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ABSTRACT

This paper explores the integration of metaheuristic artificial intelligence (AI) optimization
algorithms into the process of curriculum evaluation, proposing a novel approach that
could enhance educational outcomes. A meta-synthesis of the existing literature on the
application of Al optimization techniques—such as tabu search, simulated annealing,
genetic algorithms, and ant colony optimization —in educational contexts was conducted.
This study revealed a scarcity of direct applications of these algorithms in curriculum
evaluation, thus identifying a gap in research and an opportunity for exploration. We
proposed detailed models for adapting various metaheuristic optimization algorithms to
assess curriculum components, including objectives, content, teaching methodologies, and
assessment strategies. Our paper synthesizes insights from the literature review and
suggests avenues for experimental studies to assess the effectiveness of Al optimization
algorithms across diverse educational levels and curricula. Furthermore, we introduce a
draft of the Metaheuristic Curriculum Evaluation Model (MCEM), synthesized from the
reviewed optimization models and curriculum evaluation processes. This exploration into
the integration of metaheuristic Al optimization algorithms within curriculum evaluation
highlights a promising frontier in educational research. By detailing potential applications,
addressing methodological rigor, and considering context-specific nuances, this paper lays
the groundwork for future studies that could evaluate how curricula are developed,
evaluated, and optimized from a different perspective.
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Introduction

The assessment in education has a profound history, tracing back to early examples such as the use
of exams by Chinese officials around 2000 BCE to determine the qualifications of candidates for
palace service and Socrates' oral assessments as part of the teaching process in Ancient Greece.
However, in this field, the 20th century saw significant progress with Flexner's medical school
evaluations, Tyler's distinction between measurement and evaluation, post-World War II federal
initiatives, and education reforms triggered by Sputnik. By the 1960s and 1970s, assessment had
been recognized as a professional discipline with developed standards (Yiiksel, 2010).

Curriculum evaluation is defined as a process based on systematic data collection and analysis using
empirical research methods. This process facilitates decision-making regarding various
characteristics of a developed program, such as its accuracy, realism, adequacy, applicability,
efficiency, effectiveness, impact, sustainability, success, and generalizability (Usun, 2012).
According to Richards (2003), this evaluation process is essential for observing the effectiveness of
instructional methods and materials in a program, determining whether the program meets its goals,
and monitoring students' progress in the learning process. Brown (1995) emphasized that
curriculum evaluations are a continuous process of data collection, analysis, and synthesis for the
ongoing improvement of the curriculum. Similarly, Demirel (2007) highlighted that systematic
evaluation processes, which involve collecting data on the effectiveness of a curriculum, comparing
and interpreting this data with criteria, and making decisions about the curriculum’s effectiveness,
can develop and enhance curricula.

Curriculum evaluation is a critical process for enhancing the effectiveness and efficiency of
educational systems, featuring numerous classification types. Evaluation approaches classified by
Usun (2012) aim to determine whether the curriculum achieves its goals through various
methodologies and models. These approaches include goal-oriented, systems-based, collaborative,
participatory-oriented, adversary-oriented, qualitative, expertise-oriented, customer-oriented,
postmodern, traditional, pragmatic, humanist, and academic evaluation approaches. Each offers
different perspectives and focuses in the process of evaluating curriculum (Kandermir, 2016;
Kocabatmaz, 2011; Ozdemir, 2009; Usun, 2012; Unal, 2013). There is a scarcity of direct applications
of metaheuristic algorithms in curriculum evaluation, highlighting a significant gap and
opportunity for exploration. Existing literature lacks comprehensive models that adapt these
algorithms to assess curriculum components systematically.

Curriculum evaluation models generally possess an algorithmic structure, with steps that must be
followed in a particular order to systematically assess the program's effectiveness, excluding some
approaches. These steps typically include: 1. Determining the evaluation approach, objectives, and
criteria; 2. Data collection and analysis, 3. Interpreting findings and evaluating the program, 4.
Making recommendations, 5. Implementing changes, 6. Documenting and reporting the process, 7.
Repeating as necessary. The integration of metaheuristic Al optimization algorithms into curriculum
evaluation represents a novel approach that has not been extensively explored in educational
research. The proposed MCEM leverages the strengths of various metaheuristic algorithms to
enhance the efficiency and effectiveness of curriculum evaluation processes, providing a structured
yet flexible framework for continuous improvement. However, the existing literature reveals a
scarcity of direct applications of these algorithms in curriculum evaluation, underscoring a
significant gap and opportunity for further exploration.
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Artificial intelligence optimization algorithms, defined by their capacity to solve complex problems
through a systematic and iterative approach (Karaboga, 2018), offer a promising parallel to
curriculum evaluation methods. Both domains aim to achieve specific objectives through structured
processes, whether it be enhancing curriculum effectiveness or finding optimal solutions to
problems. This intersection between education and Al underscores the potential for continuous
improvement and adaptation in both fields, highlighting the significance of applying innovative
strategies to complex problems. Furthermore, the application of metaheuristic methods, inspired by
natural behaviors, in curriculum evaluation introduces a new horizon for exploring efficient and
effective evaluation strategies (Blum & Roli, 2003; Chakraborty et al., 2021). This research seeks to
critically analyze the literature on Al optimization algorithms in curriculum evaluation, aiming to
identify their effectiveness, implementation challenges, and overall impact on educational curricula.
By doing so, it aims to bridge knowledge gaps and address practical needs in the field, contributing
to the ongoing development and excellence in educational assessment practices.

Methodology

This study employs a meta-synthesis approach to forge a new curriculum evaluation model
underpinned by optimization algorithms. Meta-synthesis, a highly regarded qualitative research
method, endeavors to provide a panoramic and elevated viewpoint by assimilating and interpreting
findings from diverse qualitative studies. It is predicated on the principle of extracting, analyzing,
and melding results from various qualitative investigations to forge a comprehensive understanding
of a specific phenomenon through a holistic lens. As delineated by scholars such as Giiliim (2016)
and Weed (2005), meta-synthesis transcends conventional qualitative analysis by seeking to interlace
themes, concepts, and narratives from individual studies into new, overarching theoretical
frameworks or interpretations that surpass the confines of singular inquiries.

The selection of articles for this synthesis was guided by a criterion sampling strategy, which was
anchored in specific inclusion and exclusion criteria to ensure relevance and rigor. The inclusion
criteria mandated that articles must (1) engage with Al optimization applications, (2) have a nexus
to education, particularly concerning the evaluation of educational programs, and (3) be cataloged
within recognized databases such as the Web of Science or the Turkish thesis center database
(https://tez.yok.gov.tr/). Conversely, articles were excluded if they did not focus on Al optimization
applications within the educational sector, were unrelated to program evaluation, remained
unpublished, or were inaccessible through the designated databases.

The rationale behind selecting a meta-synthesis design for this research lies in its potential to
synthesize extant qualitative studies into a more grandiose, nuanced understanding of how
optimization algorithms can enhance curriculum development. This approach not only facilitates
the integration of scattered insights from the field of educational technology but also allows for the
generation of innovative frameworks or theories that could revolutionize curriculum evaluation and
development practices. Through this process of aggregation and synthesis, the research aspires to
contribute significantly to both the academic and practical realms of education by offering a novel
curriculum evaluation model that leverages the cutting-edge capabilities of Al optimization.

Findings

In this section, we delve into various metaheuristic optimization algorithms, synthesizing their
principles and methodologies with the process of curriculum evaluation. This synthesis aims to
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harness the strengths of these algorithms to enhance the efficiency and effectiveness of evaluating
educational curricula. These algorithms offer significant opportunities to make educational curricula
more effective, efficient, and personalized. After conducting a needs analysis and determining the
curriculum evaluation approach, we can explore examples emphasizing the creation of potential
curriculum evaluation model populations.

Following the examination and synthesis of these metaheuristic optimization algorithms with
curriculum evaluation methodologies, we propose a draft for a new curriculum evaluation model
entitled the Metaheuristic Curriculum Evaluation Model (MCEM). The MCEM framework is
designed to be adaptable, scalable, and capable of handling the dynamic nature of educational
environments.

The Tabu Search Algorithm (TSA)

The Tabu Search Algorithm (TSA) is a meta-heuristic optimization algorithm developed in 1986 by
E. Glover, inspired by the principles of human memory function. The core idea is to reach the
optimal solution by transforming the initial solution space using methods such as swapping, adding,
or removing elements. Its efficiency depends on the initial solution, the definition of the
neighborhood, and the evaluation function (Arslan, 2018; Giirbiiz, 2015). A curriculum evaluation
algorithm based on the tabu algorithm can be outlined as follows:

1. Determining the Initial Solution: The first step in curriculum evaluation is to determine an
initial solution, which could be the current state or design of the curriculum. This initial
solution is stored in memory as both the current solution and the best solution.

2. Defining Moves: "Moves" must be defined for evaluating the curriculum, which may involve
changing, adding, or removing design parameters or components of the curriculum. These
changes should aim to improve the curriculum.

3. Tabu and Short-Term Memory: TSA's short-term memory facilitates the selection of the best
move while generating a new solution and prevents the repetition of solutions. The tabu list
records the unchosen neighboring solutions from the previous step, banning them for a while
to avoid local optima.

4. Long-Term Memory: The best solution found throughout the algorithm is stored in long-
term memory. This allows for all generated solutions to be compared with the best solution,
enhancing overall performance.

5. Using the Evaluation Function: An evaluation function is used for curriculum evaluation,
selecting the move with the highest evaluation score at each step. This measures and
improves the program's performance.

6. Stopping Criteria: The algorithm's stopping criteria must be defined, such as reaching a
number of iterations, not finding a better solution, or achieving a known optimal solution.

Thus, a curriculum evaluation algorithm based on TSA can be developed, utilizing it to optimize the
design and performance of the curriculum with components like long and short-term memory, an
evaluation function, and a tabu list tailored for this purpose.

To date, no thesis regarding the use of this algorithm has been found in the field of educational
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sciences, according to Tezyok. However, a search on the Web of Science under the category of
educational sciences yielded 14 studies. While some abstracts mention the application of these
techniques to teaching (for example, presenting case studies to students), none directly address
educational topics such as curriculum design, pedagogy, education policy, etc. This gap in the
literature indicates an opportunity for future research to investigate how the Tabu Search Algorithm
and similar optimization techniques can be systematically applied to broader educational
challenges, potentially transforming curriculum evaluation and design processes to better meet the
needs of students and educational institutions.

Figure 1

A Curriculum Evaluation Algorithm Based on the Tabu Search Algorithm in Education
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The Annealing Algorithm

The Annealing Algorithm, an iterative approach aiming for continuous improvement of a solution
in the solution space starting from a randomly selected initial point using an objective function, can
be effectively adapted for curriculum evaluation. This algorithm generates new or neighboring
solutions to enhance the value of a predefined objective function towards the best possible outcome
(Gokge et al., 2019). The algorithm's success also depends on accurately setting parameters such as
the initial value of the control parameter T, the temperature decrease function, the number of
iterations at each temperature stage, and the criteria for when the research will be terminated
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(Karaboga, 2018).

In this context, a curriculum evaluation model based on the Annealing Algorithm could be
approached as follows (modified from Karaboga, 2018):

Generating the Initial Solution: The initial goals, content, and objectives of the curriculum must be
clearly defined. This forms the foundation of the evaluation process.

Defining the Neighbor Generation Mechanism: Fundamental components of the curriculum, such as
objectives, scope, and target audience, should be outlined. The methods, tools, or approaches to be
used for evaluating the curriculum should be determined. Measurable evaluation criteria and tools
need to be identified.

Defining How the Neighborhood Will Be Explored: It should include determining the different
components and implementation steps of the curriculum. Criteria and measurement methods to be
used for evaluating the curriculum should be established. This includes the measurement tools used
to assess the success and effectiveness of the curriculum.

Defining the Cooling Schedule: A plan for how the evaluation process will progress and how frequently
evaluations will occur should be developed. This determines at which stages and how often the
curriculum will be evaluated.

Setting the Initial Value of the Control Parameter Ts: At the start of the evaluation process, a focus point
and initial value for the curriculum should be assigned. For instance, specific objectives can be set
for the first stage or module of a curriculum.

Defining the Function to Decrease the Temperature: The methods, strategies, and processes to be used
for the development and improvement of the curriculum should be outlined. This includes the
stages of program development. Methods on how the program will be updated and improved over
time can be included here.

Determining the Number of Iterations to be Executed at Each Temperature Stage: It should be decided how
many evaluations will be conducted at each stage of the curriculum evaluation and how these
evaluations will be conducted. For example, student performance could be evaluated at every stage
of a curriculum.

Defining a Criterion for Terminating the Research: A criterion that dictates when the evaluation process
will end and when the success of the curriculum assessed should be defined. For example, the
evaluation could end after a specific period, or once a certain level of achievement has been reached
in the curriculum.

An Annealing Algorithm-based curriculum evaluation model could serve as a valuable tool in the
optimization of educational materials, balancing the complexity of teaching materials with the
comprehension levels of students. In the academic realm, no thesis has been found regarding the
use of this algorithm in the field of educational sciences, according to https://tez.yok.gov.tr/.
However, a search on the Web of Science under the keywords "education and teaching" yielded 38
studies, among which the study by Lee et al. (2021) was directly related to this topic. This indicates
a potential for the application of Annealing Algorithm-based models in educational research,
specifically in optimizing educational materials and programs. Such applications could
revolutionize the way educational materials are evaluated and improved, offering a structured and
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efficient method for enhancing teaching and learning experiences.

Figure 2.

Curriculum Evaluation Model Based on the Annealing Algorithm
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The Genetic Algorithm

The Genetic Algorithm, inspired by natural selection and genetic mechanisms in nature, has been
developed to generate and randomly modify solutions from one or more solution populations, as
per David E. Tate. It also includes mechanisms for selecting individuals with better objective
function values and culling solutions from populations. A key feature of genetic algorithms is
conducting the search process from multiple solution points and utilizing probabilistic
transformation rules. Among the basic concepts are genes, chromosomes, populations, fitness
values, and functions. They have superior aspects such as working independently of the number of
parameters, low risk of getting stuck in local optima, and easy parallelization (Yetkin, 2019). A
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Curriculum Evaluation Model (Based on a Genetic Algorithm) can be outlined as follows (Figure 3):

1. Create Initial Population: Form the initial population containing different arrangements and
components of the curriculum.

2. Calculate Fitness Values: Assess the suitability of each curriculum element's arrangement
according to specific evaluation criteria.

3. Check Stopping Criteria: Perform the following steps until the stopping criterion is met:

a. Fitness Scaling: Scale the fitness value of each curriculum arrangement according to
target values.

b. Natural Selection: Select curriculum arrangements with higher fitness values to be
more represented in the new population.

c. Random Selection: Increase genetic diversity by subjecting part of the population to
random selection instead of natural selection.

d. Preservation of the Best Solution: Preserve the best curriculum arrangement found in
the previous population to ensure it is not lost.

e. Crossover: Produce two new arrangements from existing ones, combining different
components.

f. Mutation: Allow unexpected changes by performing mutations in each curriculum
arrangement with a certain probability.

This genetic algorithm-based model can be utilized to optimize the content, structure, and
evaluation of curricula to enhance student success. In the field of educational sciences, Yetkin (2019)
has prepared a master's thesis titled "Genetic Algorithm Approach to Estimate PISA Success,"
indicating the use of this algorithm in educational research. Yapici (2012) has prepared a master's
thesis titled " Development of a timetabling software using genetic algorithm." In the Web of Science
category, there are 546 studies involving genetic algorithms. Among these, studies directly related
to education include the use of genetic algorithms and MATLAB to teach optimization algorithms
and their applications to students (Cao & Wu, 1999), a course on optimum design using genetic
algorithms for undergraduate students (Shyr, 2010), and an enhanced adaptive genetic algorithm
developed for course scheduling in colleges and universities (Wang et al., 2019). While a few
abstracts focus directly on educational topics, others seem more generally focused on proposing
algorithms and optimization methods.

996



Designing a Draft for a Metaheuristic Curriculum Evaluation Model (MCEM) Based on the Examination of
Various Metaheuristic Artificial Intelligence Optimization Applications

Figure 3

Curriculum Evaluation Model Based on Genetic Algorithm
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The Ant Colony Algorithm

The Ant Colony Algorithm is based on the principle that ants leave pheromone trails, and the
intensity of these trails guides the most efficient path to food. Paths with stronger pheromone signals
are preferred, while less frequented paths diminish over time, revealing the shortest path. Initially
tested in NP-hard optimization problems like the Traveling Salesman Problem, ACO has shown
effective results (Can, 2022). The Ant Colony Algorithm (ACA), inspired by ants' ability to find the
shortest path to a food source, is an optimization method where virtual ants move randomly from a
starting point along various paths (Keser, 2020).

A curriculum evaluation model based on the Ant Colony Algorithm (ACA) can leverage the
principles of collective intelligence to optimize curriculum structures, content, and delivery methods
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to enhance educational outcomes:
Define the Curriculum Components (Initial Population)

Start by identifying the key components of the curriculum to be evaluated, such as learning
objectives, content modules, teaching methodologies, and assessment strategies. Each component
can be considered as a node similar to a food source or a nest in the ACA.

Set Evaluation Criteria (Objective Function)

Establish clear criteria for curriculum evaluation, akin to the food sources in an ant colony. These
might include student engagement, learning outcomes, alignment with educational standards, and
feedback from educators and learners.

Initialize Virtual Ants (Curriculum Evaluators)

Deploy virtual ants to explore the curriculum components. Each ant represents an evaluation agent
tasked with assessing different arrangements and paths through the curriculum based on the set
criteria.

Pheromone Trails (Evaluation Scores)

As ants explore various paths through the curriculum components, they leave behind a pheromone
trail equivalent to evaluation scores. Higher pheromone levels indicate more effective or efficient
curriculum pathways based on the evaluation criteria.

Pheromone Evaporation and Intensification

Incorporate mechanisms for pheromone evaporation, which simulates the diminishing influence of
outdated or less effective curriculum elements over time. Conversely, paths that continually receive
high scores see an intensification of pheromone levels, signaling their effectiveness.

Iterative Exploration and Optimization

Through multiple iterations, virtual ants explore, evaluate, and refine the curriculum paths. This
iterative process allows for the dynamic adaptation and optimization of the curriculum based on
real-time feedback and evolving educational goals.

Identify Optimal Curriculum Path

The optimal curriculum path is identified as the one with the strongest pheromone trail, indicating
the highest collective evaluation scores across iterations. This path represents the most effective
combination and sequencing of curriculum components.

Implement and Monitor

Implement the optimized curriculum and continue to monitor its effectiveness. Virtual ants can be
redeployed periodically to ensure the curriculum remains responsive to changes in educational
standards, technological advancements, and learner needs.

Continuous Improvement

The ACA-based model facilitates continuous improvement by allowing for the easy addition of new
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curriculum components, teaching methods, and technologies into the evaluation process. This
ensures that the curriculum remains cutting-edge and aligned with best practices.

The Ant Colony Optimization algorithm can be a powerful tool to make curriculum evaluation more
effective (Figure 4) and to enhance student success. No thesis on the use of this algorithm in the field
of educational sciences was found at https://tez.yok.gov.tr/. However, 90 studies related to this topic
under the category of educational sciences were found in Web of Science (Duan et al., 2015; Dwivedi
et al., 2018; El Fazazi et al.,2019; Hoe, 2014; Jiang & Lu, 2022; Khamparia & Pandey, 2015; Kickmeier-
Rust & Holzinger, 2019; Niknam & Thulasiraman, 2020; Sharma & Harkishan, 2022; Li, 2019;
Madalina & Serbanescu, 2016; Rastegarmoghadam & Ziarati, 2017; Shen & Qi, 2020; Shukhman et
al.,, 2018; Yepes et al., 2011; Vuong et al., 2018; Wong & Looi, 2012; Zilinskiene et al.,2012; Zan, 2019).
These studies merge the fields of educational sciences and artificial intelligence, exploring how Al
technologies can be utilized in education and how they can enhance learning experiences.

Figure 4

Curriculum Evaluation Model Based on Ant Colony Algorithm
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The Artificial Inmune Algorithm

The development of Artificial Immune Algorithms draws inspiration from certain characteristics of
the natural immune system. Modeling the immune system as an algorithm could be crucial for
intelligent systems, curricula, and curriculum evaluation approaches. The immune system is
considered intelligent because it is equipped with a series of complex features and strategies,
protecting the body against potential threats while offering various advantages. Here are some key
characteristics that interpret why the immune system is considered an intelligent system (Karaboga,
2018; Yurttakal, 2014):

1. Uniqueness: Each individual's immune system is unique and necessary for recognizing
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pathogens threatening the body and developing a customized defense against these
pathogens. This provides the ability to uniquely protect against potential threats.

Abnormal Detection: The immune system can recognize foreign pathogens it has never
encountered before and respond to them. This can be considered a sign of an intelligent
system that constantly monitors the body for potential dangers and detects discrepancies.

Reinforcement Learning: The immune system can learn the structure of pathogens to develop
a faster and more effective defense. This indicates intelligence in terms of the ability to benefit
from learning and experiences.

Diversification: The immune system encourages the development of various antibodies and
defense mechanisms against threats. This reflects the system's ability to adapt to many
different scenarios.

Memory: The immune system retains the memory of pathogens it has encountered before and
uses this information against future threats. This is a sign of intelligence that learns from
previous experiences and responds better to future threats.

Adaptability to External Environment: The immune system stands out with its ability to quickly
adapt to environmental changes. This reflects the capability to protect the body against
instant threats.

Distributed Detection: The system's cells are distributed throughout the body without any
central control system.

Tolerance to Non-specific Detection (Noise tolerance): A complete definition of the pathogen is
not required for reaction. This situation is tolerated by the immune system.

In this context, artificial immune system algorithms include:

1.

2.

3.

4.

Negative Selection Algorithm
Artificial Immune Network Algorithm
Dendritic Cell Algorithm

Clonal Selection Algorithm

Discrete immune network models, in particular, emerge as a frequently approached method for

solving problems in pattern recognition, data analysis, machine learning, and optimization areas
(De Castro & Timmis, 2003; Tanis, 2019).

Implementing these principles in curriculum evaluation could revolutionize the way curricula are
developed, monitored, and improved by emulating the adaptive, resilient, and distributed
characteristics of the natural immune system.

An Artificial Immune Algorithm inspired by the natural immune system's ability to adapt and

respond to challenges offers a dynamic method for continuous curriculum improvement and
alignment with student needs. Here's how such a model could be structured (Figure 5):

1.

Create the Repertoire and Memory Pool:
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- Construct a pool of objectives and content in N dimensions.
- Consider each objective and content as an antibody.

- Form a memory pool containing successful objectives and content from the
curriculum.

2. Calculate Sensitivity for Objectives:

- Randomly select an educational objective or content.

- Calculate its sensitivity (effectiveness, accessibility, and applicability).
3. Select Antibodies (Objectives/Content) with the Best Sensitivity:

- Choose n objectives and content with the highest sensitivity.

- Clone these selected objectives and content based on criteria such as student success
and engagement.

4. Cloning and Mutation:
- Produce clones of the selected best objectives and content.

- Apply mutations to the clone set to include variables such as learning methods and
technological tools.

- Calculate the sensitivity of the clone set (adaptation to new and old educational
methods).

5. Select Candidate Memory Cells:

- Select improved objectives and content after mutation.

- Nominate these objectives and content as new memory cells.
6. Replace Antibodies (Objectives/Content) with the Lowest Sensitivity:

- Replace low-performing objectives and content in the curriculum.

- Integrate new and more effective objectives and content into the program.
7. Process Evaluation and Update:

- Re-evaluate the program and make necessary updates.

- DPeriodically repeat the algorithm for continuous updating and development of
objectives and content.

8. Analysis and Reporting of the Curriculum Effectiveness:
- Analyze the results of the algorithm.

- Prepare a comprehensive report on the effectiveness of the curriculum.
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- Share the report with relevant stakeholders (teachers, administrators, students,
parents).

In Tezyok, no thesis has been found regarding the use of this algorithm in the field of educational
sciences. However, 31 studies related to this topic under the category of educational sciences were
found on the Web of Science, with only two of them directly or indirectly addressing this topic
(Hussain et al., 2019; Samigulina & Samigulina, 2016).

Figure 5.

Curriculum Evaluation Algorithm Based on Algorithm (a) and Clonal Selection Algorithm Flow Chart
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The Teaching-Learning Based Optimization (TLBO) Algorithm

The Teaching-Learning Based Optimization (TLBO) algorithm, developed by Rao, Savsani, and
Vakharia in 2011, is a population-based method that utilizes a population of solutions to reach a
global solution. In this context, the population is considered as a group of students or a classroom
of students. The TLBO process consists of two parts: the 'Teacher Phase' and the 'Student Phase.' The
'Teacher Phase' represents learning from the teacher, while the 'Student Phase' represents learning
through interaction among students. The application of TLBO can be described step-by-step as
follows (Mohammadi, 2022). The Curriculum Program Optimization using Teaching-Learning
Based Optimization (CPO-TLBO) Algorithm can be presented as follows (Figure 6):
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Step 1: Define the Optimization Problem and Initialize Parameters

Initiate optimization parameters such as the number of students (population size), the number of
generations (iterations), the number of courses (number of design variables), and the limits of the
courses (upper and lower limits). The optimization problem is defined as minimizing the function
f(X), where X is considered a vector of courses, and each course must be within specified limits.

Step 2: Initialize Population

Create a random population based on the population size and the number of courses. In CPO-TLBO,
the population size represents the number of students, and the design variables represent the
courses offered.

Step 3: Teacher Phase

Calculate the column-wise average for the population. This will give the average grades for a specific
course. The best solution for that iteration is to take on the role of the teacher and try to improve the
average grades of the other students (solutions).

Step 4: Student Phase

Students interact with each other to enhance their knowledge and skills. In this phase, two randomly
selected solutions are compared, and they learn from each other to improve themselves.

Step 5: Termination Criterion

The process ends when the maximum number of generations is reached, or other termination criteria
are met.

Figure 6

The Teaching-Learning Based Optimization (TLBO) Algorithm
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No thesis related to the use of this algorithm in the field of educational sciences has been found in
Tezyok. However, among 10 studies related to this topic under the category of educational sciences
in Web of Science, one study has been identified as directly related to education (Arashpour et al.,
2023). This indicates that while the application of the Teaching-Learning Based Optimization (TLBO)
algorithm in educational sciences may still be emerging, there is growing interest and potential for
its use in optimizing curriculums and improving teaching and learning processes. The study by
Arashpour et al., 2023, could provide valuable insights into how the TLBO algorithm can be applied
in educational settings, potentially offering innovative solutions to enhancing curriculum design,
student engagement, and overall educational outcomes.

The Differential Evolution (DE) Algorithm

The Differential Evolution (DE) Algorithm, based on the differences between solution vectors, is
specifically developed for numerical optimization problems. This algorithm is a genetic algorithm-
based, population-based heuristic global optimization technique (Dumlu, 2023). A curriculum
evaluation algorithm grounded on the Differential Evolution (DE) Algorithm can be utilized to
enhance the curriculum in terms of objectives, content, teaching scenarios, and evaluation
dimensions. Below is a model adapted for curriculum evaluation using this algorithm (Figure 7):

1. Initialization

- Define Optimization Problem: Set the objectives, content, teaching scenarios, and
evaluation methods of the curriculum.

- Create Initial Population: Generate NP random curriculum arrangements (solutions).
Each arrangement represents the curriculum'’s objectives, content, teaching scenarios,
and evaluation strategies.

2. Mutation

- Random Selection: For each program arrangement (Xi), randomly select three
different curriculum arrangements (Xrl, Xr2, Xr3) from the population.

- Generate Mutant Curriculum Arrangement: Use the selected three curriculum
arrangements to calculate a new mutant program arrangement (Vi). This process
involves combining different curriculum elements (objectives, content, etc.).

3. Crossover

- Obtain Temporary Solution: The characteristics of the mutant program arrangement
are altered with the current program arrangement's characteristics with a certain
probability (CR) to obtain a new temporary curriculum arrangement (UI). This
implies changes to the program's objectives, content, or evaluation methods.

4. Selection

- Evaluation and Comparison: The temporary curriculum arrangement is compared
with the current program arrangement according to predefined evaluation criteria.
The better arrangement is determined and carried over to the next generation.
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5. Termination Criterion

- Iteration Repetition: Repeat the mutation, crossover, and selection steps until a
defined termination criterion is met. This could be reaching a certain number of
iterations, achieving a certain level of improvement, or another termination
condition.

Figure 7

The Process of Evaluating Curriculum Using the Differential Evolution Algorithm
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In Tezydk, no thesis has been found regarding the use of this algorithm in the field of educational
sciences. However, in Web of Science, 30 studies related to this keyword in the field of educational

sciences have been identified, but only three of them are directly related to the application of this
algorithm in educational sciences (Liu et al., 2017; Wang et al., 2009a-b).

|
v

.

Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) is inspired by the behavior of a particle swarm, where each
particle has its position and velocity, remembers its best position, and shares information with each
other. This approach is based on behavioral modeling and differs from genetic algorithms by
drawing inspiration from the behaviors of living beings instead of evolutionary principles (Sahin,
2019). For curriculum evaluation using the PSO algorithm, the following model can be proposed
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(Gtilci, 2017) (Figure 8).

A thesis by Aram (2012) on this topic exists in Tezyk, demonstrating early exploration of applying
PSO in educational settings. Moreover, among 77 studies in the field of education found in the Web
of Science journal, four directly relate to this topic (Alhunitah & Menai, 2016; Rashid & Ahmad, 2016;
Zervoudakis et al., 2020). These studies underscore the potential and growing interest in leveraging
PSO to optimize and evaluate curricula.

Figure 8

A Curriculum Evaluation Model Based on Particle Swarm Optimization (PSO) within the Educational
Field
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The Artificial Bee Colony Algorithm

The Artificial Bee Colony Algorithm is inspired by the intelligent behaviors exhibited by honey bee
colonies in searching for rich nectar food sources. Karaboga (2005) developed this algorithm inspired
by the natural food-foraging processes of bees. The algorithm mimics the behaviors of bees in
finding food and sharing information. Employed worker bees bring food sources back to the hive
and communicate this information to other bees through a dance, which represents the location and
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quality of the food source (Karaboga, 2018). Applying the Artificial Bee Colony Algorithm for
curriculum evaluation in education, a process model can be developed as follows (Figure 9):

1. Generation of Initial Food Source Regions:

- Create various "food sources" representing the objectives, contents, teaching
methods, and assessment techniques of the curriculum.

2. Sending Employed Bees:

- Each "employed bee" (curriculum arrangement) evaluates a specific food source
(curriculum component).

3. Calculation of Probability Values:

- Based on the information collected by the employed bees (success of the program),
calculate a probability value for each food source.

4. Selection of Onlooker Bees:

"Onlooker Bees" (evaluation teams) select the best food source (curriculum
component) based on probability values.

5. Renewal of Abandoned Sources:

- Abandon low-performing curriculum components and replace them with new "scout
bees" (new educational ideas or methods).

6. Termination Criterion:

- End the process when a set number of cycles is reached, or other termination
conditions are met.

7. Reporting Final Food Positions:
- Report and implement the final state of the optimized curriculum components.

This process provides a framework for the continuous improvement and adaptation of the
curriculum. No thesis on the use of this algorithm in the field of educational sciences has been found
at https://tez.yok.gov.tr/. However, in Web of Science, under the educational sciences category, one
study related to the use of this algorithm in education has been identified (Alhunitah & Menai, 2016).
This showcases the potential application of the Artificial Bee Colony Algorithm in enhancing and
optimizing curriculums through a collaborative and iterative process.

1007


https://tez.yok.gov.tr/

Volkan Duran ¢ Giilay Ekici

Figure 9

Curriculum Evaluation Using Artificial Bee Colony Algorithm

b

| Generate Initial Food Sources |
- ™y
f Define various curriculum elements as food sources, including objectives, content, teaching methods, and assessment techniques |

v

- -
| Send Employed Bees \l

e

e ™y
| Each employed bee evaluates a specific curriculum component ]
. /

v

- ™,
[ Calculate Probability Values |

v

- ™,
[ Determine the probability value for each curriculum component based on success |

I 2

- )
[ Select Onlooker Bees |

IR

- ™
[ Onlooker bees choose the best curriculum components based on probability values |

v

- ™
[ Renew Abandoned Sources |

e

e ™
Replace low-performing components with new ideas or methods

| Rep P i P

“ 4

v

Termination Criteria Mot Met

¢yes
| Perform Optimization Cycles ]
~ A
l y

|' Repeat the evaluation process until a set number of cycles or conditions are met ]

¢

|' Report and Implement Optimized Curriculum |

v

e ™y
l Finalize and implement the improved curriculum elements |

‘ $

The Grey Wolf Optimizer (GWO)

The Grey Wolf Optimizer (GWO) is an optimization algorithm developed based on the social
hierarchy and hunting behaviors of grey wolf packs, featuring four levels of hierarchy within the
pack: alpha, beta, delta, and omega, where the alpha is the leader. The hunting behavior includes
tracking, encircling, harassing, and finally attacking the prey (Sahin, 2019). Applying the Grey Wolf
Optimization Algorithm for curriculum evaluation, a process model can be constructed as follows,
considering the key elements (Figure 10): 1. Initialization Phase, 2. Evaluate Population Fitness, 3.
Update the Positions of Alpha, Beta, and Delta Wolves, 4. Evaluate the Relationship Between the
Old and New Positions of the Wolves; 5. Objective Function, 6. Termination Criterion

No thesis on the use of this algorithm in the field of educational sciences has been found in
https://tez.yok.gov.tr/, nor has any study related to the use of this algorithm in education been
identified in Web of Science.
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Figure 10
Curriculum Evaluation Model Based on the Grey Wolf Optimization (GWO)
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Proposed Model: The Metaheuristic Curriculum Evaluation Model (MCEM)

Based on the comprehensive analysis of various metaheuristic artificial intelligence (AI)
optimization algorithms and their potential applications within curriculum evaluation processes,
we propose a novel Metaheuristic Curriculum Evaluation Model (MCEM). This model aims to
leverage the strengths of different Al optimization algorithms to enhance curriculum design,
content, delivery, and assessment within educational programs. MCEM is designed to be flexible,
adaptive, and efficient, capable of addressing the dynamic needs of modern education systems. The
proposed model incorporates the following key components:

1. Model Initialization

- Needs Analysis: Conduct a thorough needs analysis to identify the goals and
objectives of the curriculum, considering the specific requirements of the target
student population.

- Objective Setting: Clearly define the objectives that the curriculum aims to achieve,
aligning them with educational standards and student needs.

- Algorithm Selection: Choose the most suitable metaheuristic Al optimization
algorithms based on the curriculum's specific needs and objectives. For example, the

1009



Volkan Duran ¢ Giilay Ekici

Genetic Algorithm might be ideal for optimizing course sequences, while the Ant
Colony Algorithm could enhance resource allocation strategies.

2. Curriculum Component Optimization

- Curriculum Mapping: Develop a comprehensive map of the curriculum, including
learning objectives, course content, teaching methodologies, and assessment
techniques.

- Algorithm Application: Apply the selected metaheuristic algorithms to optimize each
component of the curriculum map. This step involves iterative processes of
exploration, evaluation, and adaptation based on the algorithms' feedback.

- Component Integration: Integrate the optimized components into a coherent
curriculum structure, ensuring that all elements work synergistically to achieve the
defined educational goals.

3. Data Collection and Analysis

- Performance Metrics: Establish performance metrics to evaluate the effectiveness of
the curriculum, such as student engagement, learning outcomes, and feedback from
educators and learners.

- Data Processing: Utilize Al algorithms to process and analyze collected data,
identifying patterns, strengths, weaknesses, and opportunities for further
improvement.

4. Iterative Improvement and Adaptation

- Model Evaluation: Regularly evaluate the curriculum using the defined performance
metrics and Al-processed data analysis.

- Feedback Loop: Create a feedback loop where insights from the evaluation phase
inform further optimization of the curriculum components, ensuring continuous
improvement.

- Adaptation: Allow for dynamic adaptation of the curriculum based on evolving
educational goals, technological advancements, and learner feedback.

5. Implementation and Monitoring

- Rollout: Implement the optimized curriculum within the target educational program
or institution.

- Continuous Monitoring: Continuously monitor the curriculum's performance using
Al algorithms, adjusting components as necessary to maintain or enhance
effectiveness.

6. Stakeholder Engagement

- Communication: Regularly communicate with all stakeholders, including educators,
students, administrators, and parents, to gather feedback and ensure the curriculum
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meets their needs and expectations.
- Collaboration: Encourage collaboration among stakeholders to foster a sense of
ownership and commitment to the curriculum's success.

Figure 11

The Metaheuristic Curriculum Evaluation Model (MCEM)
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The Metaheuristic Curriculum Evaluation Model (MCEM) represents a novel approach to
curriculum development and evaluation, harnessing the power of metaheuristic Al optimization
algorithms to create educational programs that are not only effective and efficient but also highly
adaptable to the needs of both students and educators. By integrating these algorithms into the
curriculum evaluation process, educational institutions can significantly enhance the quality of
education they provide, preparing students more effectively for the challenges of the 21st century.
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Implementation Plan for Integrating the Metaheuristic Curriculum Evaluation Model (MCEM)
into Education Systems

Phase 1: Planning and Preparation
1.1 Needs Assessment
- Objective: Identify the specific needs and goals.
- Activities:
- Conduct surveys and focus group discussions with stakeholders (educators,
administrators, students, and parents).
- Review current curriculum and evaluation practices.
- Identify gaps and areas for improvement.
1.2 Stakeholder Engagement
- Objective: Ensure buy-in and support from all stakeholders.
- Activities:
- Organize informational meetings and workshops to explain the benefits and
workings of the MCEM.
- Create a project team that includes representatives from all stakeholder groups.

Phase 2: Design and Development
2.1 Customization of the MCEM
- Objective: Tailor the MCEM to meet the specific needs identified in the needs assessment.
- Activities:
- Select appropriate metaheuristic algorithms based on the curriculum components to
be evaluated.
- Develop a comprehensive curriculum map including learning objectives, course
content, teaching methodologies, and assessment techniques.
2.2 Algorithm Development and Integration
- Objective: Integrate selected metaheuristic algorithms into the curriculum evaluation
process.
- Activities:
- Develop or adapt software tools to apply the chosen algorithms.
- Test the algorithms on sample curriculum data to ensure functionality.

Phase 3: Training and Capacity Building
3.1 Training Programs for Educators and Administrators
- Objective: Equip educators and administrators with the skills and knowledge to effectively
use the MCEM.
- Activities:
- Develop training materials and manuals.
- Conduct hands-on training workshops covering:
- The principles and benefits of the MCEM.
- How to input data and interpret algorithm outputs.
- How to use the software tools developed in Phase 2.
- Provide follow-up support and refresher courses.
3.2 Creation of Support Structures
- Objective: Ensure ongoing support and continuous improvement.
- Activities:
- Establish a helpdesk or support team to assist with technical issues.
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- Create online forums or communities of practice for sharing experiences and
solutions.

Phase 4: Pilot Testing and Refinement
4.1 Pilot Implementation
e Objective: Test the MCEM in a controlled environment to identify potential issues.
e Activities:
- Select pilot schools or programs to implement the MCEM.
- Collect and analyze data from the pilot implementation.
- Gather feedback from participants.
4.2 Refinement
¢ Objective: Improve the MCEM based on pilot results.
e Activities:
- Analyze feedback and performance data.
- Make necessary adjustments to the algorithms, processes, and training materials.
- Re-test as needed.

Phase 5: Full-Scale Implementation
5.1 Rollout Plan
e Objective: Implement the MCEM across the entire education system.
e Activities:
- Develop a detailed rollout plan, including timelines and responsibilities.
- Scale up training and support to cover all schools or programs.
- Monitor implementation progress and address issues promptly.
5.2 Continuous Monitoring and Improvement
e Objective: Ensure the MCEM remains effective and relevant.
e Activities:
- Establish regular review and evaluation processes.
- Collect ongoing feedback from educators, administrators, and students.
- Update the MCEM as needed to reflect changes in educational standards,
technologies, and best practices.

Phase 6: Evaluation and Reporting
6.1 Evaluation
e Objective: Assess the impact of the MCEM on curriculum effectiveness and educational
outcomes.
e Activities:
- Conduct formal evaluations at regular intervals.
- Compare educational outcomes before and after the implementation of the MCEM.
- Use performance metrics established during the planning phase.
6.2 Reporting
¢ Objective: Share findings with stakeholders and the broader educational community.
e Activities:
- Prepare comprehensive reports detailing the implementation process, outcomes, and
lessons learned.
- Present findings at conferences, workshops, and through academic publications.
- Provide recommendations for further research and practice.
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Summary Timeline

Phase

Planning and Preparation
Design and Development
Training and Capacity Building
Pilot Testing and Refinement
Full-Scale Implementation

Evaluation and Reporting

Resources Needed
1. Human Resources:
- Project team (educators, administrators, IT specialists).
- Training facilitators.
- Technical support staff.
2. Financial Resources:
- Budget for software development and licenses.
- Training and workshop costs.
- Ongoing support and evaluation expenses.
3. Technological Resources:
- Software tools for algorithm integration and data analysis.
- Hardware for data processing and storage.
- Online platforms for training and support.
By following this implementation plan, educational researchers and institutions can effectively
integrate the MCEM into their existing systems, leading to improved curriculum evaluation and
enhanced educational outcomes.

Ethical Framework for the Integration of the Metaheuristic Curriculum Evaluation Model
(MCEM)

Integrating the Metaheuristic Curriculum Evaluation Model (MCEM) into educational systems
involves various ethical considerations. Addressing these issues is crucial to ensure the responsible
and equitable implementation of Al-driven evaluation methods. This framework outlines the ethical
principles and measures to ensure confidentiality, reduce bias, and maintain transparency in the use
of the MCEM.

Ethical Principles
1. Confidentiality and Privacy:
- Protecting the privacy of all individuals involved in the evaluation process, including
students, educators, and administrators.
- Ensuring that personal data is collected, stored, and processed securely.
2. Fairness and Equity:
- Ensuring that the MCEM does not introduce or perpetuate biases that could
disadvantage any group of individuals.
- Promoting equitable access to the benefits of the MCEM across all educational
settings.
3. Transparency and Accountability:
- Providing clear and understandable information about how the MCEM operates and
the rationale behind its recommendations.
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- Establishing mechanisms for accountability to address any concerns or grievances
related to the MCEM’s implementation.

Measures to Ensure Confidentiality
1. Data Anonymization:
- Anonymize all personal data used in the MCEM to prevent the identification of
individuals.
- Remove or obscure any identifiers in data sets used for training and evaluation.
2. Secure Data Storage and Transmission:
- Implement robust encryption methods for storing and transmitting data.
- Use secure servers and databases with restricted access to authorized personnel only.
3. Data Access Controls:
- Define and enforce strict access controls to ensure that only authorized individuals
can access sensitive data.
- Regularly audit access logs to monitor and manage data access.

Measures to Reduce Bias
1. Diverse Data Sets:
- Ensure that the data used to train and evaluate the MCEM is representative of the
diverse population it serves.
- Include data from various demographic groups to prevent biases related to race,
gender, socioeconomic status, etc.
2. Bias Detection and Mitigation:
- Regularly test the MCEM for biases in its recommendations and performance.
- Implement bias detection algorithms and corrective measures to address any
identified biases.
3. Inclusive Design and Development:
- Involve diverse stakeholders, including educators, students, and experts in ethics and
social justice, in the design and development process.
- Conduct impact assessments to understand how different groups might be affected
by the MCEM.

Measures to Ensure Transparency
1. Clear Documentation:
- Provide comprehensive documentation of the MCEM'’s algorithms, data sources, and
decision-making processes.
- Make this documentation accessible to all stakeholders.
2. Explainability:
- Develop tools and interfaces that allow users to understand how the MCEM arrives
at its recommendations.
- Offer explanations that are understandable to non-experts, including educators and
administrators.
3. Regular Reporting and Communication:
- Establish regular reporting mechanisms to communicate the performance and impact
of the MCEM to stakeholders.
- Create channels for feedback and dialogue to address concerns and improve the
model continuously.

1015



Volkan Duran ¢ Giilay Ekici

Accountability Measures
1. Ethics Oversight Committee:
- Establish an independent ethics oversight committee to monitor the implementation
and operation of the MCEM.
- The committee should include members from diverse backgrounds, including ethics
experts, educators, and community representatives.
2. Grievance Mechanism:
- Develop a clear and accessible process for stakeholders to raise concerns or
complaints about the MCEM.
- Ensure that grievances are addressed promptly and fairly.
3. Regular Audits and Evaluations:
- Conduct regular audits of the MCEM’s performance and adherence to ethical
standards.
- Use external evaluators to provide an unbiased assessment of the model’s impact and
ethical compliance.
Implementing the MCEM in educational systems requires a strong commitment to ethical principles.
By ensuring confidentiality, reducing bias, and maintaining transparency, we can create a fair and
trustworthy evaluation model that benefits all stakeholders. Adhering to this ethical framework will
help build trust, promote equity, and achieve the intended educational outcomes through the
responsible use of Al-driven curriculum evaluation.

Stakeholder Participation in the Implementation of MCEM

Stakeholder participation is essential for the successful implementation and continuous
improvement of the Metaheuristic Curriculum Evaluation Model (MCEM). Involving stakeholders
such as educators, administrators, students, parents, and community members ensures that the
MCEM is aligned with the needs and expectations of those it serves. This section details how
stakeholders will be involved in the implementation and continuous improvement cycle and how
their feedback will be received and evaluated.

Phases of Stakeholder Involvement

Phase 1: Planning and Preparation
1. Stakeholder Identification and Engagement:
- Activity: Identify all relevant stakeholders, including educators, administrators,
students, parents, and community members.
- Method: Conduct meetings and workshops to introduce the MCEM and its
objectives.
- Outcome: Build a diverse project team representing all stakeholder groups.
2. Needs Assessment:
- Activity: Engage stakeholders in identifying the specific needs and goals of the
curriculum evaluation.
- Method: Use surveys, focus groups, and interviews to gather input.
- Outcome: Develop a comprehensive needs assessment report reflecting stakeholder
perspectives.

Phase 2: Design and Development
1. Collaborative Design Workshops:
- Activity: Involve stakeholders in customizing the MCEM to meet identified needs.
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- Method: Conduct design workshops to gather ideas and feedback on the proposed
model and algorithms.

- Outcome: Create a tailored MCEM that addresses specific requirements and
expectations.

2. Pilot Program Development:

- Activity: Develop pilot programs in collaboration with stakeholders.

- Method: Form working groups with representatives from each stakeholder group to
design and implement pilot projects.

- Outcome: Pilot programs that test the MCEM in real-world settings with stakeholder
input.

Phase 3: Training and Capacity Building

1. Training Programs:
- Activity: Develop and deliver training programs for educators and administrators.
- Method: Conduct hands-on workshops and provide training materials.
- Outcome: Ensure stakeholders are well-equipped to use and support the MCEM.

2. Ongoing Support:
- Activity: Establish support structures for continuous stakeholder engagement.
- Method: Create online forums, helpdesks, and regular follow-up sessions.
- Outcome: Provide continuous support and foster a collaborative learning

environment.

Phase 4: Pilot Testing and Refinement
1. Stakeholder Feedback Collection:
- Activity: Collect feedback from stakeholders during the pilot phase.
- Method: Use surveys, feedback forms, and interviews to gather insights on the pilot
program’s effectiveness.
- Outcome: Compile a feedback report to inform refinements to the MCEM.
2. Feedback Evaluation and Model Refinement:
- Activity: Evaluate stakeholder feedback to identify areas for improvement.
- Method: Form a feedback evaluation committee with representatives from each
stakeholder group to review and analyze feedback.
- Outcome: Refine the MCEM based on stakeholder input and pilot results.

Phase 5: Full-Scale Implementation
1. Rollout Planning with Stakeholders:
- Activity: Involve stakeholders in planning the full-scale rollout of the MCEM.
- Method: Conduct planning meetings and workshops to develop a detailed
implementation plan.
- Outcome: A comprehensive rollout plan with stakeholder buy-in and support.
2. Ongoing Communication and Monitoring;:
- Activity: Maintain regular communication with stakeholders during the rollout.
- Method: Use newsletters, meetings, and online platforms to provide updates and
gather feedback.
- Outcome: Ensure transparency and continuous stakeholder engagement.

Continuous Improvement Cycle
1. Regular Feedback Collection:
- Activity: Continuously collect feedback from stakeholders.
- Method: Use regular surveys, focus groups, and suggestion boxes.
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- Outcome: Gather ongoing insights into the MCEM'’s performance and areas for
improvement.
2. Feedback Evaluation:
- Activity: Regularly evaluate the collected feedback.
- Method: Convene the feedback evaluation committee quarterly to review and
analyze feedback.
- Outcome: Identify trends and areas for improvement based on stakeholder input.
3. Stakeholder Involvement in Decision-Making;:
- Activity: Involve stakeholders in decision-making processes related to the MCEM.
- Method: Hold participatory meetings and workshops to discuss potential changes
and improvements.
- Outcome: Ensure that stakeholder voices are heard and considered in all decisions.
4. Documentation and Reporting:
- Activity: Document all feedback and decisions made based on stakeholder input.
- Method: Prepare regular reports and share them with all stakeholders.
- Outcome: Maintain transparency and accountability in the continuous improvement
process.
Stakeholder participation is critical for the successful implementation and continuous improvement
of the MCEM. By involving stakeholders at every phase, from planning to full-scale implementation,
and ensuring their feedback is regularly collected and evaluated, the MCEM can be effectively
tailored to meet the needs of the educational community it serves. This inclusive approach fosters a
collaborative environment, ensuring the MCEM'’s sustainability and success.

Conclusion and Discussion

The integration of metaheuristic artificial intelligence (AI) optimization algorithms into curriculum
evaluation represents a new perspective in educational research and practice. This meta-synthesis
research has illuminated the underexploited potential of these algorithms in refining and enhancing
curriculum development and evaluation processes. The central contributions of this study lie in its
innovative approach to curriculum evaluation, leveraging the strengths of metaheuristic algorithms
to address the complexities and dynamism inherent in modern educational systems. The proposed
Metaheuristic Curriculum Evaluation Model (MCEM) emerges as a novel framework designed for
adaptability, scalability, and efficacy in navigating the educational landscape's evolving demands.
This research contributes to the disciplinary understanding by:
1. Highlighting the emerging interest in Al optimization within educational sciences, yet noting
the sparse application specifically within curriculum evaluation.
2. Demonstrating the variety of algorithms explored and their promising outcomes in related
tields, suggesting a fertile ground for their application in education.
3. Underscoring the necessity for customized approaches and interdisciplinary collaboration to
harness the full potential of Al optimization in curriculum development.
The findings elaborate on and support existing theories by introducing the MCEM as a paradigm
shift toward a more dynamic, responsive educational ecosystem. This model not only aligns with
the continuous cycle of evaluation and optimization essential for quality education but also propels
the discourse around curriculum development into new, uncharted territories. Comparatively, the
MCEM distinguishes itself from prior models by its foundation in metaheuristic optimization,
offering a structured yet flexible approach to curriculum evaluation. This marks a departure from
traditional evaluation methods, presenting a more nuanced understanding of curriculum
optimization's complexities. However, this study acknowledges its limitations, particularly in the
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practical application and empirical testing of the MCEM across diverse educational settings. The
reliance on existing literature rather than primary data collection may also impact the depth of
insights into the model's practical implications.

The scope of transferability is limited by the variability in educational contexts, necessitating
cautious application across different systems and levels of education. Ethical considerations around
the use of Al in education, including privacy, bias, and accountability, must be navigated carefully,
with future research aimed at addressing these challenges.

Implications for future research include the design of experimental studies to apply and test the
MCEM across various educational levels, comparative analyses to identify the most suitable
algorithms for different curriculum components, and the development of hybrid models that
combine different Al algorithms. Additionally, contrasting Al-supported models with traditional
approaches could offer valuable insights into their relative strengths and weaknesses.

In conclusion, the study underscores the transformative potential of Al optimization algorithms in
curriculum evaluation, paving the way for a new era of educational excellence. By fostering a
continuous cycle of improvement and adaptation, the MCEM promises to elevate the quality and
relevance of education, aligning it more closely with societal needs and individual learner
aspirations.

Future Research Directions

Validation Studies

Experimental studies can be conducted to test the effectiveness of the MCEM across different
educational levels and contexts. The MCEM can be compared with traditional curriculum evaluation
models to highlight its advantages.

Algorithm Development

The development of hybrid models can be explored to combine multiple metaheuristic algorithms
for enhanced optimization.

The application of emerging Al technologies (e.g., machine learning and neural networks) can be
investigated in curriculum evaluation.

Ethics Committee Approval: Since our study is a theoretical study, it does not require ethics committee
approval.
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OZET

MAKALE BILGISI

Bu aragtirma, metasezgisel yapay zeka (Al) optimizasyon algoritmalarinin egitim
programi degerlendirme siirecine entegrasyonunu arastirmaktadir ve bunun egitsel
sonuglarini artirabilecek yeni bir yaklasim Onermektedir. Calismada tabu arama,
benzetilmis tavlama, genetik algoritmalar ve karinca kolonisi optimizasyonu gibi yapay
zeka optimizasyon tekniklerinin egitim baglamlarinda uygulanmasmna iliskin mevcut
literatiiriin bir meta sentezi gerceklestirilmistir. Bu c¢alisma, egitimde program
degerlendirmede bu algoritmalarin dogrudan uygulanmasmin literatiirdeki azligin
ortaya ¢ikarmustir, boylece literatiirde bir bosluk ve bir kesif firsat1 oldugunu gostermistir.
Hedefler, igerik, ogretim yontemleri ve degerlendirme stratejileri dahil olmak iizere
egitim programi bilesenlerini degerlendirmek igin cesitli meta-sezgisel optimizasyon
algoritmalarini uyarlamak ic¢in ayrintih modeller Onerilmistir. Makale, literatiir
taramasindan elde edilen bilgileri sentezlemis ve cesitli egitim seviyeleri ve
programlariyla yapay zeka optimizasyon algoritmalarimin etkinligini degerlendirmek
icin deneysel calismalar igin yollar Onermistir. Ayrica, incelenen optimizasyon
modellerinden ve egitim programi degerlendirme siireclerinden sentezlenen
Metasezgisel Egitim Programi Degerlendirme Modeli'nin bir taslag1 sunulmustur. Meta-
sezgisel yapay zeka optimizasyon algoritmalarinin egitimde program degerlendirmesine
entegrasyonuna yonelik bu arastirma, egitim arastirmalarinda yeni bir alana vurgu
yapmaktadir. Potansiyel uygulamalar: detaylandirarak, metodolojik titizligi ele alarak ve
baglama 6zgii niianslar1 goz oniinde bulundurarak bu ¢alismada, egitimde program
gelistirilme, degerlendirilme ve optimize edilme sekline farkli bakacak olan gelecekteki
caligmalara zemin hazirlanmaktadir.
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Giris

Egitimde degerlendirmenin derin bir gegmisi vardir; kdkeni M.O. 2000 yillarinda Cinli yetkililerin
saray hizmeti adaylarinin niteliklerini belirlemek i¢in smavlara basvurmas: ve Antik Yunan'da
Ogretim siirecinin bir parcasi olarak Sokrates'in s6zlii degerlendirmeleri gibi erken 6rneklere kadar
uzanir. Ancak 20. yiizyilda bu alanda Flexner'in tip fakiiltesi degerlendirmeleri, Tyler'm 6l¢me ve
degerlendirme ayrimu, Tkinci Diinya Savasi sonrasi federal girisimler ve Sputnik'in tetikledigi egitim
reformlar1 ile Onemli ilerlemeler kaydedilmistir. 19601 ve 19701 yillara gelindiginde
degerlendirme, gelistirilen standartlarla mesleki bir disiplin olarak kabul edilmistir (Yiiksel, 2010).

Program degerlendirme, ampirik arastirma yontemleri kullanilarak sistematik veri toplama ve
analize dayal1 bir siire¢ olarak tanimlanmaktadir. Bu siireg, gelistirilen bir programin dogrulugu,
gercekgiligi, yeterliligi, uygulanabilirligi, verimliligi, etkililigi, etkisi, stirdiiriilebilirligi, basaris,
genellenebilirligi gibi gesitli 6zelliklerine iliskin karar almay1 kolaylastirir (Usun, 2012). Richards'a
(2003) gore bu degerlendirme siireci, bir programdaki Ogretim yontem ve materyallerinin
etkililiginin gozlemlenmesi, programin amacina ulasip ulasmadiginin belirlenmesi ve 6grencilerin
ogrenme siirecindeki ilerlemelerinin izlenmesi agisindan Onemlidir. Brown (1995) program
degerlendirmelerinin, programin siirekli iyilestirilmesi i¢in siirekli bir veri toplama, analiz ve sentez
stireci oldugunu vurgulamistir. Benzer sekilde Demirel (2007), bir programin etkililigine iliskin veri
toplamaysi, bu verileri kriterlerle karsilastirip yorumlamayi ve programin etkililigine iliskin kararlar
almay1 igeren sistematik degerlendirme siireclerinin, programlar gelistirip zenginlestirebilecegini
vurgulamistir.

Egitimde program degerlendirmesi, ¢ok sayida siniflandirma tiirtinii biinyesinde barindiran, egitim
sistemlerinin etkililigini ve verimliligini artirmak igin kritik bir siirectir. Usun (2012) tarafindan
smiflandirilan degerlendirme yaklagimlari, cesitli yontem ve modeller araciligiyla programimn
amacma ulasip ulasmadigini belirlemeyi amaglamaktadir. Bu yaklasimlar; hedef odakli, sistem
tabanli, isbirlik¢i, katilimci odakli, rakip odakli, niteliksel, uzmanlik odakli, miisteri odakl,
postmodern, geleneksel, pragmatik, hiimanist ve akademik degerlendirme yaklasimlarini igerir. Her
biri program degerlendirme siirecine farkli bakis agilar1 sunmakta ve odaklanmaktadir (Kandermir,
2016; Kocabatmaz, 2011; Ozdemir, 2009; Usun, 2012; Unal, 2013). Program degerlendirmede meta-
sezgisel algoritmalarin dogrudan uygulamalarinin azligi, bu noktada 6nemli bir boglugun ve kesif
firsatinin altin1 gizmektedir. Mevcut literatiir, egitim program bilesenlerini sistematik olarak
degerlendirmek i¢in bu algoritmalar1 uyarlayan kapsamli modellerden yoksundur.

Program degerlendirme modelleri genel olarak bazi yaklagimlar hari¢ olmak iizere programin
etkililigini sistematik olarak degerlendirmek i¢in belirli bir sirayla izlenmesi gereken adimlar1 igeren
algoritmik bir yapiya sahiptir. Bu adimlar genellikle sunlar1 igerir: 1. Degerlendirme yaklasiminin,
hedeflerinin ve kriterlerinin belirlenmesi, 2. Veri toplama ve analiz, 3. Bulgularin yorumlanmas: ve
programin degerlendirilmesi, 4. Onerilerde bulunulmas, 5. Degisikliklerin uygulanmasi, 6. Siirecin
belgelenmesi ve raporlanmasi, 7. Gerektigi kadar tekrarlamak. Meta-sezgisel yapay zeka
optimizasyon algoritmalarinin egitimde program degerlendirmesine entegrasyonu, egitim
arastirmalarinda kapsamli bir sekilde arastirilmamis yeni bir yaklagimi temsil etmektedir. Onerilen
taslak, egitim programi degerlendirme siireglerinin etkinligini ve verimliligini artirmak igin gesitli
meta-sezgisel algoritmalarin gii¢lii yonlerinden yararlanmaktadir ve siirekli iyilestirme igin
yapilandirilmis ancak esnek bir cerceve saglamaktadir. Ancak mevcut literatiir, egitimde program
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degerlendirmede bu algoritmalarin dogrudan uygulanmasinin az oldugunu ortaya koymaktadir ve
bu da 6nemli bir boslugun ve daha fazla arastirma firsatinin altin1 ¢izmektedir.

Karmagsik sorunlari sistematik ve yinelemeli bir yaklagimla ¢6zme kapasiteleriyle tanimlanan yapay
zeka optimizasyon algoritmalar1 (Karaboga, 2018), egitimde program degerlendirme yontemlerine
umut verici bir paralellik sunmaktadir. Her iki alan da, ister egitim programinin etkililigini
arttirmak ister sorunlara en uygun ¢oziimleri bulmak olsun, yapilandirilmis siiregler araciligiyla
belirli hedeflere ulasmay1 amaglamaktadir. Egitim ve yapay zeka arasindaki bu kesisim, her iki
alanda da siirekli iyilestirme ve uyum potansiyelinin altin1 ¢izmektedir ve karmasgik sorunlara
yenilikgi stratejiler uygulamanin 6nemini vurgulamaktadir. Ayrica, dogal davraniglardan ilham
alan meta-sezgisel yontemlerin egitim programi degerlendirmede uygulanmasi, verimli ve etkili
degerlendirme stratejilerinin kesfedilmesi icin yeni bir ufuk sunmaktadir (Blum ve Roli, 2003;
Chakraborty ve digerleri, 2021). Bu arastirma, egitimde program degerlendirmede yapay zeka
optimizasyon algoritmalarina iliskin literatiirii elestirel bir sekilde analiz etmeyi, bunlarin
etkililigini, uygulama zorluklarini ve egitim miifredati iizerindeki genel etkisini belirlemeyi
amaglamaktadir. Bunu yaparak, egitimsel degerlendirme uygulamalarinda siiregelen gelisime ve
miikemmellige katkida bulunarak bilgi bosluklarini kapatmay: ve alandaki pratik ihtiyaclar:
gidermeyi amaclamaktadir.

Yontem

Bu calisma, optimizasyon algoritmalari tarafindan desteklenen yeni bir egitimde program
degerlendirme modeli olusturmak i¢in bir meta-sentez yaklasimini kullanmaktadir. Oldukga kabul
goren bir nitel arastirma yontemi olan meta-sentez, gesitli nitel ¢alismalardan elde edilen bulgular:
oztimseyip yorumlayarak panoramik ve {ist diizey bir bakis agisi saglamaya c¢alisir. Belirli bir
olgunun biitiinsel bir bakis agisiyla kapsaml bir sekilde anlasilmasini saglamak igin gesitli nitel
arastirmalardan sonuglarin ¢ikarilmasi, analiz edilmesi ve birlestirilmesi ilkesine dayanmaktadir.
Giliim (2016) ve Weed (2005)'in de tanimladigr gibi meta-sentez, bireysel ¢alismalardan gelen
temalari, kavramlar1 ve anlatilar1 yeni, kapsayic teorik gercevelere veya tekilligin sinirlarimi asan
yorumlara baglamaya ¢alisarak geleneksel nitel analizi asar.

Bu sentez i¢in makalelerin se¢imi, uygunluk ve titizlik saglamak amaciyla spesifik dahil etme ve
hari¢ tutma kriterlerine baglanan bir kriterli rnekleme stratejisi tarafindan yonlendirilmistir. Dahil
etme kriterleri, makalelerin: (1) Yapay Zeka optimizasyon uygulamalariyla ilgili olmas, (2) 6zellikle
egitim programlarinin degerlendirilmesiyle ilgili olarak egitimle bir baglantis1 olmasi ve (3) Web of
Science veya Tiirkge tez merkezi veri tabani (https://tez.yok.gov.tr/) gibi taninmus veri tabanlarinda
kataloglanmasini igermektedir. Bunun tersine, egitim sektoriindeki yapay zeka optimizasyon
uygulamalarina odaklanmayan, program degerlendirmesiyle ilgisi olmayan, yaymlanmamis veya
belirlenen veri tabanlar1 araciligiyla erisilemeyen makaleler hari¢ tutulmustur.

Bu arastirma igin bir meta-sentez tasarimi se¢menin ardindaki mantik, mevcut nitel calismalari,
optimizasyon algoritmalarmin egitimde programlari nasil gelistirebilecegine dair daha incelikli bir
anlayisla sentezleme potansiyeline dayanmaktadir. Bu yaklasim yalnizca egitim teknolojisi
alanindan dagmik goriislerin entegrasyonunu kolaylastirmakla kalmaz, ayn1 zamanda miifredat
degerlendirme ve gelistirme uygulamalarinda devrim yaratabilecek yenilik¢i cercevelerin veya
teorilerin iiretilmesine de olanak tanimaktadir. Bu titiz toplama ve sentez siireci aracilifiyla
aragtirma, yapay zeka optimizasyonunun en ileri yeteneklerini giiclendiren yeni bir egitimde
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program degerlendirme modeli sunarak egitimin hem akademik hem de pratik alanlarina 6nemli
Olctide katkida bulunmay1 amaglamaktadir.

Bulgular

Bu boliimde, ilkelerini ve metodolojilerini egitimde program degerlendirme siireciyle sentezleyerek
gesitli meta-sezgisel optimizasyon algoritmalarini incelenecektir. Bu sentez, egitimde program
degerlendirilmesinin etkinligini ve verimliligini artirmak icin bu algoritmalarin gii¢lii yonlerinden
yararlanmayr amaglamaktadir. Bu algoritmalar egitim programini daha etkili, verimli ve
kisisellestirilmis hale getirmek icin 6nemli firsatlar sunmaktadir. Thtiya¢ analizi yaptiktan ve
program degerlendirme yaklasimini belirledikten sonra potansiyel program degerlendirme modeli
popiilasyonunun olusturulmasmi vurgulayan oOrneklerle incelenebilir. Boylece metasezgisel
optimizasyon algoritmalarinin egitim programi degerlendirme metodolojileriyle incelenmesi ve
sentezinin ardindan, Metasezgisel Egitim Programi Degerlendirme Modeli (MEPDM) ad1 verilen
yeni bir program degerlendirme modeli taslagi onerilmistir. MEPDM cercevesi uyarlanabilir,
Olceklenebilir ve egitim ortamlarinin dinamik dogasini idare edebilecek sekilde tasarlanmistir.

Tabu Arama Algoritmasi (TSA)

Tabu Arama Algoritmas: (TSA), 1986 yilinda F. Glover tarafindan gelistirilen, insan hafizas
fonksiyonu prensiplerinden esinlenen bir meta-sezgisel optimizasyon algoritmasidir. Temel fikir,
elemanlarin degistirilmesi, eklenmesi veya ¢ikarilmasi gibi yontemleri kullanarak baslangig ¢6ziim
uzaymi doniistiirerek en uygun ¢oziime ulasmaktir. Verimliligi baslangic ¢oziimiine, bolge
tanimina ve degerlendirme fonksiyonuna baghdir (Arslan, 2018; Giirbiiz, 2015). Tabu algoritmasini
temel alan bir program degerlendirme algoritmasi su sekilde 6zetlenebilir:

1. Baslangi¢ Coziimiiniin Belirlenmesi: Program degerlendirmede ilk adim, programin mevcut
durumu veya tasarimi olabilecek bir baslangi¢ ¢oziimii belirlemektir. Bu baslangi¢ ¢oziimii
hem mevcut ¢6ziim hem de en iyi ¢oziim olarak hafizada saklanur.

2. Hareketlerin Tanimlanmasi: Egitim programi degerlendirilmesi igin "Hareketler"
tanimlanmalidir; bu, egitim programmin tasarim parametrelerini veya bilesenlerini
degistirmeyi, eklemeyi veya kaldirmay1 igerebilir. Bu degisiklikler egitim programinin
iyilestirilmesini amaglamalidir.

3. Tabu ve Kisa Siireli Bellek: TSA'nin kisa stireli bellegi, yeni bir ¢oziim iiretirken en iyi
hamlenin se¢imini kolaylastirir ve ¢oziimlerin tekrarini Onler. Tabu listesi, bir onceki
adimdaki secilmemis komsu ¢oziimleri kaydeder ve yerel optimumdan kaginmak igin
bunlar1 bir siireligine yasaklar.

4. Uzun Siireli Bellek: Algoritma boyunca bulunan en iyi ¢o6ziim, uzun stireli bellekte saklanir.
Bu, iiretilen tim ¢oziimlerin en iyi ¢oziimle karsilastirlmasina olanak taniyarak genel
performansi artirir.

5. Degerlendirme Fonksiyonunun Kullanilmasi: Egitim programi degerlendirmesi icin her
adimda en yiiksek degerlendirme puanina sahip hareketin secildigi bir degerlendirme
fonksiyonu kullanilir. Bu, programin performansini dlger ve iyilestirir.

6. Durdurma Kiriterleri: Algoritmanin durdurma kriterleri tanimlanmalidir; 6rnegin belirli
say1ida iterasyona ulasmak, daha iyi bir ¢6ziim bulamamak veya bilinen bir optimal ¢oziime
ulagmak.

Boylece, uzun ve kisa siireli hafiza, degerlendirme fonksiyonu ve bu amaca uygun tabu listesi gibi
bilesenlerle egitim programinin tasarimini ve performansmi optimize etmek i¢in Tabu Arama
Algoritmasima dayali bir egitim programi degerlendirme algoritmasi gelistirilebilir. Tezyok'e gore
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bu algoritmanin kullanimina iliskin bugiine kadar egitim bilimleri alaninda herhangi bir tez
bulunamamustir. Ancak Web of Science'ta egitim bilimleri kategorisi altinda yapilan aramada 14
calismaya ulagilmistir. Bazi ozetler bu tekniklerin 6gretime uygulanmasindan bahsederken
(6rnegin, 0grencilere vaka calismalari sunmak), hicbiri egitim program tasarimi, pedagoji, egitim
politikas1 vb. gibi egitim konularin1 dogrudan ele almamustir. Literatiirdeki bu bogluk gelecekteki
aragtirmalar igin Tabu Arama Algoritmasmin ve benzer optimizasyon tekniklerinin daha genis
egitimsel zorluklara sistematik olarak nasil uygulanabilecegini arastirmak, 6grencilerin ve egitim
kurumlarinin ihtiyaglarmi daha iyi karsilamak igin potansiyel olarak miifredat degerlendirme ve
tasarim stireglerini doniistiirmek agisinda bir firsata isaret etmektedir.

Sekil 1

Egitimde Tabu Arama Algoritmasini Temel Alan Bir Egitim Programi Degerlendirme Algoritmast

Algoritmay Baglat

£ Mevcut ve en iyl ciziim olarak baglangic mifredat tasanmini belirieyin. Kisa ve uzun vadell hafizalar baglatin ]

¥
evet hayir

Durdurma kriteri mil

y N y :
\ Miifredat Hareketlerini Tanimla | Sonuglan Derle ve Sun

f {
Mifredat degerlendirme adimlan ekleme, kaldirma veya tasarim parametrelerini degistirme gibi dedisikilkieri I;erir) | Bulunan en Iyl mifredat evrimini
-

v

(T o
Komsu Coziimler Uret/

milfredat

ygL komsu cozimieri bulun /

s

| Defjertendirme Forksiyonunu Uyguls |
\

| Her komgu gbzimil egitimsel etkinlige dayal) olarak dederiendirin, bir dederlendirme fanksiyonu kullanarak )

v

| Tabu Listesini Giincelle |

P
| Secllen hareketleri tabu listesine ekleyin, son cazimlere ger donmeyi dnlemek \;m)

EVet areket Taba mu? Y1200

- ¥ :

Hareketi At\a) | Enlyi Tabu Olmayan Hareketi Seg \
\;iﬁ J

I Y \
| Eder hareket tabu ise, simdiye kadar grilenlerden daha lyi bir chz0me yol agmadikea (arzu kriteri) | Tabu olmayan en iyi hareketi secin, dederlendirme fonksiyonunu dikkate alarak |
/ J

| Meveut Cizim Gancele |
J

: Segilen hareket! uygulayin ve yeni mevcut ¢ozima olugturun J

_______ \
Kisa Donem Hafizay! Gilncelle |
\—h’,

f Hareketi ve 1 segimini 1

¥

p
| Uzun Dénem Hafizayi Gincelle Eger Daha iyiyse)
k\'enlgﬁai}m, saklanan en lyi bz Tyly db hafizay! glncelk

Tabu Listesini ve Hafizalan Ayarla ]

\ Periyodik olarak tabu liste boyutunu ayarlayin ve performansa gare hafizalan yenileyin
N

Durduma Kritererini Kontrol Et |

P Y
[ Durdurma kriterlerl, maksimum [terasyon sayisina ulasma, zaman sinin veya belirli bir sire iginde gelisme gozienmemes| glbi durumlardir |

| ;

Tavlama Algoritmasi

Bir amag fonksiyonu kullanarak rastgele segilen bir baslangi¢ noktasindan baslayarak ¢oziim
uzayindaki bir ¢oziimiin siirekli iyilestirilmesini amaglayan yinelemeli bir yaklasim olan Tavlama
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Algoritmasi, egitim programi degerlendirmesine etkili bir sekilde uyarlanabilir. Bu algoritma,
onceden tanimlanmis bir amag fonksiyonunun degerini miimkiin olan en iyi sonuca dogru artirmak
icin yeni veya komsu ¢oziimler iiretir (Gokge ve digerleri, 2019). Algoritmanin basarisi ayni
zamanda kontrol parametresi T'nin baslangi¢ degeri, sicaklik azaltma fonksiyonu, her sicaklik
asamasindaki yineleme sayis1 ve arastirmanin ne zaman sonlandirilacagina iliskin kriterler gibi
parametrelerin dogru ayarlanmasina da baglidir (Karaboga, 2018).

Bu baglamda Tavlama Algoritmasini temel alan bir program degerlendirme modeline su sekilde
yaklasilabilir (Karaboga, 2018'den degistirilmistir):

Iik Coziimiin Uretilmesi: Egitim progaminin baslangic amaglari, igerigi ve hedefleri agikga
tanimlanmalidir. Bu degerlendirme siirecinin temelini olusturur.

Komsu Nesil Mekanizmasimin Tanimlanmas:: Hedefler, kapsam, hedef kitle gibi miifredatin temel
bilesenleri ana hatlariyla belirtilmelidir. Programin degerlendirilmesinde kullanilacak yontem, arag
veya yaklagimlar belirlenmelidir. Olgiilebilir degerlendirme kriterleri ve araglarmin tanimlanmasi
gerekmektedir.

Cevrenin Nasil Kegfedilece§inin Tanimlanmasi: Egitim programinin farkli bilesenlerinin ve uygulama
adimlarinin belirlenmesini igermelidir. Egitim programimin degerlendirilmesinde kullanilacak
kriterler ve Ol¢giim yontemleri olusturulmalidir. Buna egitim programinin basarisin1 ve etkililigini
degerlendirmek icin kullanilan 6l¢tim araglar1 da dahildir.

Sogutma  Programumn  Tammlanmasi:  Degerlendirme siirecinin  nasil ilerleyecegine ve
degerlendirmelerin ne siklikta gerceklesecegine iliskin bir plan gelistirilmelidir. Bu, egitim
programinin hangi asamalarda ve ne siklikla degerlendirilecegini belirler.

Kontrol Parametresi Ts'nin Baslangi¢ Degerinin Ayarlanmasi: Degerlendirme siirecinin baslangicinda
egitim programi icin bir odak noktasi ve baslangic degeri atanmalidir. Ornegin, bir egitim
programinin ilk asamasi veya modiilii i¢in 6zel hedefler belirlenebilir.

Sicakligr Diigiirme Fonksiyonunun Tanimlanmasi: Egitim programinin gelistirilmesi ve iyilestirilmesi
i¢in kullanilacak yontem, strateji ve siirecler ana hatlariyla belirtilmelidir. Buna program gelistirme
asamalar1 da dahildir. Programin zaman iginde nasil giincellenecegine ve gelistirilecegine iligskin
yontemlere buraya yer verilebilir.

Her Sicaklik Asamasinda Yapilacak Iterasyon Sayisinin Belirlenmesi: Program degerlendirmenin her
asamasmda kag¢ degerlendirme yapilacagina ve bu degerlendirmelerin nasil yapilacagma karar
verilmelidir. Ornegin 6grenci performansi bir miifredatin her asamasinda degerlendirilebilir.

Aragtirmayr Sonlandirma Kriterinin Belirlenmesi: Degerlendirme siirecinin ne zaman bitecegini ve
degerlendirilen programin basarisinin ne zaman olacagini belirleyen bir kriter tanimlanmalidir.
Ornegin, degerlendirme belirli bir siire sonra veya egitim programinda belirli bir basar1 diizeyine
ulasildiginda sona erebilir.

Tavlama Algoritmasina dayali bir egitim programi degerlendirme modeli, 6gretim materyallerinin
karmagikligin1  6grencilerin  anlama  diizeyleriyle dengeleyerek egitim materyallerinin
optimizasyonunda degerli bir arag olarak hizmet edebilir. Akademik alanda https://tez.yok.gov.tr/
adresine gore bu algoritmanin egitim bilimleri alaninda kullanimina iliskin herhangi bir tez
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bulunamamustir. Ancak Web of Science'ta "egitim ve 6gretim" anahtar kelimeleri altinda yapilan bir
arama, 38 calisma ortaya ¢ikarilmistir; bunlarin arasinda Lee ve ark. (2021) bu konuyla dogrudan
ilgilidir. Bu, Tavlama Algoritmas1 tabanli modellerin egitim arastirmalarinda, o6zellikle egitim
materyalleri ve programlarinin optimize edilmesinde uygulanmasi ig¢in bir potansiyele isaret
etmektedir. Bu tiir uygulamalar, egitim materyallerinin degerlendirilmesi ve gelistirilmesinde
devrim yaratarak, 6gretme ve 6grenme deneyimlerini gelistirmek i¢in yapilandirilmis ve etkili bir
yontem sunabilir.

Sekil 2

Tavlama Algoritmasina Dayali Egitimde Program Degerlendirme Modeli

Baslangic Coézimini Uret

(Mufr-eclatm baslangic noktasi olarak baglangic hedeflerini, icerigini ve amaclarini nerlrreylnj

¥

(Kﬂmsu Uretim Mekanizmasini Tanlm}a]

¥

[Mufrecla: bilegenlerini, hedefler, kapsam, hedef kitle ve degerlendirme araclar gibi o’ze:teylnj

Komsuluk Kesfini Tanimla

(M ufredatin bilesenlerini ve etkinligini degerlendirmek icin kriterler ve yéntemler benrleym)

¥

(So&jutma Programini Ta mmlaj

¥

[Degeﬂendlrme ilerlemesini ve sikhigini planlayin, degerlendirmelerin ne zaman ve ne siklikta yapilacagini ayrintili olarak belm:mj

¥

(Baslangrg Ts Dederini Ayarla]

EE@Ltlm programinin ilk degerlendirme asamas: icin bir odak noktas: ve baslangic degerl atayxn)

¥

(S icakhk Azaltma Fonksiyonunu Tan mla)

[Mufreda:m zaman icinde gelisimi ve iyilestiriimesi igin yéntemler bellrleylnj

(Her Sicaklik Igin Iterasyon Sayisin Bellrlej

¥

CHer sicaklik asamasinda yapilacak degerlendirme sayisini ve nasil gerceklestirilecedini Karar}astmn)

Durdurma Kriterini Belirle

[Basan sewiyeleri veya zamana dayal olarak degerendirme siireci icin net bir bitis noktas: bellrleyln)

¥

Durdurma Kriteri K. mi?

¢Evet

El)eﬁe rlendirme Iterasyonunu Gergeklesti r)

¥

(Mevc ut sicaklik asamasina ve tanimlanan kriterlere gére degerlendirmeyi gerceklesti rm)

Sicakhgi Azalt

[Degerlenmrme sdrecini ilerletmek icin sicaklik azaltma fonksiyonunu uygulaym)

¥

+ evet - celisme Gé mipyhayir v

[M Gfredat Tasarnmini Gance Ile) Mevcut Tasanmi Koru

(De@erkencllrme sonuclarina dayali olarak dedisiklikler ve iyilestirmeler uygulaym) (B\r sonraki degerlendirme déngusine kadar mevcut mifredat tasarnimi ile devam edlnj

¥

EDurdurma Kriterini Kontrol Et)

¥

[Deﬁer%endirme sireci igin tanimlanan durdurma kriterinin karsilanip karsilanmadigin deﬁerlendlﬂnj

Sonuclan Derle ve Sun

(Degenendwme sdrecini 6zetleyin ve optimize edilmis mifredat tasarimini sunun)

®
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Genetik Algoritma

David E. Tate'e gore, dogal secilim ve dogadaki genetik mekanizmalardan ilham alan Genetik
Algoritma, bir veya daha fazla ¢6ziim popiilasyonundan ¢oziimler tiretmek ve rastgele degistirmek
i¢in gelistirilmistir. Ayn1 zamanda daha iyi amag fonksiyonu degerlerine sahip bireylerin segilmesi
ve popiilasyonlardan ¢oziimlerin ayiklanmasi i¢in mekanizmalar da igerir. Genetik algoritmalarin
onemli bir ozelligi, arama siirecini birden fazla ¢oziim noktasindan yiiriitmek ve olasiliksal
dontisiim kurallarini kullanmaktir. Temel kavramlar arasinda genler, kromozomlar, popiilasyonlar,
uygunluk degerleri ve islevler yer alir. Parametre sayisindan bagimsiz ¢alisabilmeleri, yerel
optimumlara takilma riskinin diisiik olmas1 ve paralellestirmenin kolay olmas: gibi iistiin yonleri
vardir (Yetkin, 2019). Genetik Algoritmaya Dayali Bir Program Degerlendirme Modeli su sekilde
Ozetlenebilir (Sekil 3):

1. Baslangic Popiilasyonunun Olusturulmasi: Egitim programnin farkli diizenlemelerini ve
bilesenlerini igeren baslangi¢ popiilasyonunu olusturun.
2. Uygunluk Degerlerini Hesaplaym: Her egitim programi o6gesinin diizenlemesinin
uygunlugunu belirli degerlendirme kriterlerine gore degerlendirin.
3. Durdurma Kriterlerini Kontrol Edin: Durdurma kriteri karsilanana kadar asagidaki adimlar1
uygulayin:
a. Uygunluk Olgeklendirmesi: Her egitim programi diizenlemesinin uygunluk degerini
hedef degerlere gore dlceklendirin.
b. Dogal Secilim: Yeni popiilasyonda daha fazla temsil edilmek i¢in daha yiiksek
uygunluk degerlerine sahip egitim programlar: diizenlemelerini segin.
c. Rastgele Secim: Popiilasyonun bir kismini dogal segilim yerine rastgele segilime tabi
tutarak genetik cesitliligi artirin.
d. En lyi Coziimiin Korunmasi: Kaybolmamasini saglamak igin énceki popiilasyonda
bulunan en iyi egitim programi diizenlemesini koruyun.
e. Caprazlama: Farkli bilesenleri birlestirerek mevcut diizenlemelerden iki yeni
diizenleme iiretin.
f. Mutasyon: Her egitim program diizenlemesinde belirli bir olasilikla mutasyonlar
yapilarak beklenmeyen degisikliklere izin verilir.

Bu genetik algoritma tabanli model, 6grenci basarisini artirmak amaciyla egitim programinin
icerigini, yapisini ve degerlendirmesini optimize etmek icin kullanilabilir. Yetkin (2019) egitim
bilimleri alaninda bu algoritmanin egitim arastirmalarinda kullanimini gosteren " PISA basarisini
tahmin etmede genetik algoritma yaklagimi" bashikl yiiksek lisans tezi hazirlamistir. Yapici (2012) "
Genetik algoritma kullanilarak ders ¢izelgeleme yaziliminin gelistirilmesi" baslikl: ytiksek lisans tezi
hazirlamistir. Web of Science kategorisinde genetik algoritmalar igeren 546 ¢alisma bulunmaktadir.
Bunlar arasinda dogrudan egitimle ilgili calismalar arasinda genetik algoritmalarin ve MATLAB'Im
optimizasyon algoritmalarini ve uygulamalarii 6gretmek icin kullanilmas1 (Cao ve Wu, 1999),
lisans Ogrencileri igin genetik algoritmalar kullanilarak optimum tasarim tizerine bir ders (Shyr,
2010), ve kolejlerde ve iiniversitelerde ders planlamasi icin gelistirilen gelistirilmis uyarlanabilir
genetik algoritma (Wang ve digerleri, 2019) gibi calismalar1 icermektedir. Birka¢ 6zet dogrudan
egitim konularma odaklanirken, digerleri daha genel olarak algoritmalar ve optimizasyon
yontemleri onermeye odaklanmigs goriinmektedir.
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Sekil 3
Genetik Algortimaya Dayali Egitimde Program Degerlendirme Modeli

¥

|r Baslangic Popllasyonunu Olustur |

¥

L ~,
| Miafredatin cesitli dizenlemelerini ve bilesenlerini baslangi¢ popldlasyonu olarak formile edin ]

R

| Uyguniuk Degerlerini Hesapla |

¥

o .,
| Her bir miafredat dazenlemesinin uygunlugunu belirli degerlendirme kriterlerine gore degerlendirin ]
\ Y.

¥

Durdurma Kriteri Karsilanmad: rmi?

¢ev et

|' Wygunluk Olceklendirme J
[ Her bir dizenlemenin uygunluk dedgerini hedef degerlendirme kriterlerine gdre ayarlayin \|
e ey

[ Dogal Secilim |
h_ .
|' Yeni nesilde temsil edilmek Ozere daha yoksek uygunluk degeri dazenlemelerini secin ‘|
. .,
|' Rastgele Secilim J
L A

|’ Genetik cesitliligi artirmak icin rastgele secilmis ddzenlemeleri yeni popldlasyona dahil edin J
M oy

¥ _

|’ En lyi Cézimia Koru J
L A

|' Devambhgim saglamak icin onceki nesilden en iyvi ddzenlemeyi saklayin ‘|

_ L
| capraziama ‘|

w

s .

[ Yeni midfredat tasarimlan olusturmak icin Mmewvcut ddzenlemelerin bilesenlerini birlestirin |

v

-~ ~,
[ Mutasyon |

==

P T
| Cesitliligi artirmak icin belirli bir olasihkla dizenlemelere beklenmedik dedisiklikler ekleyin ]
L Y.

§ ¥

- —.
| Yeni Popilasyonu Olustur |

: ¥

- ~,
| Secilen, caprazlanan ve mutasyona udramis dizenlemeleri yveni bir nesile derleyin |

¥

S~ -~
| Uygunluk Degerlerini Yeniden Hesapla ]

¥

e ™
| Yeni popdlasyonun dizenlemelerini belirlenen degerlendirme kriterlerine gére degerdendirin |
\_ .

. .

-~ N
| Durdurma Kriterlerini Kontrol Et |

¥

[ Belirli bir nesil sayis) veya bir uygunluk esigi gibi durdurma kriterlerinin karsilanip karsilanmadigin belirleyin |

| <

g B
| Optimizasyon Sonuclaring Derle ve Sun |

) ¥

s T
| En etkili mifredat diazenlemesini belirleyin ve sGreci dzetleyin |

®

Karinca Kolonisi Algoritmasi

Karinca Kolonisi Algoritmasi, karincalarin feromon izleri birakmas: prensibine dayanmaktadir ve
bu izlerin yogunlugu, besine giden en verimli yolu yonlendirmektedir. Daha giiglii feromon
sinyaline sahip yollar tercih edilirken, daha az siklikta kullanilan yollar zamanla azalarak en kisa
yolu ortaya ¢ikarir. Baslangicta Gezgin Satic1 Problemi gibi NP-zor optimizasyon problemlerinde
test edilen KKA, etkili sonuglar gostermistir (Can, 2022). Karincalarin bir besin kaynagina giden en
kisa yolu bulma yeteneginden ilham alan Karinca Kolonisi Algoritmasi (ACA), sanal karincalarin
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bir baslangi¢ noktasindan ¢esitli yollar boyunca rastgele hareket ettigi bir optimizasyon yontemidir
(Keser, 2020).

Karmca Kolonisi Algoritmasimi (ACA) temel alan bir egitim programi degerlendirme modeli,
egitimsel sonuglar1 iyilestirmek amaciyla egitim programi yapilarini, igerigini ve oOgretim
durumlarini optimize etmek igin kolektif zeka ilkelerinden yararlanabilir:

Egitim Programi Bilesenlerini Tanimlayin

Ogrenme hedefleri, icerik modiilleri, dgretim metodolojileri ve degerlendirme stratejileri gibi
degerlendirilecek egitim programinin temel bilesenlerini tanimlayarak baslaymn. Her bilesen,
ACA'daki bir besin kaynagina veya yuvaya benzer bir diigtim olarak diisiiniilebilir.

Degerlendirme Kriterlerini Belirleyin (Amac Islevi)

Egitim programi degerlendirmesi icin karinca kolonisindeki besin kaynaklarina benzer net kriterler
belirleyin. Bunlar arasinda 6grenci katilimi, 6grenme sonuglari, egitim standartlariyla uyum ve
egitimcilerden ve 6grencilerden gelen geri bildirimler yer alabilir.

Sanal Karincalar: Baslat (Egitim Programi Degerlendiricileri)

Egitin programi bilesenlerini kesfetmek i¢in sanal karincalar1 konuslandirin. Her karinca, belirlenen
kriterlere gore miifredattaki farkli diizenlemeleri ve yollar1 degerlendirmekle gorevli bir
degerlendirme aracisini temsil eder.

Feromon Izleri (Degerlendirme Puanlari)

Karincalar egitim programi bilesenleri boyunca gesitli yollar: kesfettikge, arkalarinda degerlendirme
puanlarma esdeger bir feromon izi birakirlar. Daha yiiksek feromon seviyeleri, degerlendirme
kriterlerine gore daha etkili veya verimli egitim programi yollarin gosterir.

Feromon Buharlasmasi ve Yogunlasmasi

Giincelligini yitirmis veya daha az etkili egitim programi unsurlarinin zaman icinde azalan etkisini
simiile eden, feromon buharlasmasina yonelik mekanizmalarin dahil edilmesi. Tersine, siirekli
olarak yiiksek puanlar alan yollarda feromon seviyelerinin yogunlagmasi goriiliir ve bu da onlarin
etkililigine isaret eder.

Yinelemeli Arastirma ve Optimizasyon

Birden fazla yineleme yoluyla, sanal karincalar egitim programi yollarini kesfeder, degerlendirir ve
gelistirir. Bu yinelemeli siireg, gercek zamanl geri bildirime ve gelisen egitim hedeflerine dayali
olarak miifredatin dinamik olarak uyarlanmasina ve optimize edilmesine olanak tanur.

En Uygun Egitim Programi Yolunu Belirleyin

En uygun egitim programi yolu, yinelemeler boyunca en yiiksek toplu degerlendirme puanlarini
gosteren, en giiglii feromon izine sahip olan yol olarak tanimlanir. Bu yol, miifredat bilesenlerinin
en etkili birlesimini ve siralamasini temsil eder.

1029



Volkan Duran ¢ Giilay Ekici
Uygulama ve Izleme

Optimize edilmis egitim programini uygulaymn ve etkinligini izlemeye devam edin. Egitim
programinin standartlarindaki, teknolojik ilerlemelerdeki ve 6grenci ihtiyaglarindaki degisikliklere
duyarli kalmasini saglamak i¢in sanal karincalar periyodik olarak yeniden konuslandirilabilir.

Devamli Gelisme

ACA tabanli model, yeni miifredat bilesenlerinin, 6gretim yontemlerinin ve teknolojilerin
degerlendirme siirecine kolayca eklenmesine izin vererek siirekli iyilestirmeyi kolaylastirir. Bu,
egitim programinin en ileri diizeyde kalmasini ve en iyi uygulamalarla uyumlu olmasin saglar.

Karinca Kolonisi Optimizasyon algoritmasi, miifredat degerlendirmesini daha etkili hale getirmek
(Sekil 4) ve 6grenci basarisini artirmak igin giiglii bir arag olabilir. https://tez.yok.gov.tr/ adresinde
bu algoritmanin egitim bilimleri alaninda kullanimina iliskin herhangi bir teze rastlanmamuistir.
Ancak Web of Science'da bu konuyla ilgili egitim bilimleri kategorisi altinda 90 calismaya
rastlanmistir (Duan ve digerleri, 2015; Dwivedi ve digerleri, 2018; El Fazazi ve digerleri,2019; Hoe,
2014; Jiang ve Lu). , 2022; Khamparia ve Pandey, 2015; Kickmeier-Rust ve Holzinger, 2020; Sharma
ve Harkishan, 2019; 2020 ; Shukhman ve digerleri, 2018; Vuong ve digerleri, 2018; Zilinskiene ve
digerleri, 2012; Bu ¢alismalar, egitim bilimleri ve yapay zeka alanlarini birlestirerek yapay zeka
teknolojilerinin egitimde nasil kullanilabilecegini ve 6grenme deneyimlerini nasil gelistirebilecegini
arastirnaktadir.

Sekil 4

Karinca Kolonisi Algoritmasina Dayali Egitim Programi Degerlendirme Modeli

Miifredat Bilegenlerini Tanimla

—
Bilesenler modiller, hedefler ve degerlendirme stratejilerini icerebilir
5’ Degerlendirme Kriterlerini Belirle '\
| Kriterler sarenc katihm, icerigin kavranmasi ve sunumda yenilik icerebilir |
¥
[ Degeriendirme icin Sanal Karincalar Gander |
[ Her kannca mistredat yapisi icindeki potansiyet bir cé20mi veya yolu temsil eder |
v .
| kanncalar Bilesenleri Degerlendirir ve Puanlar |
v
| lzer, bir bifesenin belirlenen kriterleri ne kadar iyi karsiladidina karsilik gelir .E
) v
' Puanlar Giincelle v Optimizasyon Yap
. ) v i
( Bu, karincalani feraman izlerini giiglendirmesine benzer sekilde, geri bildirimere dayall olarak mifredat bileserlerinin iyilegtiriimesini icerir |
{ £V g ptimal Yol ot t
( Moredat Yolunu optimize e | ({optimizasyon Sonucun uyguia |
v : : v '
j Her 'kannca'nin gerl bildirimi e bilesenieri [yllestirerek yinelemeye devam edin | jEu. modillerin yeniden yaps hedeflerin veya Bdretim yéntemlerinde yenilik yapimasini \qereh\llr\
Puanlar Gincelle ve Optimizasyon Yap
. -

| Bu. karincalarin feromon izlerini giclendirmesine benzer sekilde, geri bildirimlere dayah olarak mifredat bilesenierinin lyilestifimesini icerir

| é

Yapay Bagisiklik Algoritmasi

Yapay Bagisiklik Algoritmalarimin gelistirilmesi, dogal bagisiklik sisteminin belirli 6zelliklerinden
ilham almaktadir. Bagisiklik sisteminin bir algoritma olarak modellenmesi akilli sistemler, egitim
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programlar1 ve egitim programi degerlendirme yaklasimlar: i¢in ¢ok onemli olabilir. Bagisiklik
sistemi, gesitli avantajlar sunarken viicudu potansiyel tehditlere karsi koruyan bir dizi karmagsik
ozellik ve stratejiyle donatildig: igin akilli kabul edilir. Bagisiklik sisteminin neden akill1 bir sistem
olarak kabul edildigini yorumlayan bazi temel 6zellikler sunlardir (Karaboga, 2018; Yurttakal, 2014):

1. Benzersizlik: Her bireyin bagisiklik sistemi benzersizdir ve viicudu tehdit eden patojenleri
tanimak ve bu patojenlere kars1 6zellestirilmis bir savunma gelistirmek igin gereklidir. Bu,
potansiyel tehditlere kars1 benzersiz bir koruma yetenegi saglar.

2. Anormal Tespit: Bagisiklik sistemi daha once hi¢ karsilasmadigi yabanci patojenleri
taniyabilir ve onlara tepki verebilir. Bu, viicudu olas1 tehlikelere kars1 stirekli izleyen ve
tutarsizliklar: tespit eden akilli bir sistemin isareti olarak diisiintilebilir.

3. Takviyeli Ogrenme: Bagisiklik sistemi, daha hizli ve daha etkili bir savunma gelistirmek igin
patojenlerin yapisini Ogrenebilir. Bu, 6grenme ve deneyimlerden yararlanma yetenegi
acgisindan zekay1 gosterir.

4. Cesitlendirme: Bagisiklik sistemi gesitli antikorlarin ve tehditlere karst savunma
mekanizmalarinin gelisimini tesvik eder. Bu, sistemin birgok farkli senaryoya uyum saglama
yetenegini yansitir.

5. Hafiza: Bagisiklik sistemi daha once karsilastigi patojenlerin hafizasini tutar ve bu bilgiyi
gelecekteki tehditlere kars1 kullanir. Bu, 6nceki deneyimlerden ders alan ve gelecekteki
tehditlere daha iyi yanit veren bir zekanin isaretidir.

6. Dig Ortamlara Uyum Yetenegi: Bagisiklik sistemi cevresel degisikliklere hizli uyum saglama
yetenegiyle one ¢ikar. Bu, viicudu anlik tehditlere karsi koruma yetenegini yansitir.

7. Dagitilmis Tespit: Sistemin hiicreleri, herhangi bir merkezi kontrol sistemi olmadan
viicudun her yerine dagilmistir.

8. Spesifik Olmayan Saptamaya Tolerans (Giiriiltii toleransi): Reaksiyon icin patojenin tam
tanimu gerekli degildir. Bu durum bagisiklik sistemi tarafindan tolere edilir.

Bu baglamda yapay bagisiklik sistemi algoritmalar: sunlar igerir:

Negatif Se¢cim Algoritmasi
Yapay Bagisiklik Ag1 Algoritmasi
Dendritik Hiicre Algoritmasi

L.

Klonal Se¢im Algoritmasi

Ozellikle ayrik bagisiklik ag1 modelleri, oriintii tanima, veri analizi, makine O6grenmesi ve
optimizasyon alanlarindaki sorunlarin ¢éztimiinde siklikla bagvurulan bir yontem olarak karsimiza
¢ikmaktadir (De Castro ve Timmis, 2003; Tanig, 2019).

Egitimde program degerlendirmesinde bu ilkelerin uygulanmasi, dogal bagisiklik sisteminin
uyarlanabilir, direngli ve dagitilmis ozelliklerini taklit ederek egitim programinin gelistirilme,
izlenme ve iyilestirilmesi bi¢iminde devrim yaratabilir.

Dogal bagisiklik sisteminin zorluklara uyum saglama ve bunlara yanit verme yeteneginden ilham
alan Yapay Bagisiklik Algoritmasi, miifredatin siirekli iyilestirilmesi ve 6grenci ihtiyaglarina uyum
saglanmasi i¢in dinamik bir yontem sunar. Boyle bir model su sekilde yapilandirilabilir (Sekil 5):

1. Repertuar ve Hafiza Havuzunu Olusturun:
- N boyutta bir hedef ve igerik havuzu olusturun.
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- Her hedefi ve igerigi bir antikor olarak diistiniin.
- Egitim programimin basarili hedeflerini ve igerigini igeren bir hafiza havuzu
olusturun.
2. Hedefler icin Hassasiyeti Hesaplaymn:
- Rastgele bir egitim hedefi veya igerigi secin.
- Duyarliligm (etkinlik, erisilebilirlik ve uygulanabilirlik) hesaplaymn.
3. En lyi Hassasiyete Sahip Antikorlar1 (Hedefler/Igerik) Segin:
- Enyiiksek hassasiyete sahip n hedef ve igerigi secin.
- Ogrenci bagaris1 ve katimi gibi kriterlere gore secilen bu hedefleri ve igerigi
kopyalayn.
4. Klonlama ve Mutasyon:
- Secilen en iyi hedeflerin ve igerigin klonlarm tiretin.
- Ogrenme yoéntemleri ve teknolojik araglar gibi degiskenleri igerecek sekilde klon
setine mutasyonlar uygulaym.
- Klon setinin hassasiyetini hesaplaym (yeni ve eski egitim yontemlerine uyum).
5. Aday Bellek Hiicrelerini segin:
- Mutasyondan sonra gelistirilmis hedefleri ve igerigi segin.
- Bu hedefleri ve igerigi yeni hafiza hiicreleri olarak aday gosterin.
6. Antikorlar1 (Hedefler/Icerik) En Diisiik Hassasiyetle Degistirin:
- Miifredattaki diisiik performansh hedefleri ve igerigi degistirin.
- Yeni ve daha etkili hedefleri ve igerigi programa entegre edin.
7. Stire¢ Degerlendirmesi ve Giincelleme:
- Programi yeniden degerlendirip gerekli giincellemeleri yapin.
- Hedeflerin ve igerigin siirekli gilincellenmesi ve gelistirilmesi i¢in algoritmay1
periyodik olarak tekrarlayin.
8. Egitim Programinin Etkililiginin Analizi ve Raporlanmasi:
- Algoritmanin sonuglarimi analiz edin.
- Miifredatin etkililigine iliskin kapsamli bir rapor hazirlayn.
- Raporu ilgili paydaslarla (6gretmenler, yoneticiler, 6grenciler, veliler) paylagin.

Tezyok'te bu algoritmanmn egitim bilimleri alaninda kullanimina iligkin herhangi bir teze
rastlanmamistir. Ancak Web of Science'da bu konuyla ilgili egitim bilimleri kategorisi altinda 31
calismaya rastlanmis olup bunlardan sadece ikisi dogrudan veya dolayli olarak bu konuyu ele
almistir (Hussain ve digerleri, 2019; Samigulina ve Samigulina, 2016).
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Sekil 5
Klonal Segim Algortimasina Dayali Eitim Program Degerlendirme Akis Diyagrami

M

[Repertuarve Hafiza Havuzu Otusturj

v

(Hedeﬂerln ve icerigin N boyutunda havuzu, her biri basarili miifredat bilesenleri igin bir antikor, hafiza havuzu ile blrllk‘tej

v

[Hedeﬂer igin Duyarliigi Hesapta)

v

(Eﬁn:lm hedeflerinin veya iceriginin etkinligini, erisilebilirligini ve uygulanabilirligini -iilt;[]nj

v

(En Yilksek Duyarlilida Sahip Antikorlar Se«;j

v

(En yiksek duyarliliga sahip hedefleri ve icerigi klonlama icin seglnj

Klenlama ve Mutasyon

[En iyi bilesenleri cogaltin ve uyum ve iyilestirme igin mutasyonlari uygutaymj

v
(May Hafiza Hiicrelerini Segj
v
[M utasyon sonrasi iyilestiriimis hedefler ve icerik yeni hafiza hicreleri o}urj
¥
[En Disiik Duyarhliga Sahip Antikorlar Deﬁlstlrj
¥
(M Ufredattaki disik performans gosteren bilesenleri daha etkili olanlarla deg}st}rlnj
v
(De@erlendirme ve Gincelleme S[]rec'tj
v

[Algorltmamn ciktisina dayanarak mifredat sirekli olarak yeniden degerlendirin ve giincel leyinj

Analiz ve Raporama

(EKKHIII@} analiz edin ve paydaslar icin bir rapor deneymj

®

Ogrenme-Ogretmeye Tabanli Optimisazyon Algoritmasi

Rao, Savsani ve Vakharia tarafindan 2011 yilinda gelistirilen Ogretme-Ogretme Tabanl
Optimizasyon (OOTO) algoritmasi, kiiresel bir ¢dziime ulasmak igin ¢dziim popiilasyonunu
kullanan popiilasyon tabanl bir yontemdir. Bu baglamda evren, bir grup 6grenci veya bir sinif
ogrenci olarak kabul edilir. OOTO siireci iki boliimden olusur: 'Ogretmen Asamasi' ve 'Ogrenci
Asamast. 'Ogretmen Asamasi' Ogretmenden Ogrenmeyi temsil ederken, 'Ogrenci Asamast’
ogrenciler arasindaki etkilesim yoluyla 6grenmeyi temsil eder. OOTO uygulamasi adim adim su
sekilde anlatilabilir (Mohammadi, 2022). Ogretme-Ogrenim Temelli Optimizasyon (CPO-TLBO)
Algoritmasini Kullanarak Miifredat Programi Optimizasyonu su sekilde sunulabilir (Sekil 6):
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Adum 1: Optimizasyon Problemini Tanimlayin ve Parametreleri Baslatin

Ogrenci sayisi (niifus biiyiikl{igii), nesil sayis1 (yinelemeler), ders sayisi (tasarim degiskenlerinin
sayis1) ve derslerin smurlari (iist ve alt smirlar) gibi optimizasyon parametrelerini baglatm.
Optimizasyon problemi, X'in rotalarin bir vektorii oldugu ve her rotanin belirli sinirlar iginde olmasi
gerektigi f(X) fonksiyonunun en aza indirilmesi olarak tanimlanur.

Adim 2: Popiilasyonu Baslatin

Popiilasyon biiyiikliigiine ve kurs sayisma gore rastgele bir popiilasyon olusturun. OOTO'da
popiilasyon biiyiikliigii 6grenci sayisini, tasarim degiskenleri ise sunulan dersleri temsil etmektedir.

Adim 3: Ogretmen Asamast

Popiilasyonun siitun bazinda ortalamasmi hesaplayin. Bu, belirli bir ders icin ortalama notlar
verecektir. Bu yineleme i¢in en iyi ¢oziim, 6gretmenin roliinii tistlenir ve diger 6grencilerin ortalama
notlarin yiikseltmeye calisir (¢oziimler).

Adum 4: Ogrenci Asamast

Ogrenciler bilgi ve becerilerini gelistirmek icin birbirleriyle etkilesime girerler. Bu asamada rastgele
secilen iki ¢oziim karsilastirilir ve birbirlerinden 6grenerek kendilerini gelistirirler.

Adwm 5: Durdurma Kriteri

Maksimum nesil sayisina ulasildiginda veya diger sonlandirma kriterleri karsilandiginda siire¢ sona
erer.

Sekil 6

Ogrenme-Ogretme Tabanl Optimisazyon Algoritmast

®

|r Optimizasyon Problemini Tamimla ve Parametreleri Baslat ‘|

¥

i ™
[ Parametreler: popililasyon boyutu, iterasyon sayisi, ders sayisi, ders sinirlar |
- ~

I 2

- -
[ Popililasyonu Baslat \I

e —

-~ ~
[ ©arencileri ve dersleri temsil eden bir popillasyon oclusturun |

W

Durdurma Kriterderi Karsilanmadi mi?

evet

[ &Fretmen Asamas: |

R E—

[ Ogretmenin bilgisine dayanarak popllasyonu iyilestirin ]
[ Ofrenci Asamasi J

A J
[ ®arenciler bilgi artirmak icin birbirlerinden dgrenir |
e -~

W

[ Sirec Degerlendirme ve Glncelleme ]

¥

[ Deb'in sezgisel kisit isleme yontemini uygulayin ve en uygun ¢czdmleri segin ]

S S

[ Muafredati Dederlendirme ve Optimize Etme |
9 P
~ —

¥

[ Milfredat optimizasyonunu tamamiayin ve dedisiklikleri uygulayin |

&
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Tezyok'te bu algoritmanin egitim bilimleri alaninda kullanimina iliskin herhangi bir teze
rastlanmamuistir. Ancak Web of Science'ta egitim bilimleri kategorisi altinda bu konuyla ilgili yapilan
10 calismadan bir tanesinin dogrudan egitimle ilgili oldugu tespit edilmistir (Arashpour ve digerleri,
2023). Bu, Ogretme-Ogrenim Temelli Optimizasyon (TLBO) algoritmasiin egitim bilimlerinde
uygulanmasi hala ortaya ¢ikiyor olsa da, miifredatlarin optimize edilmesi ve 6gretme ve 6grenme
stireclerinin iyilestirilmesinde kullanimina yonelik ilginin ve potansiyelin arttigini gostermektedir.
Arashpour ve digerleri (2023) tarafindan yapilan ¢alisma, TLBO algoritmasinin egitim ortamlarinda
nasil uygulanabilecegine dair degerli bilgiler saglayabilir ve potansiyel olarak miifredat tasarimini,
ogrenci katilimini ve genel egitim sonuclarmi gelistirmeye yonelik yenilik¢i ¢dziimler sunabilir.

Diferansiyel Gelisim Algoritmasi

Cozim vektorleri arasindaki farklari temel alan Diferansiyel Evrim (DE) Algoritmasi, 6zellikle
sayisal optimizasyon problemleri igin gelistirilmistir. Bu algoritma genetik algoritma tabanli,
popiilasyon tabanl sezgisel bir kiiresel optimizasyon teknigidir (Dumlu, 2023). Egitim programini
hedefler, igerik, Ogretim senaryolar1 ve degerlendirme boyutlar1 agisindan gelistirmek igin
Diferansiyel Evrim (DE) Algoritmasini temel alan bir egitim programi degerlendirme algoritmas:
kullanilabilir. Asagida bu algoritmay kullanarak egitim programi degerlendirmesi i¢in uyarlanmis
bir model bulunmaktadir (Sekil 7):

1. Baglatma

- Optimizasyon Problemini Tamimlaym: Egitim programinin hedeflerini, icerigini,
Ogretim senaryolarini ve degerlendirme yontemlerini belirleyin.

- Baslangi¢ Niifusunun Olusturulmasi: NP rastgele egitim programi diizenlemeleri
(¢oziimler) olusturun. Her diizenleme egitim programinin hedeflerini, igerigini,
ogretim senaryolarini ve degerlendirme stratejilerini temsil eder.

2. Mutasyon

- Rastgele Secim: Her program diizenlemesi (Xi) i¢in popiilasyondan rastgele ti¢ farkh
egitim programi diizenlemesi (Xr1, Xr2, Xr3) segin.

- Mutant Egitim Program Diizenlemesi Olusturun: Yeni bir mutant program
diizenlemesini (Vi) hesaplamak igin secilen {i¢ egitim programi diizenlemesini
kullanin. Bu siireg farkli miifredat 6gelerinin (hedefler, icerik vb.) birlestirilmesini

icerir.
3. Gecis
- Gegici Coztimiin Elde Edilmesi: Mutant program diizenlemesinin 6zellikleri, mevcut
program diizenlemesinin 6zellikleriyle belirli bir olasilikla (CR) degistirilerek yeni
bir gegici egitim programi diizenlemesi (ui) elde edilir. Bu, programin hedeflerinde,
iceriginde veya degerlendirme yontemlerinde degisiklik anlamina gelir.
4. Secim

- Degerlendirme ve Karsilastirma: Gegici egitim programi diizenlemesi, dnceden
belirlenen degerlendirme kriterlerine gore mevcut program diizenlemesi ile
karsilagtirilir. Daha iyi olan diizenleme belirlenerek bir sonraki nesle aktarilir.

5. Durdurma Kriteri

- Yineleme Tekrari: Tanimlanmus bir sonlandirma kriteri karsilanana kadar mutasyon,
caprazlama ve se¢im adimlarini tekrarlayimn. Bu, belirli sayida yinelemeye ulasmak,
belirli bir diizeyde iyilestirme elde etmek veya bagka bir sonlandirma kosulu olabilir.
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Sekil 7
Diferansiyel Gelisim Algortimasina Dayali Bir Egitim Program Degerlendirme Akis Diyagrami

M

(Opt'tmizasynn Problemini Tanlmla)

¥

[M Gfredatin hedeflerini, icerigini, 6gretim senaryolarini ve dederlendirme ydntemlerini belirleylnj

(Baslanglc Popllasyonunu Cﬂusturj

¥

[NP rastgele mifredat dizenlemeleri o}usturunj

¥

Durdurma Kriterleri Karsilanmad mi?

evet

[Rastgele ¢ mifredat dizenlemesi secin ve yeni bir mutant miifredat dizenlemesi oiug:urunj

Caprazlama

[Mutant dizenlemeyi mevcut dizenlemenin dzellikleriyle birlestirerek gegici bir miifredat dizenlemesi elde edi nj

[Gec;ici milfredat dizenlemesini mevcut dizenleme ile degerlendirin ve karsilastinn ve daha iyi dizenlemeyi segi nj

§<

(Optj mizasyon Sonucunu Uygu laj

¥

[E{;Itim sonuglarini lyilestirmek igin gelistirilmis mifredat diizenlemelerini benimseyinx]

®

Tezyok'te bu algoritmanin egitim bilimleri alaninda kullanimina iligskin herhangi bir teze

rastlanmamuistir. Ancak Web of Science'da egitim bilimleri alaninda bu anahtar kelimeyle ilgili 30
calisma tespit edilmis ancak bunlardan sadece tigli dogrudan bu algoritmanin egitim bilimlerinde
uygulanmasiyla ilgilidir (Liu ve digerleri, 2017; Wang ve digerleri, 2009a-b).

Parcacik Siirii Optimisazyonu

Parcgacik Siirti Optimizasyonu (PSO), her parcacigin kendi konumu ve hizina sahip oldugu, en iyi
konumunu hatirladig1 ve birbirleriyle bilgi paylastig1 bir parcacik siiriisiiniin davranisindan ilham
alir. Bu yaklagim davranigsal modellemeye dayanmaktadir ve evrimsel prensipler yerine canlilarin
davraniglarindan ilham almasiyla genetik algoritmalardan ayrilmaktadir ($Sahin, 2019). PSO
algoritmasi kullanilarak program degerlendirmesi icin asagidaki model onerilebilir (Giilcii, 2017)

(Sekil 8).
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Aram'm (2012) bu konuyla ilgili bir tezi Tezyok'te mevcuttur ve bu tez, egitim ortamlarinda PSO
uygulamasinin erken donem arastirmalarini gostermektedir. Ayrica Web of Science dergisinde
egitim alaninda bulunan 77 ¢alismadan dordii dogrudan bu konuyla ilgilidir (Alhunitah ve Menai,
2016; Rashid ve Ahmad, 2016; Zervoudakis ve digerleri, 2020). Bu calismalar, egitim programlarinin
optimize edilmesi ve degerlendirilmesi icin PSO'dan yararlanmaya yonelik potansiyelin ve artan
ilginin altin1 ¢izmektedir.

Sekil 8
Parcacik Siirii Algortimasina Dayalr Bir Egitim Program Degerlendirme Akis Diyagrami

*

[ mofredat Hedeflerini ve Icerigini Tanimia ‘|
" J

¥

" T
[ Parcacik Pozisyonlarn: ve Hizlanm Baslat |
b -

¥

Durdurma Kriterleri Karsilanmad rmi?

¢_e\r et

Eylemsizlik agiwrhgin (w) Gancelle ]

¥

|’ Arama alanimin kesfi ve kullanimi arasinda denge kurmak icin w'vu ayarlayin \|
e —~

¥

|' Her Parcacik Icin Uygunluk Degerini Hesapla ‘|
. vy

¥

|' Her mufredat dizenlemesinin etkinligini ve verimliligini belirleyin ]
e A

‘L ¥

[ Pbest ve Gbest'i Gincelle |

¥

[ Her parcacik icin en iyi cozidmi ve bulunan en iyi kiresel cozuGmd kaydedin ]

¥

|r Parcacik Hizlarim ve Pozisyonlarnn Glincelle ‘|
e =4

¥

[ Sura davranisini simule ederek parcaciklan bulunan en iyi pozisyonlara degru hareket ettirin ‘|

¢

g N
[ En lyi Mafredat Cozimini Rapora ve Uygula |
e vy

¥

|' Bulunan en iyi cozdm, editim programun iyilestirmek igin benimse nir ‘|
A

®

Yapay Ar1 Kolonisi Algoritmasi

Yapay Ar1 Kolonisi Algoritmasi, bal arisi kolonilerinin zengin nektar besin kaynaklarini ararken
sergiledigi akilli davranislardan ilham almistir. Karaboga (2005) bu algoritmay: arilarin dogal
yiyecek toplama siireclerinden esinlenerek gelistirmistir. Algoritma, arilarin yiyecek bulma ve bilgi
paylasma davranislarini taklit eder. Gorevli isci arilar besin kaynaklarin1 kovana geri getirir ve bu
bilgiyi besin kaynagmin konumunu ve kalitesini temsil eden bir dans araciligiyla diger arilara
iletirler (Karaboga, 2018). Egitimde program degerlendirme i¢in Yapay Ar1 Kolonisi Algoritmasi
uygulanarak asagidaki gibi bir siire¢ modeli gelistirilebilir (Sekil 9):

1. Ik Gida Kaynag1 Bélgelerinin Olusturulmast:
- Egitim programinin hedeflerini, igerigini, 6gretim yontemlerini ve degerlendirme
tekniklerini temsil eden gesitli "besin kaynaklar1" olusturun.
2. Calisan Arilarin Gonderilmesi:
- Her "gorevli ar" (miifredat diizenlemesi) belirli bir besin kaynagmni (miifredat
bileseni) degerlendirir.
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3. Olasilik Degerlerinin Hesaplanmast:
- Gorevli arilar tarafindan toplanan bilgilere (programin basarisi) dayanarak, her
yiyecek kaynagi icin bir olasilik degeri hesaplaym.
4. GoOzci Arilarin Segimi:
"Gozcii arlar" (degerlendirme ekipleri) olasilik degerlerine gore en iyi yiyecek
kaynagini (miifredat bileseni) segerler.
5. Terk Edilen Kaynaklarin Yenilenmesi:
- Diisiik performansli miifredat bilesenlerini terk edin ve bunlar1 yeni "kesif arilar1”
(yeni egitim fikirleri veya yontemleri) ile degistirin.
6. Durdurma Kriteri:
- Belirli bir cevrim sayisina ulasildiginda veya diger sonlandirma kosullar
karsilandiginda islemi sonlandirin.

N

Nihai Gida Pozisyonlarmin Raporlanmast:
- Optimize edilmis miifredat bilegenlerinin son durumunu raporlayin ve uygulaym.

Bu siire¢ egitim programlarinin siirekli iyilestirilmesi ve uyarlanmasi igin bir cerceve saglar.
https://tez.yok.gov.tr/ adresinde bu algoritmanin egitim bilimleri alaninda kullanimina iliskin
herhangi bir teze rastlanmamustir. Ancak Web of Science'da egitim bilimleri kategorisinde bu
algoritmanin egitimde kullanimna iliskin bir ¢alisma tespit edilmistir (Alhunitah ve Menai, 2016).
Bu, Yapay Ar1 Kolonisi Algoritmasinin isbirlik¢i ve yinelemeli bir siire¢ yoluyla miifredatlarin
gelistirilmesi ve optimize edilmesinde potansiyel uygulamasini gostermektedir.

Sekil 9
Yapay Ar1 Kolonisi Algortimasina Dayali Bir Program Degerlendirme Akis Diyagrami
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| Baslangic Gida Kaynaklarini Olustur |
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) v
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v
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o ™
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o~ -,
| Gézcl anlar, olasihk degerlerine gére en iyi mifredat bilesenlerini secer |

¥

| Terk Edilmis Kaynaklan Yenile |
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v
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®
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Bozkurt Algoritmasi

Bozkurt Optimisazyon Algortimasi, bozkurt siiriilerinin sosyal hiyerarsisi ve avlanma davranisglar
temel alinarak gelistirilmis ve i¢inde dort hiyerarsi diizeyine sahip bir optimizasyon algoritmasidir:
alfa, beta, delta ve alfanin lider oldugu omega. Avlanma davranis avi takip etmeyi, kusatmay, taciz
etmeyi ve son olarak da ona saldirmayz igerir (Sahin, 2019). Egitimde program degerlendirme icin
Bozkurt Optimizasyon Algoritmas1 uygulandiginda, temel unsurlar dikkate alinarak asagidaki gibi
bir siire¢ modeli olusturulabilir (Sekil 10): 1. Baslatma Asamasi, 2. Niifus Uygunlugunu
Degerlendirme, 3. Alfa, Beta ve Konumlarinin Giincellenmesi Delta Wolves, 4. Kurtlarin Eski ve
Yeni Pozisyonlar1 Arasindaki Iligkinin Degerlendirilmesi, 5. Amag Fonksiyonu, 6. Sonlandirma
Kriteri

https://tez.yok.gov.tr/ adresinde bu algoritmanin egitim bilimleri alaninda kullanimina iligkin bir
teze rastlanmadig1 gibi Web of Science'ta da bu algoritmanin egitimde kullanimina iliskin bir
calismaya rastlanmamustir.

Sekil 10
Bozkurt Optimisazyon Algoritmasina Dayalr Egitimde Program Degerlendirme Akis Diyagrami

(M[]fredat hedeflerini, icerigini, S4retim senaryolarini ve dederlendirme yontemlerini tanimlayin. Rastgele bir baslangic popilasyonu olusturun)

(Pop tlasyon Uygunlugunu Degerrendlr)
[Mufredabn mevcut performansini analiz edin ve de@errendirln)
r/Alpha., Beta ve Delta'y: Bellrle)
(Karst lastirma olarak hizmet etmek Gzere en iyi performans gdsteren mifredat dgelerini bellrley}n]
Durdurma Kriterleri Karsilanmad mi?
¢E\I‘Et
(Ku rt Pozisyonlarin G[]ncelle)
[M Ufredats iyilestirmek icin Alpha, Beta ve Delta kurtlannin pozisyonlarina dodru hareket edin)

(Pozlsyon larn Degerlendir ve Kar;lrastlrj

i ¥

(Mevcut wve potansiyel mifredat dizenlemelerini karsilastinn wve iyilestirme stratejileri gelistiri n)

¥

(Am ac Fonksiyonunu G ﬁncelte)

¥

(E@Itim hedeflerine ulasmada genel mifredatin etkinligini ve basarisini 6lgﬁnj

é,

(Uygula we Periyodik Olarak Gozden Geglr)

v

(En ivi cdzimleri benimseyin ve mifredatin sdrekli iyilestiriimesi icin sireci periyodik olarak tekrarlaymj

®
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Onerilen Model: Metasezgisel Egitim Programi Degerlendirme Modeli (MEPDM)

Cesitli metasezgisel yapay zeka (Al) optimizasyon algoritmalarinin ve bunlarin egitim program

degerlendirme siireclerindeki potansiyel uygulamalarinin kapsamli analizine dayanarak, yeni bir

Metasezgisel Egitim Programi Degerlendirme Modeli (MEPDM) oOnerilebilir. Bu model, egitim

programlarinda miifredat tasariminy, igerigini, sunumunu ve degerlendirmeyi gelistirmek igin farklx

yapay zeka optimizasyon algoritmalarinin gii¢lii yonlerinden yararlanmay:r amaglamaktadir.

MEPDM, modern egitim sistemlerinin dinamik ihtiyaglarin1 karsilayabilecek, esnek, uyarlanabilir

ve verimli olacak sekilde tasarlanmistir. Onerilen model asagidaki temel bilegenleri iermektedir:

1. Model Baslatma

Thtiyag Analizi: Hedef grenci niifusunun &zel gereksinimlerini dikkate alarak egitim
programinin amag ve hedeflerini belirlemek i¢in kapsamli bir ihtiyag analizi yapin.
Hedef Belirleme: Egitim programimin ulasmay:r amacladigi hedefleri egitim
standartlar1 ve 68renci ihtiyaclariyla uyumlu hale getirerek agik¢a tanimlayin.
Algoritma Se¢imi: Egitim programinin 6zel ihtiyaglarina ve hedeflerine gore en
uygun meta-sezgisel yapay zeka optimizasyon algoritmalarini secin. Ornegin,
Genetik Algoritma ders dizilerini optimize etmek i¢in ideal olabilirken, Karmnca
Kolonisi Algoritmas1 kaynak tahsis stratejilerini gelistirebilir.

2. Egitim Programi Bileseni Optimizasyonu

Egitim Programi Haritalamasi: Ogrenme hedeflerini, ders igerigini, Ogretim
metodolojilerini ve degerlendirme tekniklerini iceren kapsamli bir egitim programi
haritas1 gelistirin.

Algoritma Uygulamasi: Egitim program haritasinin her bir bilesenini optimize etmek
icin segilen meta-sezgisel algoritmalar1 uygulaymn. Bu adim, algoritmalarin geri
bildirimlerine dayali olarak yinelemeli kesif, degerlendirme ve uyarlama siireglerini
igerir.

Bilesen Entegrasyonu: Optimize edilmis bilesenleri tutarli bir egitim program
yapisina entegre edin ve tiim Ogelerin tanimlanan egitim hedeflerine ulagsmak igin
sinerji icinde ¢alismasini saglayin.

3. Verilerin toplanmasi ve analizi

Performans Olgiimleri: Egitim programimin etkinligini degerlendirmek igin 6grenci
katilimi, 6grenme sonuglari ve egitimcilerden ve 6grencilerden gelen geri bildirimler
gibi performans Olctimleri olugturun.

Veri Isleme: Toplanan verileri islemek ve analiz etmek, kaliplari, giiclii yonleri, zayif
yonleri ve daha fazla iyilestirme firsatlarim1 belirlemek igin yapay zeka
algoritmalarindan yararlanin.

4. Yinelemeli fyilestirme ve Adaptasyon

Model Degerlendirmesi: Tanimlanan performans olgiimlerini ve yapay zeka
tarafindan islenmis veri analizini kullanarak egitim programimi diizenli olarak
degerlendirin.

Geribildirim Dongiisii: Degerlendirme asamasindan elde edilen bilgilerin egitim
programu bilesenlerinin daha fazla optimizasyonu igin bilgi sagladig1 ve stirekli
iyilestirme saglayan bir geri bildirim dongiisii olusturun.

Uyarlama: Egitim programinin gelisen egitim hedeflerine, teknolojik gelismelere ve
ogrenci geri bildirimlerine dayali olarak dinamik olarak uyarlanmasina izin verin.
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5. Uygulama ve Izleme

- Kullanima sunma: Optimize edilmis miifredatin hedef egitim programi veya
kurumda uygulanmasi.

- Siirekli Izleme: Yapay zeka algoritmalarini kullanarak egitim programmin
performansini siirekli olarak izleyin ve etkililigi korumak veya artirmak igin
bilesenleri gerektigi gibi ayarlaymn.

6. Paydas Katilimi

- Tlletisim: Geri bildirim toplamak ve egitim programmin onlarin ihtiyag ve
beklentilerini karsiladigindan emin olmak icin egitimciler, 6grenciler, yoneticiler ve
veliler de dahil olmak iizere tiim paydaslarla diizenli olarak iletisim kurun.

- Isbirligi: Egitim programinin basarisia yonelik sahiplenme ve baglhlik duygusunu
gelistirmek i¢in paydaslar arasinda isbirligini tesvik edin.

Sekil 11
Metasezgisel Egitim Program Degerlendirme Modeli (MEPDM)
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Metasezgisel Egitim Programi Degerlendirme Modeli (MEPDM), yalnizca etkili ve verimli degil
ayni zamanda hem 6grencilerin hem de egitimcilerin ihtiyaclarina son derece uyarlanabilir egitim
programlar1 olusturmak icin metasezgisel yapay zeka optimizasyon algoritmalarmin giiciinden
yararlanarak miifredat gelistirme ve degerlendirmeye yeni bir yaklasimi temsil eder. Egitim
kurumlari, bu algoritmalar1 miifredat degerlendirme siirecine entegre ederek, sagladiklar1 egitimin
kalitesini onemli Olgiide artirabilir ve 6grencileri 21. yiizyilin zorluklarina daha etkili bir sekilde
hazirlayabilirler.

Meta-Sezgisel Egitim Programi Degerlendirme Modeli (MEPDM) Egitim Sistemlerine Entegre
Etme Uygulama Plam

Asama 1: Planlama ve Hazirlhik

1. Ihtiyag Degerlendirmesi
- Hedef
- Belirli ihtiyaclar1 ve hedefleri belirlemek.
- Faaliyetler
- Paydaslarla (egitimciler, yoneticiler, 6grenciler ve veliler) anketler ve odak
grup tartismalar1 yapmak.
- Mevcut egitim programi ve degerlendirme uygulamalarini gbzden gegirmek.
- Bosluklar: ve iyilestirme alanlarini belirlemek.
2. Paydas Katilimi
- Hedef
- Tiim paydaslardan destek ve katihim saglamak.
- Faaliyetler
- MEPDM'in faydalarim ve isleyisini agiklamak icin bilgilendirme toplantilar
ve atolye calismalar1 diizenlemek.
- Tim paydas gruplarindan temsilciler iceren bir proje ekibi olusturmak.

Asama 2: Tasarim ve Gelistirme

1. MEPDM'in Ozellestirilmesi
- Hedef
- Thtiya¢c degerlendirmesinde belirlenen 6zel ihtiyaclara gore MEPDM'i
uyarlamak.
- Faaliyetler
- Degerlendirilecek egitim programi bilesenlerine gore uygun meta-sezgisel
algoritmalar1 se¢mek.
- Ogrenme hedefleri, ders igerigi, 6gretim yontemleri ve degerlendirme
tekniklerini iceren kapsamli bir egitim programi haritas: gelistirmek.
2. Algoritma Gelistirme ve Entegrasyonu
- Hedef
- Secilen meta-sezgisel algoritmalar:1 egitim programi degerlendirme siirecine
entegre etmek.
- Faaliyetler
- Secilen algoritmalar1 uygulamak icin yazilim araglari gelistirmek veya
uyarlamak.
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- Algoritmalarin islevselligini saglamak igcin 6rnek egitim programi verileri
tizerinde testler yapmak.

Asama 3: Egitim ve Kapasite Gelistirme

1. Egitimciler ve Yoneticiler igin Egitim Programlari
- Hedef
- Egitimciler ve yoneticileri MEPDM!'i etkin bir sekilde kullanabilmeleri icin
gerekli beceri ve bilgilerle donatmak.
- Faaliyetler
- Egitim materyalleri ve kilavuzlar gelistirmek.
- Uygulamali egitim atdlyeleri diizenlemek:
- MEPDM'in ilkeleri ve faydalari.
Verilerin nasil girilecegi ve algoritma ¢iktilarinin nasil yorumlanacags.

Asama 2'de gelistirilen yazilim araglarmin nasil kullanilacagy.

Siirekli destek ve tazeleme kurslar1 saglamak.
2. Destek Yapilarinin Olusturulmas:
- Hedef
- Stirekli destek ve siirekli iyilestirme saglamak.
- Faaliyetler
- Teknik sorunlar igin yardimci masa veya destek ekibi kurmak.
- Deneyimlerin ve ¢oziimlerin paylasilmasi igin cevrimigi forumlar veya
uygulama topluluklari olusturmak.

Asama 4: Pilot Test ve Iyilestirme

1. Pilot Uygulama
- Hedef
- Olasi1 sorunlar1 belirlemek i¢cin MEPDM'i kontrollii bir ortamda test etmek.
- Faaliyetler
- MEPDM'i uygulamak i¢in pilot okullar veya programlar se¢gmek.
- Pilot uygulamadan veri toplamak ve analiz etmek.
- Katilimcilardan geri bildirim toplamak.
2. lyilegtirme
- Hedef
- Pilot sonuglara dayanarak MEPDM'i gelistirmek.
- Faaliyetler
- Geri bildirimleri ve performans verilerini analiz etmek.
- Algoritmalar, stirecler ve egitim materyallerinde gerekli ayarlamalar
yapmak.
- Gerektiginde yeniden test etmek.

Asama 5: Tam Olgekli Uygulama

1. Yayginlastirma Plani
- Hedef
- MEPDM!'i tiim egitim sistemi genelinde uygulamak.
- Faaliyetler
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- Zaman ¢izelgeleri ve sorumluluklar iceren ayrintili bir yayginlastirma plam
gelistirmek.
- Tim okullar1 veya programlar1 kapsayacak sekilde egitim ve destegi
genisletmek.
- Uygulama ilerlemesini izlemek ve sorunlari hizlica ¢zmek.
2. Siirekli Izleme ve Iyilestirme
- Hedef
- MEPDM'in etkili ve ilgili kalmasini saglamak.
- Faaliyetler
- Diizenli inceleme ve degerlendirme siiregleri olusturmak.
- Egitimciler, yoneticiler ve 6grencilerden siirekli geri bildirim toplamak.
- Egitim standartlarindaki, teknolojilerdeki ve en iyi uygulamalardaki
degisiklikleri yansitmak icin MEPDM'i giincellemek.

Asama 6: Degerlendirme ve Raporlama

1. Degerlendirme
- Hedef
- MEPDM'in egitim programimin etkinligi ve egitimsel sonuglar tizerindeki
etkisini degerlendirmek.
- Faaliyetler
- Belirli araliklarla resmi degerlendirmeler yapmak.
- MEPDM'in uygulanmasindan Onceki ve sonraki egitimsel sonuglar
karsilagtirmak.
- Planlama asamasinda belirlenen performans metriklerini kullanmak.
2. Raporlama
- Hedef
- Bulgular1 paydaslar ve daha genis egitim toplulugu ile paylasmak.
- Faaliyetler
- Uygulama siireci, sonuglar ve c¢ikarilan dersleri ayrintili olarak igeren
kapsaml raporlar hazirlamak.
- Bulgular1 konferanslarda, atolye calismalarinda ve akademik yayinlarda
sunmak.
- Daha fazla arastirma ve uygulama igin onerilerde bulunmak.
3. Ozet Zaman Cizelgesi
- Planlama ve Hazirlhik
- Tasarim ve Gelistirme
- Egitim ve Kapasite Gelistirme
- Pilot Test ve lyilegtirme
- Tam Olgekli Uygulama
- Degerlendirme ve Raporlama

Gerekli Kaynaklar

1. Insan Kaynaklari:
- Proje ekibi (egitimciler, yoneticiler, IT uzmanlari).
- Egitim kolaylastiricilari.
- Teknik destek personeli.
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2. Finansal Kaynaklar:
- Yazilim gelistirme ve lisanslar igin biitge.
- Egitim ve atolye calismasi maliyetleri.
- Stirekli destek ve degerlendirme masraflari.
3. Teknolojik Kaynaklar:
- Algoritma entegrasyonu ve veri analizi i¢in yazilim araglari.
- Veri isleme ve depolama i¢in donanim.
- Egitim ve destek icin ¢evrimici platformlar.

Bu uygulama planini izleyerek, egitim arastirmacilar1 ve kurumlar, MEPDM'i mevcut sistemlerine
etkili bir sekilde entegre edebilir, boylece egitim programi degerlendirmesini iyilestirir ve egitimsel
sonuglar: artirir.

Meta-Sezgisel Egitim Programi Degerlendirme Modeli (MEPDM) Entegrasyonu icin Etik
Cerceve

Meta-sezgisel Egitim Programi Degerlendirme Modeli (MEPDM)nin egitim sistemlerine
entegrasyonu gesitli etik konulari igerir. Bu konular1 ele almak, yapay zeka destekli degerlendirme
yontemlerinin sorumlu ve adil bir sekilde uygulanmasini saglamak igin onemlidir. Bu cergeve,
MEPDM™nin kullaniminda gizliligi saglamak, onyargiy1 azaltmak ve seffaflif1 korumak igin etik
ilkeleri ve dnlemleri 6zetler.

Etik ilkeler

1. Gizlilik ve Mahremiyet:
- Degerlendirme siirecine dahil olan tiim bireylerin, ogrenciler, egitimciler ve
yoneticiler dahil olmak {izere, mahremiyetini korumak.
- Kisisel verilerin giivenli bir sekilde toplanmasini, saklanmasini ve islenmesini
saglamak.
2. Adalet ve Esitlik:
- MEPDM'nin herhangi bir grup bireyi dezavantajli duruma sokabilecek onyargilar
tanitmamasini veya slirdiirmemesini saglamak.
- MEPDM'nin faydalarina tiim egitim ortamlarinda esit erisim saglamak.
3. Seffaflik ve Hesap Verebilirlik:
- MEPDM 'nin nasil ¢alistig1 ve onerilerinin ardindaki mantik hakkinda agik ve anlasilir
bilgiler saglamak.
- MEPDM'nin uygulanmasiyla ilgili herhangi bir endiseyi veya sikayeti ele almak i¢in
hesap verebilirlik mekanizmalar1 olugturmak.

Gizliligi Saglama Onlemleri

1. Veri Anonimlesgtirme:
- MEPDM'de kullanilan tiim kigisel verileri anonim hale getirmek, boylece bireylerin
kimliklerinin tespit edilmesini 6nlemek.
- Egitim ve degerlendirme igin kullanilan veri setlerindeki tanimlayicilar: kaldirmak
veya gizlemek.
2. Giivenli Veri Depolama ve Iletim:
- Verileri depolamak ve iletmek igin giiglii sifreleme yontemlerini uygulamak.
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- Sadece yetkili personelin erisebilecegi glivenli sunucular ve veritabanlar: kullanmak.
3. Veri Erisim Kontrolleri:
- Hassas verilere yalnizca yetkili kisilerin erismesini saglamak igin siki erisim
kontrolleri tanimlamak ve uygulamak.
- Veri erisimini izlemek ve yonetmek icin erisim kayitlarin1 diizenli olarak denetlemek.

Onyargiyr Azaltma Onlemleri

1. Cesitli Veri Setleri:
- MEPDMyi egitmek ve degerlendirmek icin kullanilan verilerin hizmet verdigi cesitli
niifusu temsil etmesini saglamak.
- Ik, cinsiyet, sosyoekonomik durum vb. ile ilgili dnyargilar1 6nlemek icin cesitli
demografik gruplardan veri dahil etmek.
2. Onyargi Tespiti ve Azaltma:
- MEPDM'nin 6nerilerinde ve performansinda onyargilar: diizenli olarak test etmek.
- Belirlenen onyargilar1 ele almak igin Onyarg: tespiti algoritmalar1 ve diizeltici
onlemler uygulamak.
3. Kapsayic Tasarim ve Gelistirme:
- Tasarim ve gelistirme siirecine egitimciler, 6grenciler ve etik ile sosyal adalet
uzmanlari gibi gesitli paydaslar1 dahil etmek.
- MEPDM'den farkli gruplarin nasil etkilenecegini anlamak i¢in etki degerlendirmeleri
yapmak.

Seffafligr Saglama Onlemleri

1. Agik Dokiimantasyon:
- MEPDMnin algoritmalari, veri kaynaklar1 ve karar alma siiregleri hakkinda
kapsamli dokiimantasyon saglamak.
- Bu dokiimantasyonu tiim paydaslarin erisimine sunmak.
2. Acgklanabilirlik:
- Kullanialarin MEPDMin Onerilerine nasil ulastigmi anlamalarmi saglayacak
araclar ve arayiizler gelistirmek.
- Egitimciler ve yoOneticiler gibi uzman olmayanlar igin anlagilir agiklamalar sunmak.
3. Diizenli Raporlama ve Iletigim:
- MEPDM'nin performans: ve etkisi hakkinda paydaslara bilgi vermek icin diizenli
raporlama mekanizmalar1 olusturmak.
- Endiseleri ele almak ve modeli siirekli olarak iyilestirmek i¢in geri bildirim ve diyalog
kanallar1 olusturmak.

Hesap Verebilirlik Onlemleri

1. Etik Gozetim Komitesi:
- MEPDM'nin uygulanmasini ve isletilmesini izlemek igin bagimsiz bir etik gozetim
komitesi kurmak.
- Komite, etik uzmanlari, egitimciler ve toplum temsilcileri gibi gesitli gegmislere sahip
iiyeleri icermelidir.
2. Sikayet Mekanizmast:
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- Paydaglarin MEPDM hakkinda endiselerini veya sikayetlerini iletebilecekleri acik ve
erisilebilir bir stireg gelistirmek.

- Sikayetlerin hizli ve adil bir sekilde ele alinmasini saglamak.

3. Diizenli Denetimler ve Degerlendirmeler:

- MEPDM'in performansmni ve etik standartlara uyumunu diizenli olarak
denetlemek.

- Modelin etkisi ve etik uyumu hakkinda tarafsiz bir degerlendirme saglamak igin dis
degerlendiriciler kullanmak.

MEPDM'in egitim sistemlerine entegrasyonu, giiclii bir etik ilkelere baglilig1 gerektirir. Gizliligi
saglayarak, onyargiyr azaltarak ve seffaflig1 koruyarak, tiim paydaslara fayda saglayan adil ve
giivenilir bir degerlendirme modeli olusturabiliriz. Bu etik cerceveye bagh kalmak, giiven insa
etmeye, esitligi tesvik etmeye ve yapay zeka destekli egitim programi degerlendirmesinin sorumlu
kullanimi yoluyla istenilen egitim sonuglarina ulasmaya yardima olacaktir.

MEPDM'nin Uygulanmasinda Paydas Katilim1

Meta-sezgisel Egitim Programi Degerlendirme Modeli (MEPDM)nin basarili bir sekilde
uygulanmas: ve siirekli olarak iyilestirilmesi igin paydas katilimi gereklidir. Egitimciler, yoneticiler,
ogrenciler, veliler ve toplum iiyeleri gibi paydaslarin katilimi, MEPDM'nin hizmet ettigi ihtiyaglara
ve beklentilere uygun olmasimi saglar. Bu bdliim, paydaslarin nasil uygulamaya ve siirekli
iyilestirme dongiisiine dahil edilecegini ve geri bildirimlerinin nasil almacagm ve
degerlendirilecegini ayrintilariyla agiklar.

Paydas Katilim Asamalar:
Asama 1: Planlama ve Hazirlik

1. Paydas Belirleme ve Katilimi:
- Faaliyet: Egitimciler, yoneticiler, 6grenciler, veliler ve toplum tiyeleri gibi tiim ilgili
paydaslar1 belirlemek.
- Yontem: MEPDM ve hedeflerini tanitmak igin toplantilar ve atolye calismalar:
diizenlemek.
- Sonug: Tiim paydas gruplarini temsil eden ¢esitli bir proje ekibi olusturmak.
2. Ihtiyag Degerlendirmesi:
- Faaliyet: Egitim programi degerlendirmesinin belirli ihtiyaglarini ve hedeflerini
belirlemek i¢in paydaslar1 dahil etmek.
- Yontem: Anketler, odak grup goriismeleri ve miilakatlar kullanarak bilgi toplamak.
- Sonug: Paydas perspektiflerini yansitan kapsamli bir ihtiya¢ degerlendirme raporu
hazirlamak.

Asama 2: Tasarim ve Gelistirme

1. Ortak Tasarim Atolyeleri:
- Faaliyet: Belirlenen ihtiyaglar1 karsilamak i¢cin MEPDM'yi 6zellestirme siirecine
paydaslar1 dahil etmek.
- Yontem: Onerilen model ve algoritmalar hakkinda fikir ve geri bildirim toplamak igin
tasarim atolyeleri diizenlemek.
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- Sonug: Belirli gereksinimleri ve beklentileri karsilayan 6zellestirilmis bir MEPDM

olusturmak.
2. Pilot Program Gelistirme:

- Faaliyet: Paydaslarla is birligi icinde pilot programlar gelistirmek.

- Yontem: Pilot projeleri tasarlamak ve uygulamak igin her paydas grubundan
temsilciler iceren calisma gruplar: olusturmak.

- Sonug: Paydas girdisi ile gergek diinya ortamlarinda test edilen pilot programlar
olusturmak.

Asama 3: Egitim ve Kapasite Gelistirme

1. Egitim Programlari:
- Faaliyet: Egitimciler ve yoneticiler icin egitim programlar: gelistirmek ve sunmak.
- Yontem: Uygulamali atdlye ¢alismalar1 diizenlemek ve egitim materyalleri saglamak.
- Sonug: Paydaglarin MEPDM'yi kullanma ve destekleme konusunda iyi donanimli
olmalarin saglamak.
2. Strekli Destek:
- Faaliyet: Stirekli paydas katilimi icin destek yapilar1 olusturmak.
- Yontem: Cevrimigi forumlar, yardim masalar1 ve diizenli takip oturumlar
olusturmak.
- Sonug: Siirekli destek saglamak ve is birligine dayal1 bir 6grenme ortami olusturmak.

Asama 4: Pilot Test ve Iyilestirme

1. Paydas Geri Bildirimi Toplama:
- Faaliyet: Pilot asamasinda paydaglardan geri bildirim toplamak.
- Yontem: Anketler, geri bildirim formlar1 ve miilakatlar kullanarak pilot programin
etkinligi hakkinda bilgi toplamak.
- Sonug: MEPDMyi iyilestirmeye yonelik bir geri bildirim raporu hazirlamak.
2. Geri Bildirimi Degerlendirme ve Modeli Tyilestirme:
- Faaliyet: Iyilestirme alanlarmi belirlemek igin paydas geri bildirimlerini
degerlendirmek.
- Yontem: Her paydas grubundan temsilciler iceren bir geri bildirim degerlendirme
komitesi olusturmak ve geri bildirimleri gozden gecirmek.
- Sonug: Paydas girdileri ve pilot sonuglarina dayali olarak MEPDM'yi iyilestirmek.

Asama 5: Tam Olcekli Uygulama

1. Paydaslarla Yayginlastirma Planlamasi:
- Faaliyet: MEPDM'nin tam oOlgekli yaygimnlastirma planlamasma paydaglar1 dahil
etmek.
- Yontem: Detayl bir uygulama plan1 gelistirmek i¢in planlama toplantilar1 ve atdlye
caligmalar1 diizenlemek.
- Sonug: Paydaslarin destegiyle kapsamli bir yayginlastirma plani olusturmak.
2. Siirekli Iletisim ve Izleme:
- Faaliyet: Yayginlastirma sirasinda paydaslarla diizenli iletisimi stirdiirmek.
- Yontem: Haber biiltenleri, toplantilar ve c¢evrimi¢i platformlar kullanarak
giincellemeler saglamak ve geri bildirim toplamak.
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- Sonug: Seffaflig1 saglamak ve stirekli paydas katilimini saglamak.
Siirekli Tyilestirme Dongiisii

1. Diizenli Geri Bildirim Toplama:
- Faaliyet: Paydaslardan stirekli geri bildirim toplamak.
- Yontem: Diizenli anketler, odak grup goriismeleri ve 6neri kutular1 kullanmak.
- Sonug: MEPDM'in performans: ve iyilestirme alanlar1 hakkinda stirekli bilgi
toplamak.
2. Geri Bildirimi Degerlendirme:
- Faaliyet: Toplanan geri bildirimleri diizenli olarak degerlendirmek.
- Yontem: Geri bildirim degerlendirme komitesini ii¢ ayda bir toplayarak geri
bildirimleri gozden gecirmek ve analiz etmek.
- Sonug: Paydas girdilerine dayali olarak trendleri ve iyilestirme alanlarini belirlemek.
3. Karar Alma Siireglerinde Paydas Katilimai:
- Faaliyet: MEPDM ile ilgili karar alma stireclerine paydaslar1 dahil etmek.
- Yontem: Olas1 degisiklikler ve iyilestirmeler hakkinda tartismak igin katilimc
toplantilar ve atdlye calismalar1 diizenlemek.
- Sonug: Tiim kararlarda paydas seslerinin duyulmasmni ve dikkate alinmasim
saglamak.
4. Dokiimantasyon ve Raporlama:
- Faaliyet: Paydas girdilerine dayali olarak yapilan tiim geri bildirimleri ve kararlar
belgelemek.
- Yontem: Diizenli raporlar hazirlamak ve tiim paydaslarla paylasmak.
- Sonug: Siirekli iyilestirme siirecinde seffaflik ve hesap verebilirligi saglamak.

MEPDM'in basarili bir sekilde uygulanmasi ve siirekli iyilestirilmesi igin paydas katilimi kritik
oneme sahiptir. Planlama asamasindan tam 6lgekli uygulamaya kadar her asamada paydaslar: dahil
ederek ve geri bildirimlerini diizenli olarak toplayarak ve degerlendirerek, MEPDM, hizmet verdigi
egitim toplulugunun ihtiyaglarmni karsilayacak sekilde etkili bir sekilde uyarlanabilir. Bu kapsayici
yaklagim, is birligine dayali bir ortamu tesvik eder, MEPDM'nin siirdiiriilebilirligini ve basarisini
saglar.

Sonug ve Tartisma

Meta-sezgisel Yapay Zeka (YZ) optimizasyon algoritmalarinin egitim programi degerlendirmesine
entegrasyonu, egitim arastirma ve uygulamalarinda yeni bir bakis agis1 sunmaktadir. Bu meta-
sentez arastirmasi, bu algoritmalarin egitim programi gelistirme ve degerlendirme siireglerini
iyilestirmede ve gelistirmede heniiz tam olarak kullanilmayan potansiyelini aydinlattig
diistintilmektedir. Bu c¢alismanin ana katkilari, meta-sezgisel algoritmalarin giiclii yonlerini
kullanarak modern egitim sistemlerinin karmasikliklarini ve dinamik yapisin1 ele alma
konusundaki yenilik¢i yaklasiminda yatmaktadir. Onerilen Meta-sezgises Egitim Programi
Degerlendirme Modeli (MEPDM), egitim alaninin degisen taleplerini karsilamada uyarlanabilirlik,
Olceklenebilirlik ve etkinlik i¢in tasarlanmis yeni bir cerceve olarak ortaya c¢ikmaktadir. Bu
arastirma, disiplinler aras1 anlayisa su katkilarda bulunmaktadir:

1. Egitim bilimlerinde YZ optimizasyonuna yonelik ortaya ¢ikan ilgiyi vurgulamak, ancak
ozellikle egitim programi degerlendirmesinde nadiren uygulandigini belirtmek.
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2. Kesfedilen gesitli algoritmalarin ve ilgili alanlardaki umut verici sonuglarin gosterilmesi, bu
algoritmalarin egitimde uygulanmasi i¢in verimli bir zemin sunmaktadr.

3. Egitim programi gelistirmede YZ optimizasyonunun tam potansiyelinden yararlanmak igin
ozellestirilmis yaklagimlar ve disiplinler arasi is birliginin gerekliliginin altin1 ¢cizmek.

Bulgular, mevcut teorileri desteklemekte ve MEPDM'yi daha dinamik, duyarli bir egitim
ekosistemine yonelik bir paradigma degisimi olarak tanitmaktadir. Bu model, kaliteli egitim igin
gerekli olan stirekli degerlendirme ve optimizasyon dongiisii ile uyumlu olmakla kalmayip, ayni
zamanda egitim programi gelistirme sOylemini yeni, kesfedilmemis alanlara tasimaktadir.
Kargilagtirmali olarak, MEPDM, meta-sezgisel optimizasyon temeliyle ©nceki modellerden
ayrilmakta ve egitim programi degerlendirmesine yapilandirilmis ancak esnek bir yaklasim
sunmaktadir. Bu, geleneksel degerlendirme yontemlerinden bir kopusu isaret ederek, egitim
programi  optimizasyonunun karmasikliklarma daha incelikli bir anlayis sundugu
diistintilmektedir. Ancak, bu galisma, 6zellikle MEPDM'nin cesitli egitim ortamlarinda pratik
uygulamasi ve ampirik testlerinde sinirlamalar1 kabul etmektedir. Birincil veri toplama yerine
mevcut literatiire dayanmasi, modelin pratik sonuglarmna dair iggoriilerin derinligini de
etkileyebilir.

Transfer edilebilirlik kapsami, egitim baglamlarindaki degiskenlik nedeniyle Onerilen taslak
sinirhidir ve farkl sistemler ve egitim seviyeleri arasinda dikkatli bir uygulama gerektirmektedir.
Egitimde YZ kullanimina iligkin etik hususlar, gizlilik, 6nyarg: ve hesap verebilirlik gibi konular
dikkatle ele alinmali ve gelecekteki arastirmalar bu zorluklari ele almay1 hedeflemelidir.

Gelecek arastirmalar i¢in g¢ikarimlar, MEPDM'yi gesitli egitim seviyelerinde uygulamak ve test
etmek icin deneysel calismalarin tasarimini, farkli egitim programi bilesenleri igin en uygun
algoritmalar1 belirlemek amaciyla karsilastirmali analizleri ve farkli YZ algoritmalarini birlestiren
hibrit modellerin gelistirilmesini icermektedir. Ayrica, YZ destekli modelleri geleneksel
yaklagimlarla karsilastirmak, onlarin gorece giiclii ve zayif yonleri hakkinda degerli iggoriiler
sunabilir.

Sonug olarak, calisma, egitim programi degerlendirmesinde YZ optimizasyon algoritmalarinin
doniistiiriicii potansiyelini vurgulamakta ve egitim miikemmeliyetinde yeni bir bakis agisi
sunmaktadir. Stirekli iyilestirme ve uyarlama dongiisiinii tesvik ederek, MEPDM, egitimin kalitesini
ve Onemini artirmay1 vaat ettigi diistiniilmektedir ve bunu toplumsal ihtiyaclar ve bireysel 6grenici
hedefleri ile daha yakindan uyumlu hale getirmektedir.

Gelecek Arastirma Onerileri

Dogrulama Calismalar

MEPDM™nin farkli egitim seviyelerinde ve baglamlarinda etkinligini test etmek igin deneysel
calismalar yapilabilir. MEPDM, avantajlarin1 vurgulamak icin geleneksel egitim programi
degerlendirme modelleri ile karsilastirilabilir.

Algoritma Gelistirme

Gelismis optimizasyon icin birden fazla meta-sezgisel algoritmay1 birlestiren hibrit modellerin
gelistirilmesi arastirilabilir. Egitim programi degerlendirmesinde makine 6grenimi, sinir aglar1 gibi
yeni YZ teknolojilerinin uygulanmasi arastirilabilir.
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