessment, the evaluation or
measurement of performance is disregarded or considered
void for various reasons such as inconsistencies, biases, or
inadequacies in the assessment process. It indicates that
the assessment results are deemed unreliable or unrepre-
sentative and, therefore, cannot be used to make accurate
judgments or decisions about an individual’s performance in
vocational training. The process of determining the nullified
assessments after the fuzzification process is explained by
Equation (6):

K (x) = f (x, y)

= y(n)
y(n)−x(n)

K (x) = f (x, y)

= y(n)

y(n)−x(n)

f (x, y) = y
(y−x)(

∂ f
∂x > 0

)
(

∂ f
∂y < 0

)

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(6)

Where K is denoted as the nullified assessments, f is
represented as the output of the fuzzification process. This is
considered an invalid assessment if no impacts are due to the
obtained factors. Nullified assessments refer to evaluations or
tests in vocational training deemed invalid or inconclusive
due to the lack of effects from the measured factors.
Typically intended to influence or enhance performance, these
factors have shown no discernible impact on the trainees’
abilities or outcomes. Consequently, the assessments become
meaningless as they fail to reflect the trainees’ true skills or
progress accurately. This highlights the need to reevaluate the
effectiveness of the factors being considered and potentially
revise the training methods to ensure meaningful assessments
in the future. The process for determining whether or not the

nullified assessment has impacts due to the obtained factors
is explained by Equation (7):

Lx ⊆ L y;
N = 1 + x

y−x

N = 1 + x
y−x

Nx = [N (x), N(x)]

N(x) = 1+x(n)

y(n)−x(n)

N(x) = 1+x(n)
y(n)−x(n)

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(7)

Where L denotes the impact estimation on the invalid
assessment, which is avoided after the fuzzification levels
take place. Avoided assessment is a concept that relates
to the impact of fuzzification levels on vocational training.
Fuzzification is the process whereby crisp or discrete values
are converted into fuzzy or continuous values. In the
context of vocational training, fuzzification levels are used to
determine the degree of subjectivity or flexibility in assessing
learners’ performance. The invalid and avoided assessment
classification process is illustrated in Figure 3.

The combinations (x, x) and (y, y) are the inputs used
for the f process throughout N . In this case Nx and
N(x) are the differential considerations for Lx ⊆ L yi

for which x and y are independently analyzed. This is
required for identifying nullified and avoided instances for
which the two conditions are investigated. The conditions

follow
(

∂ f
∂x > 0

)
and

(
∂ f
∂x < 0

)
for differentiating the n

nullified and avoided classification. Post this classification
process; the f is trimmed for matching (yt )n and thus the
following recommendation/knowledge updates are performed
(Figure 3). By incorporating fuzzification, a vocational
training program avoids rigid assessments and creates an
adaptable learning environment. This approach recognizes
learners’ diverse abilities and skills, enabling personalized
evaluation that considers individual strengths and weak-
nesses.
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Jt = M .y0

where t = 1, 2, . . . , n

ρ(x) = ρm

(
x
y0

)
= ρm

[(
x
y0

)1/t
]

(yt)n =
[

(y(x)).y0
(y(x)−x(n))

]
= [(M(x))t , (M(x))t ]

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(8)

Avoided assessment based on fuzzification levels promotes
a more comprehensive and fair evaluation system, fostering
continuous improvement and better outcomes for vocational
trainees. Equation (8) above is used to identify avoided
assessments. Based on the impact of the digital economy,
the avoided evaluation is determined using the fuzzification
levels outputs. The determination of avoided assessment
based on the impact of the digital economy in vocational
training involves recognizing the transformative effect of
digital technologies on the learning process. With the rise of
the digital economy, a vocational training program leverages
the resources to assess learners’ skills and knowledge more
effectively. This means that traditional assessment methods,
that may be outdated or inadequately capture the dynamic
nature of digital skills, do not have to be applied. By
adopting digital tools for assessment, vocational training is
better aligned with the digital economy’s demands. The
identification of the avoided assessment depending on the
digital economy impact is obtained with Equation (9):

B̃ = x
y−x

Bn = [B(n), B(n)]

=
[

x(n)

y(n)−x(n)
, x(n)

y(n)−x(n)

]
Ht = M .y0

H0 = x · y0

ρH0(x) = ρn

(
x
y0

)

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(9)

Where B represents the digital economy impact to estimate
the avoided assessment after the fuzzification level operations.
Then, the knowledge update is determined after the fuzzi-
fication levels and also based on the avoidance count, the
knowledge update and recommendations are identified. In
vocational training, the determination of knowledge update is
influenced by the avoidance count, which refers to the number
of instances where learners skip specific learning modules or
activities based on their existing knowledge and skills. This
approach acknowledges that individuals entering vocational
programs may already possess relevant expertise or prior
learning. By considering the avoidance count, vocational
training can tailor the curriculum to meet the specific
needs of each learner. This enables efficient knowledge
updates by focusing on areas requiring improvement or
expansion, optimizing the learning experience, and ensuring
that learners acquire the most relevant and up-to-date skills.
The enhanced knowledge update in vocational training is
achieved by applying the fuzzification process. Fuzzification
enables a more nuanced and flexible assessment of learners’

knowledge, facilitating targeted updates and personalized
learning experiences to meet individual needs and adapt to
changing demands in the vocational field. The Vázquez
knowledge update is estimated using Equations (10) and (11):

P(x) =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

0 if x <
y3

y3−x1
(y3−x1)x−y3

(y3+y2+x2−x1)
if y3

y3−x1
≤ x ≤ y2

y2−x2
(y1−x3)x−y1

(y2−y1)(y2−y1+x3)
if y2

y2−x2
≤ x ≤ y1

y1−x3

0 if x >
y1

y1−x3

ρB(x) =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

0 if x < x1
y3−x1

(y3−x1)x−y1
(y3−y2+x2−x1)

if x1
y3−x1

≤ x ≤ y2
y2

− x2
(x3)−(y1−x3)x

(y2−y1)(y2−y1+x3)
if x2

y2−x2
≤ x ≤ x3

y1−x3

0 if x > x3
y1−x3

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭
(10)

Q(x, y, z)(ρ) =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

0 ρ < x
ρ−x
y−x x ≤ ρ ≤ y
z−x
z−y y ≤ ρ ≤ z

0 x ≥ z

Q(x, x, x, ) =
{

1 ρ = x

0 ρ �= x

Q(0, 0, z)(ρ) =
{

0 x ∈ (0, z)
z−x

z x ∈ (0, z)

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(11)

Where P denotes the knowledge update and Q represents
the output of the null assessments. Now, the recommendations
are established after the avoided assessments determination
process. Provide suggestions for the upcoming vocational
training based on the number of cases to be avoided. Targeted
interventions are designed by analyzing the frequency of
mistakes or areas where trainees struggle. These recom-
mendations may include additional practice in challenging
topics, personalized support, or revised teaching methods
to address common pitfalls. The process of providing
the recommendations to enhance future vocational training
sessions is explained by Equation (12):{

dVst
dV = G × H − Qi − Q j

dVsq
dV = G × H − Ji − Jj

Vi =
∑

i=1 Vi j
N

V = G∗ j
G2i

=
∑

i=1

(
Gi− 1

2 n(J+1)
)

∑
n=1(G−1)

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(12)

Where V represents the recommendations and s denotes the
suggested improvements in skills. The recommendation aims
to harness the potential of the digital economy, benefiting both
instructors and the overall digital ecosystem, irrespective of
their level of experience. The process for recommendations
and knowledge update is illustrated in Figure 4.

The classified outputs are used for analyzing B impact for
validating Q. In this Q process, Q(x, y, z) ∀ Q(x, x, x)

or Q(0, 0, z) ∀ ρ is utilized. Therefore, if Q = true
for the first case, then the knowledge is updated, and
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Figure 4 Recommendations and knowledge update process.

Table 1 Algorithm.

Initialize input x and efficaciousness y
For every instructor ρ,
Extract D using equation (2) // experience extraction
Extract St using equation (3) // skill extraction
Perform fuzzification operation H // change crisp value into fuzzification level
D(X, Y ) is validated for ρn across multiple counts of ρ

Extort the factors at different fuzzy level using equation (5)
Determine nullified assessment K (x) using equation (6)
recognizes learners’ diverse abilities and skills using equation (8)
computed B̃ using equation (9)
update knowledge using equation (10 and 11)
Training session is initiated according to equation (12) and recommendations given.

Figure 5 B Analysis.

further fuzzification is applied. The Q failing conditions
are used for providing alternate recommendations with new
suggestions (see Figure 4). This approach offers a twofold
enhancement: first, it empowers instructors by providing
them with opportunities to expand their reach and impact
through digital platforms. Second, it contributes to the
growth and advancement of the digital economy by creating
a vibrant ecosystem that fosters innovation, collaboration,
and economic prosperity. Effective vocational training is
enhanced by implementing fuzzification techniques, which
facilitate the precise assessment of individual skill levels
and needs. The overall working algorithm is presented in
Table 1.

3.2 Data Analysis

The data analysis uses the information from
(https://www.ncver.edu.au/ research-and-statistics/
visualisation- gallery/latest-vet-statistics) that confirms
trainee and instructor data based on trade and non-trade
placements. The data is accumulated from 2021, and various
attributes such as employment and satisfaction ratios are
analyzed. Specifically, the analysis is performed using 13
different skills and tutor experience of up to 8 years. Based
on the information provided, the B analysis is performed
in a step-by-step manner. The first analysis for B using
employment and satisfaction is presented in Figure 5.
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Figure 6 B Analysis.

Figure 7 P Analysis ∀(S, t).

The employment and satisfaction ratio due to B based on
different fuzzification is shown in Figure 5. Four categories
are analysed: trade, non-trade, completed, and incomplete
VET courses. The H = 0 and H = 1 categories are
presented based on before and after fuzzy processes. Thus,
the change in f for Q = True / false is used for validating
B’s influence. Therefore, the recommendations based on
previous knowledge updates and new fuzzification using
(x, y) and (x, y)∀ f ∈ H is used to handle multiple V ∈ T
shortcomings, thus preventing difficulties (Figure 5). Based
on the M , the analysis of B for P(x) and PB(x) is handled as
in Figure 6. In this analysis, the considerations are Q(x, x, x)

and Q(, o, o, z) for the assessment of B .
The output generated based on multiple M

(Here M = 8) is validated for different variants of
[P(x), PB(x)], Q(x, x, x), A(o, o, z)], and (S, t).
Therefore, the different conditions for Q = True are satisfied
across multiple f before L. If L is achieved in any case,
the B reduction occurs; therefore, a new suggestion is
prescribed. In the contrary case of (S, t), the associated skills
or experience (at any point between M = 1 to 8) is utilized to
mitigate such issues. Hence, the consecutive fuzzy increases
the B impact for different employment and satisfaction levels
(Figure 6). The generated outputs are based on t and S for
the different training sessions. The training towards P and
Q (mitigation) is the suggested improvement for consecutive
f . The analysis for V in terms of t and S is presented in
Figure 7.

In Figure 7, the P analysis is performed based on
(S, t)∀ Q = true and Q = false conditions. Based
on the available f ∀ Q(o, o, z) and Q(x, y, z) the Q

mitigation is pursued. The above representation is contrary to
distinguishable factors of H ∈ ρ and Jt = M .y. Therefore,
the fuzzification for consecutive B is redeemed for improving
multiple further recommendations. Thus, the P(%) is optimal
with variations across Q = T rue for S and t (Figure 7).
For the purpose of analysis, the s for the varying μ and t is
presented in Figure 8.

The analysis for s over the varying (M, t) is presented in
Figure 8. The H = 1 and H = 0 cases show a massive
variation for M , whereas it is less for t . This is due to the t and
experience gained over the years. At some point, the s analysis
is stabilized for different f satisfying Q. Thus, the derivatives
Q(x, x, x), Q(o, o, z), and (Q(x, o, o) are abruptly satisfied
over the different iterations of fuzzy derivatives. Thus, the
successive computations are achieved using multiple P for
different M .

3.3 Comparative Study

The comparative study uses skill improvement, recom-
mendations, time complexity, recommendation accuracy,
recommendation time, and output generated. The variables
are the teaching skills and the experience. The methods SEM-
AMOS [23], TAM [21], and FDM [17] have coincided with
the proposed ISAM-FL in this study.

This method facilitates skill improvement by using the
fuzzification process to enhance the efficiency of the voca-
tional education training. In vocational training, fuzzification
levels significantly contribute to effective skill improvement.
By assigning fuzzy membership functions to different skill
levels, trainers accurately assess and determine the proficiency
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Figure 8 s analysis ∀ (M, t).

Figure 9 Skill improvement.

of trainees in specific areas. With fuzzification, the
vocational training process becomes more personalized and
adaptive. Trainers identify the strengths and weaknesses of
each individual and tailor the training content accordingly.
This approach enables targeted skill development, allowing
students to focus on areas where improvement is most needed.
Furthermore, fuzzification levels enable trainers to track the
progression of skills over time. By periodically assessing
trainees’ performance and adjusting the fuzzification levels,
trainers can provide ongoing recommendations for continuous
improvement. Overall, incorporating fuzzification levels
in vocational training ensures personalized, targeted, and
adaptive training experiences, and enhances the effectiveness
of skills development (see Figure 9).

With this method, recommendation efficiency is improved
because unnecessary or invalid assessments are excluded
from the output. Highly effective recommendations are
crucial in enhancing upcoming training sessions in vocational
education. These recommendations are derived from various
sources, including null and avoided assessments after fuzzifi-
cation. By analyzing past sessions’ successes and challenges,
trainers identify improvement areas and incorporate relevant
changes to optimize future training. By implementing these
high recommendations, vocational education continually
evolves and provides students with a dynamic and impactful

learning experience. Efficient recommendations in vocational
training sessions are generated by considering nullified and
avoided assessments. By incorporating nullified and avoided
assessments, trainers streamline the training session, optimize
resources, and ensure that assessments are meaningful,
relevant, and aligned with the desired learning outcomes.
This leads to more efficient and effective recommendations
for improvements in vocational training (Figure 10).

The complexity of the time is less in this process with
the precise production of effective recommendations for
the upcoming training sessions. Implementing fuzzification
levels in vocational education training contributes to lesser
time complexity. Fuzzification involves converting qualitative
data, such as skill levels, into quantitative values. By assigning
fuzzy membership functions and utilizing algorithms, the
categorization and assessment of trainees’ skill levels are
automated and streamlined. This automation reduces the time
and effort required for manual evaluation, enabling trainers to
analyze and process large amounts of data efficiently. By
leveraging less time complexity through fuzzification levels,
trainers can allocate more time to delivering personalized
instruction, providing targeted feedback, and designing
effective training interventions. This ultimately enhances the
overall efficiency and effectiveness of vocational education
training (Figure 11).
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Figure 10 Recommendations.

Figure 11 Time complexity.

The efficient production of recommendations for enhanc-
ing upcoming vocational training sessions can significantly
reduce the time required. This is achieved through various
strategies. Firstly, leveraging the analysis of past session feed-
back, performance data, and industry trends provides valuable
insights for generating recommendation. Additionally, estab-
lishing clear assessment criteria and streamlined evaluation
processes saves time assessing trainee progress. By minimiz-
ing the time spent on producing recommendations, vocational
training sessions benefit from more focused planning, prompt
implementation of improvements, and ultimately create a
more productive and time-effective learning environment.
The implementation of efficient processes and the leveraging
of fuzzification approaches in vocational education training
significantly reduce the time required to generate recommen-
dations. Trainers expedite the recommendation process by
streamlining assessment methods, utilizing automation tools,
and leveraging advanced analytics, facilitating the prompt
implementation of improvements and timely feedback to
enhance the training experience (Figure 12).

The established outputs are efficacious in this method due
to using the fuzzification process to extract the nullified and
avoided assessment results. The utilization of fuzzification
levels in vocational education training generates valuable
outputs that greatly enhance the learning experience. Trainers
obtain precise and personalized assessments of trainees’
capabilities by applying fuzzy membership functions to
quantify skill levels. This enables the creation of tai-
lored learning paths, targeted interventions, and customized
feedback, resulting in more effective skills development.
Fuzzification levels also facilitate the identification of specific
areas for improvement and allow trainers to track progress
over time. This fuzzification approach enables decision-
making, ensuring that resources and instructional strategies
are optimized to meet individual needs. Ultimately, using
fuzzification levels in vocational education training led to
improved learning outcomes, increased learner engagement,
and enhanced the overall effectiveness of the training process
(Figure 13). Further, the recommendation accuracy is
evaluated; the obtained results are illustrated in Figure 14. In
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Figure 12 Recommendation time.

Figure 13 Outputs generated.

Figure 14 Recommendation accuracy.
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Table 2 Efficiency analysis.

Metrics SEM-AMOS TAM FDM ISAM-FL

Instructor effectiveness High Medium Medium High
Learning Outcome High Medium Medium High
Retention Rate Medium Medium Low High

Figure 15 Attendance rate.

addition, the instructor effectiveness, learning outcomes and
retention rate is evaluated; the obtained results are presented
in Table 2.

Figure 14 shows that the proposed approach recommends
the best education and teaching environment with maximum
accuracy for various teaching skills (98.03%) and years of
experiences (98.103%). The method uses the fuzzy approach
and learning skills which maximize the overall learning
efficiency compared to other methods. As seen in Table 1,
the proposed ISAM-FL approach utilizes the fuzzy logic that
ensures the effective evaluation and instructor effectiveness
in different teaching environments and with different teaching
styles. In addition, the learning process can adapt to a dynamic
environment and consider the feedback, which improves the
learning outcomes more so than other methods. Hence, the
ISAM-FL approach is more responsible and adaptable, which
makes it more effective than other methods in maximizing the
retention rate.

Further, the efficiency of the system is examined using
a learner engagement metric which helps to understand the
learners’ level of active participation and involvement in the
educational process. The learner engagement level correlated
with the information retention and high-level satisfaction in
the learning process. The efficiency of learner participation
is explored using attendance rate and assignment completion
rate. The obtained results are illustrated in Figure 15.

Figure 15 shows the attendance rate of students, which
helps to understand how actively the learners participate
in the learning process. During the analysis, the frequent
observations of 150 learners showed that the proposed
system ensures 97.99% of attendance rate, indicating better
performance compared to the other methods. However,

even though students may attend classes regularly, their
assignments should be completed and submitted on time. The
assignment completion rate is illustrated in Figure 16.

Figure 16 demonstrates that the introduced method attains
the high assignment completion rate compared to other
approaches because it provides a more effective learning
process and environment.

4. CONCLUSION

In summary, the Instructor Skill-based Assessment Method
(ISAM) using fuzzy logic (FL) is a valuable addition to the
field of VE. By analyzing VE performance through the lens of
instructor skills, this method offers a comprehensive approach
to improving the digital economy. Utilizing different
fuzzification levels prevents nullified assessments, preserving
valuable insights for performance evaluation. Additionally,
the recommendation mechanism based on avoided nullified
assessments enables instructors to continuously update their
knowledge and enhance their skills, contributing to both
their professional growth and the advancement of the digital
economy. In conclusion, the proposed ISAM using FL
is a dual improvement approach that benefits instructors
and the digital economy. By leveraging instructor-centric
education, VE responds more effectively to the challenges and
opportunities of the digital economy. The ISAM provides
a robust framework for evaluating VE performance and
guiding instructors’ professional development. Ultimately,
this contributes to the overall enhancement of VE and its
positive impact on the digital economy. The comparative
study shows that the proposed method improves 8.38%
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Figure 16 Assignment completion rate.

of recommendations and reduces recommendation time by
11.31% for the different skillsets. In addition, the method
ensures the high effectiveness of instructors, and better
retention rate and learning outcomes compared to other
methods.
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