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Abstract

This study aims to determine the misconceptions of teacher candidates about the
greenhouse effect concept by using Artificial Intelligence (AI) algorithm instead
of human experts. The Knowledge Discovery from Data (KDD) process model
was preferred in the study where the Analyse, Design, Develop, Implement, Evalu-
ate (ADDIE) instructional design cycle was used. The dataset obtained from 402
teacher candidates was analysed by Natural Language Processing (NLP) methods.
Data was classified using Machine Learning (ML), one of the Al tools, and super-
vised learning algorithms. It was concluded that 175 teacher candidates did not
have sufficient knowledge about the concept of greenhouse effect. It was found that
the Al algorithm with the highest accuracy rate and used to predict teacher candi-
dates’ misconceptions was Multilayer Perceptron (MLP). Furthermore, through the
Enhanced Ensemble Model Architecture developed by researchers, the combination
of ML algorithms has achieved the highest accuracy rate. The kappa (k) value was
examined in determining the significant difference between the Al algorithm and the
human expert evaluation, and it was found that there was a significant difference,
and the strength of agreement was significant according to the research findings. The
findings of the current study represent a significant alternative to the prevailing ped-
agogical approach, which has increasingly come to rely on information technologies
in the process of improving conceptual understanding through the detection of con-
ceptual misconceptions. In addition, recommendations were made for future studies.
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1 Introduction

The development of AI technology has been encouraging in recent years, and
activities such as scientific research, academic conferences and technical com-
petitions in the field of Al have spread all over the world (Xue & Wang, 2022).
According to Ouyang and Jiao (2021), the field of Educational Artificial Intel-
ligence (EAI), which covers various disciplines, supports teachers in their teach-
ing methods, enhances students’ learning experiences, and facilitates the over-
all transformation of the education system. Initially, EAI holds the promise of
enhancing instructional design and pedagogical development within teaching pro-
cess. This includes capabilities such as predicting students who may be at risk
(Hellings & Haelermans, 2022), automatically assessing students’ performance
(Zampirolli et al., 2021), tracking the progress of students’ learning (Berland
et al., 2015). Second, EAI presents opportunities for a profound transformation of
the education system. This transformation involves highlighting the crucial role
of technology (Hwang et al., 2020), enhancing environments for knowledge trans-
fer (Yannier et al., 2020), and reshaping the dynamics of the instructor-student
relationship (Xu & Ouyang, 2022). Finally, EAI proves valuable in advancing
student-centered learning, encompassing features like adaptive tutoring (Kose
& Arslan, 2017), recommending personalized learning resources (Zhang et al.,
2020), and diagnosing students’ learning deficiencies (Liu et al., 2021).

If students do not envisage the concept correctly when they first encounter it,
their subsequent educational lives are negatively affected, and it causes them to
learn it incorrectly (Ercan et al., 2010; Schulte, 2001). Environmental issues such
as global warming, ozone layer depletion, acid rain, air-water-soil pollution and
local environmental problems are discussed at all levels of formal education. A
review of the literature suggests that there are misconceptions about these con-
cepts and that it is essential to assess teachers’ and teacher candidates’ percep-
tions and cognitive structures about the environment (Ballantyne & Rain, 1995).
According to Kahraman (2020), global warming is one of the important envi-
ronmental problems and therefore, it was understood that students had miscon-
ceptions about the greenhouse effect. When the results and sample levels of the
studies conducted in the literature regarding the concept of the greenhouse effect
are examined, it is seen that the concepts of the greenhouse effect and ozone layer
depletion are confused with each other, and there are not many university stu-
dents and teacher candidates among the participants (Andersson & Wallin, 2000;
Boyes et al., 1993; Myers et al., 2004). According to Khalid (2003), it is known
that science teacher candidates have lack of knowledge and misconceptions about
current environmental problems such as greenhouse effect, acid rain and ozone
depletion. Determination of students’ misconceptions is considered important for
the correct structuring of subsequent knowledge in the process of constructing
knowledge. Open-ended questions are the most widely used measurement tools in
the literature to determine students’ misconceptions. These questions are widely
used in international tests such as “National Assessment of Educational Progress,
Massachusetts Comprehensive Assessment System, Test of English as a Foreign
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Language, Programme for International Student Assessment, Trends in Interna-
tional Mathematics and Science Study and Advanced Placement Tests”. However,
these widely used tests have some limitations. Some of these limitations are the
time-consuming implementation and scoring and the difficulty of ensuring con-
tent validity. In other words, to put it more clearly, according to Demirezen et al.
(2023), they cannot be objectively scored accurately, and even if they are scored,
detecting misconceptions is a difficult and time-consuming process for experts.

1.1 Significance of the research

Today, Al technologies such as speech recognition, facial recognition, and autono-
mous vehicles are increasingly changing people’s lives significantly. Al technology
encompasses technical knowledge in many fields such as information processing
devices, big data, and various algorithms. Generally, Al can be used to solve real-
world problems by applying six main branches: computer vision, NLP, cognition
and reasoning, robotics, gaming, and ethics and ML (Huang & Qiao, 2022). With
the development of computer science and computing technologies, automatic, adap-
tive, and efficient Al technologies have widely influenced various academic fields
(Xu & Ouyang, 2022). In this context, Al is widely used in various fields including
healthcare, marketing, industry, and education, and many countries have invested
significant resources to educate their citizens to use, adopt, and build technologies
related to Al (Aung et al., 2022).

Currently, Al can be widely used in three main areas in educational processes:
preparation of educational materials, design of instruction, and systematization of
assessment and evaluation processes (West et al., 2023). In this process, Al plays a
particularly important role in automating routine tasks. A content pool tailored to the
needs of the student can be created, and instruction can be personalized through a
suitable program design (Bulug & Elmas, 2024). After the instruction is completed,
the student can be subjected to algorithmic assessments using Al applications to
identify deficiencies. Thus, the student’s individual learning process is structured in
a unique way (Wardat et al., 2023). For example, Al designed to support teachers
can assess whether specific students need additional training in a particular topic
by using criteria such as how much time students spend on an activity, the number
of correct answers, and the number of attempts. Al can analyze whether the stu-
dent needs additional training and provide a recommendation to the teacher (Cooper,
2023). Chassignol et al. (2018) have discussed the impact of Al on education under
the headings of personalized educational content, innovative teaching methods, the
relationship between student and instructor, and technology-supported assessment.

Research on the application of Al in various disciplines reveals the potential to
transform and enhance educational experiences (Jia et al., 2024). From STEM edu-
cation (Jang et al., 2022) to language learning (Pokrivcakova, 2019), mathematics
education (Gadanidis et al., 2017), computer science (Di Eugenio et al., 2021), his-
tory (Bertram et al., 2021), art (Kong, 2020), and music education (Zuli¢, 2019),
Al holds promise in providing personalized, interactive, and innovative learning
opportunities (Jia et al., 2024). However, despite its increasing popularity, there is a
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relatively limited number of empirical studies on the effectiveness and best practices
of Al application in science education, posing significant challenges to drawing con-
clusive results (Jia et al., 2024).

Examining Al applications in science education, Kong and Shen (2024) devel-
oped an unsupervised machine learning-based approach to predict students’ under-
standing of computational thinking concepts using their cognitive, affective, and
demographic characteristics. Demirezen et al. (2023) utilized unsupervised machine
learning-based algorithms to detect misconceptions related to atomic concepts in
their study. Our study aims to develop an Al classifier based on supervised ML for
detecting misconceptions among teacher candidates regarding greenhouse effect,
thus distinguishing itself from the literature.

It is believed that Al systems used in education, as they analyze large amounts
of data from students, can provide more detailed results than traditional assessment
methods. Therefore, this notion provides innovative opportunities for qualitative
analysis. Although Al has traditionally been associated with quantitative studies, the
potential for developing qualitative research is increasingly being recognized. Build-
ing on this, this study aims to explore innovative ways in which Al can enrich and
expand the boundaries of qualitative research. Analyzing the impact of Al on the
fundamental values and principles of qualitative research will enable a discussion of
the potential future of qualitative research in an Al-driven world.

Therefore, the aim of this study is to identify the misconceptions of science
teacher candidates about the greenhouse effect by using an Al algorithm instead
of human experts. More specifically, the following research questions (RQs) are
addressed:

RQ#1. What are the misconceptions of teacher candidates regarding the concept
of the greenhouse effect?

RQ#2. Which Al algorithm is used to predict teacher candidates’ misconceptions
and has the highest accuracy rate?

RQ#3. Is there a significant difference between the Al algorithm and the human
expert evaluation?

2 Theoretical framework
2.1 Artificial intelligence (Al)

Presently, Al technologies, such as voice recognition, facial recognition, and autono-
mous vehicles, are exerting a profound and transformative impact on people’s lives.
The realm of AI encompasses technical expertise across diverse domains, includ-
ing computing devices, big data, and various algorithms. The application of Al to
address real-world challenges involves leveraging six major branches: NLP, robot-
ics, computer vision, cognition and reasoning, gaming and ethics, and ML, as
outlined by Huang and Qiao (2022). AI has gained widespread utilization across
diverse fields, encompassing healthcare, marketing, industry, and education. Numer-
ous countries have made significant investments in training their citizens to effec-
tively utilize, adapt, and contribute to Al-related technologies, as noted by Aung
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et al. (2022). Providing a precise definition of Al can be challenging, even for
experts, due to several significant reasons, primarily stemming from the continually
evolving nature of Al contents, as highlighted by Chen et al. (2020). Nick Bostrom
also points out that numerous ground-breaking Al technologies have been integrated
into universal applications without being explicitly labelled as Al (Bostrom, 2006).
Al stands as an interdisciplinary field continually enriched by the contributions of
researchers and experts from diverse domains, including neuroscience, psychology,
and linguistics, who bring their insights, knowledge, and terminology (Chen et al.,
2020). For instance, according to Russell and Norvig (2016), Al is used to charac-
terise machines or computers that emulate “cognitive” functions associated with the
human mind, such as “learning” and “problem solving.” Poole et al. (1998) concep-
tualized Al as the study of intelligent agents capable of perceiving their environ-
ment and achieving specific goals by maximizing probabilities. Kaplan and Haen-
lein (2019) defined Al as the capability of a system to accurately interpret and learn
from input data, applying acquired knowledge to accomplish specific objectives.
While a universally accepted definition of Al remains elusive, it is evident that Al
transcends the boundaries of encompassing information science, computer science,
linguistics, psychology, neuroscience, philosophy, mathematics, and various other
disciplines (Chen et al., 2020). Indeed, AI emerges as an interdisciplinary field char-
acterized by its broad scope and inclusiveness (Zhao et al., 2018). As articulated by
Baker and Smith (2019), Al refers to computers engaging in cognitive tasks such as
learning and problem-solving, typically associated with human mental processes. Al
is defined as intelligent computer systems with the ability to memorise knowledge,
perceive and manipulate their environment similar to humans, and have human-like
characteristics (Huang, 2018; Lodhi et al., 2018; Welham, 2008). Also in the field of
language learning and teaching tasks, as highlighted by Dodigovic (2007), Al can
mimic the behaviour of both teachers and learners. The roots of Al trace back to the
1950s, marked by John McCarthy’s two-month workshop at Dartmouth College in
the USA. McCarthy introduced the term “AI” in his workshop proposal in 1956, as
noted by Russell and Norvig (2016).

The evolution of Al has gone through three phases (Long & Zeng, 2022). In
the first phase, studies focused on creating intelligent systems by abstracting and
generalising logical rules, which were then implemented in the form of computer
programs. This period is referred to as the inference stage, during which scientists
endeavored to apply Al through knowledge databases and reasoning in the 1970s.
During this period, scientists constructed extensive and intricate expert systems to
simulate the intelligence levels of human experts. A major challenge encountered
with these precisely defined rules was the inability to translate many complex
and abstract concepts into concrete code. For instance, the processes of recogniz-
ing images and understanding languages in human cognition cannot be effectively
simulated using predefined rules. To address such challenges, a research discipline
known as ML has emerged, allowing machines to learn rules directly from data. ML
serves as an umbrella term encompassing various technologies and methods, includ-
ing NLP, data mining, neural networks, and algorithms, as highlighted by Zawacki-
Richter et al. (2019). ML, as an Al method, encompasses both supervised and unsu-
pervised classification and profiling. This includes applications such as predicting a
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student’s likelihood of dropping a course, determining acceptance into a program,
or identifying topics in written assignments, as outlined by Zawacki-Richter et al.
(2019). According to Long and Zeng (2022), ML gained prominence as a focal point
in the field of AI during the 1980s, marking the second stage. There has been a nota-
ble trend in ML towards learning complex, abstract logic through neural networks,
and breakthroughs in deep neural network technology in computer vision, NLP and
robotics have been evident since 2012. In fact, some software applications that point
to the third stage of Al have exceeded the level of human intelligence.

2.2 Al and theoretical basis of misconceptions

The foundation of research in the field of misconceptions lies in constructivist learn-
ing. While John Dewey, Jerome Bruner, and Jean Piaget have contributed to the
development of this view, its main foundations are based on Ausubel’s (1968) Mean-
ingful Learning Theory, Kelly’s (1955) Personal Construct Theory, and Vygotsky’s
(1962) Socio-cultural Theory. Piaget’s theory of cognitive development has made
significant contributions to understanding students’ thought processes. Teachers
should know the cognitive development levels of their students for effective science
education. Thus, they can make healthier decisions when determining the content
of the subject, deciding on the concepts to be taught (concrete-abstract), or organ-
izing teaching methods. According to constructivist learning, knowledge is indi-
vidualized and has a hierarchically organized structure of interconnected concepts.
The formation of a conceptual structure is an active process and is created by the
individual over time. Continuous meaningful learning requires new knowledge to be
consciously linked with existing knowledge, and the individual’s existing knowledge
must be tested against externally acquired knowledge (Mintzes & Wandersee, 1998).

According to Piaget, misconceptions are like a structure and are built upon one
another. Misconceptions start as gaps resulting from a lack of knowledge. These
gaps are randomly filled by teachers’ inadequate instruction, students’ existing
knowledge, and encountered experiences. The knowledge constructed by the student
is undoubtedly successful up to a point, but at some point, this phenomenon emerges
as a misconception (Rowell et al., 1990). As many cognitive psychologists state,
when people learn new concepts, they construct new information by associating it
with their past knowledge and beliefs. Some definitions used instead of misconcep-

EEINNTS EEINNT3

tions in the literature are “conceptual difficulties”, “mental models”, “phenomeno-
logical primitives”, “naive beliefs”, “misunderstandings” and “alternative concepts”
(Chang et al., 2007). Students form their knowledge structures in some ways by
gaining their own experiences, accessing information sources, having beliefs, learn-
ing facts and interacting with the environment. Misconceptions may occur if the
concepts that students form in their learning processes are not based on scientific
foundations (Demirezen et al., 2023). Apart from these, reference books used by stu-
dents, learning methods used by teachers and instructors in the classroom, and inter-
net-based information can also lead to misconceptions (Tumanggor et al., 2020).
According to constructivist learning, students construct their own knowledge by
interpreting the information they hear, read, and see in relation to what the teacher
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tells them. With the development of thinking machines, it is known that machines
can now perform these skills previously only possessed by humans (Coiera, 2003;
Davies, 2016). Al can play significant roles in personalizing education (Askar &
Kizilkaya, 2006), providing the right resources at the right time (Anohina, 2007),
and preventing individuals from getting lost in an overwhelming amount of informa-
tion, among other technologies it can offer.

In conclusion, it is crucial to know students’ existing knowledge and misconcep-
tions to achieve meaningful learning in the teaching process. The underlying causes
of students’ misconceptions can be diverse and are subject to debate. As Wandersee
et al. (1994) pointed out, misconceptions, especially when acquired through direct
observation and perception, have hidden roots, making them difficult to identify.
Misconceptions are more reliably and concretely detected when identified through
various three-stage or open-ended tests. Therefore, in this study, open-ended
responses were utilized to identify misconceptions related to the greenhouse effect
in teacher candidates. These responses were classified using ML algorithms. In con-
trast to the literature, NLP has employed, thus creating feature attributes from raw
data to serve as input parameters for ML algorithms.

2.3 Machine learning (ML)

Emerging from the broader field of Al, and specifically from research in pattern rec-
ognition and computational learning (Karmani et al., 2018), ML is characterised by
methods that facilitate learning from data and making predictions (Kohavi, 1995).
Samuel (1959) originally defined ML as the study of how learning can be can be
achieved without explicit programming. The strength of ML lies in its ability to exe-
cute highly dynamic program instructions by modelling input data and making data-
driven predictions or decisions (Chen et al., 2020). It is widely recognised that ML
serves as a technique for training intelligent agents to perform specific tasks using
large datasets. ML is a concept that emerges from the amalgamation of statistics
and computer science, enabling machines to enhance their performance based on
prior experiences, akin to human learning processes (Rasheed & Wahid, 2021). The
fundamental difference lies in the source of learning, as computers learn from data,
while humans learn from real-life situations and experiences (Bishop & Nasrabadi,
2006). As highlighted by Rasheed and Wahid (2021) and Long and Zeng (2022),
ML comprises three types of learning algorithms: supervised, unsupervised, and
reinforcement learning.

2.3.1 Supervised learning

In supervised learning, the principal aim is to discern a correspondence between
a collection of input variables X and an output variable Y. This established cor-
respondence is subsequently utilized to forecast outcomes for unobserved data, as
emphasized by Cunningham et al. (2008). The algorithm is trained to comprehend
the mapping relationship, expressed as fy:x — y, where f, signifies the model func-
tion, and 6 denotes the parameters of the model. Throughout the training process,
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the model parameters (6) undergo optimization by minimizing the errors between
the model predictions and the actual values of Y. This optimization process aims
to enhance the accuracy of the model’s predictions, as discussed by Long and
Zeng (2022).

2.3.2 Unsupervised learning

If we contemplate a machine (or living organism) being presented with a series
of inputs, denoted as x;, x,, xs, ..., where xt signifies the sensory input at time ¢,
this input- commonly denoted as data- might stem from diverse origins, including
an image on the retina, pixels captured by a camera, or an audio waveform (Ghah-
ramani, 2004). The cost of collecting labelled data is usually high. For a dataset
consisting only of examples, the algorithm needs to uncover the underlying patterns
in the data, leading to the classification of this algorithm as unsupervised learn-
ing as described by Long and Zeng (2022). In unsupervised learning, the system
is presented with inputs x, x,, ... yet lacks guided target outputs or rewards from
its surroundings (Ghahramani, 2004). One particular algorithmic approach within
unsupervised learning leverages the input itself as a form of supervised signal, rep-
resented as fy:x — x, a methodology termed self-supervised learning. Throughout the
training process, the parameters are refined by minimizing the disparity between the
model’s anticipated output, f, (x), and the original input x (Long & Zeng, 2022).

2.3.3 Reinforcement learning

Reinforcement learning, as outlined by Qiang and Zhongli (2011), stands out as
an online learning technology distinct from supervised and unsupervised learn-
ing. In reinforcement learning, the reinforcement signal from the environment
serves as an evaluation of the quality of actions taken by the intelligent agent.
However, it doesn’t explicitly instruct the agent on how to produce the correct
action, as noted by Harmon and Harmon (1996). Due to limited information pro-
vided by the external environment, the intelligent agent must rely on its expe-
riences to learn. This way, the agent acquires an appropriate evaluation of the
environmental state and adjusts its action strategy to adapt to the environment, as
explained by Qiang and Zhongli (2011).

Supervised learning was used in this study because two experts (specialists
in the field of science education) were involved in identifying misconceptions in
teacher candidates. These two experts labelled the data during the data classifica-
tion process. According to the literature, the supervised learning paradigm uses a
teacher in the ML process (Haykin, 2009). Supervised learning provides learning
by focusing on a specific target or outcome variable. This makes it possible to
obtain results with high precision in certain tasks such as prediction, classifica-
tion or regression. It can learn a particular task based on the interaction of the
trainer, so the learned model may be highly improved on a particular task.
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2.4 Supervised learning classifiers used in this study
2.4.1 Multilayer perceptron (MLP)

MLP is an artificial neural network model inspired by the biological nervous sys-
tem and is known for its ability to solve complex data structures. The architecture
of MLP incorporates multiple hidden layers, a design choice aimed at capturing
and modeling more complex relationships within the training dataset. This struc-
ture enables the MLP to learn and represent intricate patterns and dependencies
in the data, making it well-suited for handling tasks that involve non-linear and
sophisticated relationships (Bisong, 2019). This model has a multi-layered struc-
ture, and each layer carries the ability to learn more abstract and higher-level rep-
resentations compared to the previous one. They are a basic type of artificial neu-
ral networks and are often used in complex data analysis and classification tasks.
MLP has a multi-layered structure in which many artificial nerve cells or neurons
are connected. This multi-layered structure increases the ability to learn more
complex relationships of data. MLP classifiers include an input layer, at least one
hidden layer, and an output layer. The input layer feeds the data into the network,
while the hidden layers are used to learn and create internal representations of
the data. The output layer produces final predictions to assign data to specific
classes. MLP updates the weight matrices and bias terms to internalize the data
and learn hidden patterns in the training stage. This process is performed with
the back-propagation algorithm and focuses on minimizing the error function of
the network. It is evident that further investigation is warranted into enhancing
the training efficiency and refining feature learning and classification capabilities
within MLP (Tang et al., 2015). MLP stands as the most renowned and commonly
employed architecture within neural networks (Popescu et al., 2009). Therefore,
this classifier is included in our study.

2.4.2 Support vector machine (SVM)

As per Boser et al. (1992), SVM is a ML technique that acquires knowledge through
examples to assign labels to objects. SVM is optimized to find the optimal separa-
tion boundary when performing the task of assigning data points to one or more
classes. The main goal of SVM is to find a hyperplane that separates data points.
This hyperplane tries to maximize the largest distance between two classes. The
formulation of Support SVM for pattern recognition problems presents numerous
benefits compared to alternative classifiers. Some of these advantages include: 1)
the assurance that the obtained solution is the sole global solution once reached, 2)
the solution’s strong generalization properties, and 3) a robust theoretical foundation
grounded in learning theory, specifically structural risk minimization (SRM), and
optimization theory (Cristianini & Shawe-Taylor, 2000; Theodoridis & Koutroum-
bas, 2003). SVM has been used successfully in many applications due to the above
features (Cortes & Vapnik, 1995; Sebald & Buklew, 2000). Therefore, SVM was
used as a different classifier in our study.
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2.4.3 Gradient boosting (GB)

GB stands out as an effective ML technique, especially in regression and classifica-
tion problems (Kiangala & Wang, 2021). This method focuses on creating a strong
estimator by combining weak decision trees. It improves the results of decision trees
using the gradient descent algorithm. Each tree is added with a focus on correcting
the error of previous trees, which improves the overall performance of the model.
The basic principle of GB is to measure the performance of the model through the
loss function and find optimal estimators by trying to minimize this loss function.
This process occurs through a weighted correction of prediction errors produced by
previous trees.

2.4.4 Random Forest (RF)

RF is a ML technique that generates multiple models by training individual decision
trees on different subsets of observations. It excels particularly in classification and
regression problems due to its ensemble approach, where predictions are aggregated
across multiple decision trees. It is an ensemble method in which each tree is trained
independently, and then the predictions are combined to obtain the overall result.
RF ensures that trees are independent of each other by using random sampling and
feature selections during the construction of each tree. The basis of the success of
RF lies in the high probability that trees will make different errors and the strat-
egy of correcting these errors with the ensemble method (Arshad et al., 2023). It
generally contributes to reducing over-fitting problems and making the model more
generalizable.

2.4.5 K-nearest neighbor (k-NN)

k-NN is a simple but effective ML algorithm used in classification and regression
problems. Its basic principle is to predict the class or value of a data point by using
the k nearest training data to that point. Although distance metrics usually use the
Euclidean distance, other distance metrics may be preferred depending on the appli-
cation. One of the main advantages of k-NN is that there is no complex optimization
process during training the model. The model only keeps the training data in mem-
ory and uses this data to make predictions. Another important feature of this method
is that it captures the local structure in the dataset. k-NN has been used successfully
in various application areas, but it has been observed to be especially effective in
classification problems and similarity-based pattern recognition tasks (Zhang et al.,
2018).

2.4.6 Logistic regression (LR)
LR is considered a fundamental classification method in the fields of statistics and
ML. LR is used to analyse the relationship between many features or variables and

classify data between two or more classes based on the results of this analysis. This
classifier classifies data with a logistic function. The logistic function performs a
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compression operation where the result is expressed as a probability value. These
probability values typically take a value between zero and one and represent the
probability that the result belongs to a class. The training process of the model
involves learning the weight coefficients using the data. These weight coefficients
represent the contribution of data features to the class prediction. A substantial
advantage of Logistic Regression is the ability to present the results of the model
with statistical significance and confidence intervals. It allows researchers and deci-
sion-makers to understand how reliable the model’s predictions are (Thabtah et al.,
2019).

2.4.7 Enhanced ensemble model architecture

In ensemble learning, multiple models, often referred to as base models, are used,
and the outputs of all models are combined to produce a single unified output (Igball
& Wani, 2023). In other words, predictions/decisions of various models are aggre-
gated to generate the final prediction or decision. Ensemble models have achieved
quite good success in the recent past (Igball & Wani, 2023). Based on this, the
Enhanced Ensemble Model Architecture in this study is outlined as follows: Step 1:
Transformation of the greenhouse effect misconception dataset is performed. Step
2: In the second step, the transformed dataset is then fed into a community model
consisting of MLP, SVM, GB, RF, k-NN, and LR classifiers. Step 3: The dataset is
split into two parts: a training dataset and a test dataset. Then, the most appropriate
hyper-parameters for all classifiers are selected, and the grid search parameter tun-
ing method is used to train the community model. Step 4: In the final step, a voting
mechanism is used to make predictions on the test dataset, considering the best pre-
dictions of each classifier model.

2.5 Natural language processing (NLP)

NLP is a field designed to help computers understand, interpret and produce human
language. This discipline aims to enable computers to understand, translate and
summarize texts, and even produce language like humans by combining the fields
of Al and linguistics. One of the main goals of NLP is to give computer systems the
ability to understand the complex structure of language. It includes elements such
as word meaning, sentence structures, context and emotional tone of the language.
NLP learns the patterns of language using large datasets and uses these learnings in
future language understanding and production tasks (Khurana et al., 2023). Many
applications such as text classification, speech recognition, machine translation,
sentiment analysis and automatic summarization are among the areas of NLP usage
(Montejo-Réez & Jiménez-Zafra, 2022). NLP was used in this study to classify the
texts written by teacher candidates regarding the concept of the greenhouse effect.
In order to detect misconceptions regarding the greenhouse effect, using Al
algorithms mentioned in the theoretical framework, NLP has been used. The KDD
process model was used for creating the dataset, and the ADDIE design cycle was
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utilized to structure the research. Methods section has elaborated on this process in
detail.

3 Methods

In the study, the ADDIE instructional design model, a widely accepted framework
in the field of instructional design, was followed by using the design-based research
method. There are many professional instructional designers who consider this
model as a standard for developing technology-based instruction (Molenda, 2003;
Morrison, 2010) and it consists of 5 stages: analysis, design, development, imple-
mentation and evaluation (Branch, 2009; Karamustafaoglu & Pektag, 2023). The
instructional design cycle and implementation process used are given in Fig. 1.

ADDIE is commonly characterized as a linear model, yet it’s crucial to acknowl-
edge its iterative and cyclical nature. This instructional design model incorporates
evaluation at each stage, emphasizing a continuous feedback loop. This iterative
approach allows for ongoing assessment, refinement, and adaptation, ensuring that
the instructional design process remains responsive and effective (Trust & Pektas,
2018). Researchers often favor the ADDIE model for instructional design due to its
practical applicability and smooth progression from one stage to the next (Hanafi
et al., 2020). The data collection process on the basis of this research, which was
created using the ADDIE model, is discussed in detail below.

3.1 Data collection process

Raw data from 451 teacher candidates enrolled in science education programmes
in the education faculties of 8 different universities in Turkey, collected via a web
form, were reduced to 402 data after two expert evaluations. 80% of these data were
identified as training data and 20% as test data. As a result of the machine learning
algorithms, an interface in .exe format was created. This interface was used to test

Analysis
Identification of gaps in the
literature

Evaluate <_L Design

Expert assessment with Al Using the KDD process model
algorithm from data mining processes

. Impledmgnt . ¢ >
Interface created in exe format ¢

Develop
Increasing the sample size

Fig. 1 ADDIE Design cycle and implementation process (Branch, 2009; Karamustafaoglu & Pektas,
2023)
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the classification performance of the system on 59 teacher candidates. This process
is discussed in detail in the following stages of the ADDIE design model.

3.1.1 Analysis

In the literature review, only one study was found to detect students’ misconcep-
tions using an Al algorithm instead of expert humans. The research conducted by
Demirezen et al. (2023) aims to detect students’ misconceptions about the concept
of atom with a machine instead of a human. Unsupervised learning was used in this
study, and two methods were proposed to classify students’ answers. These methods
are the transformers model and fastText algorithm, which are deep learning algo-
rithms. As a result of the study, misconceptions were distinguished with high accu-
racy between 0.97 and 1.00 with the method suggested by Demirezen et al. (2023).
Unlike this study in the literature, supervised learning was used in our study, which
was conducted on the concept of the greenhouse effect. Two field experts did the
data labelling. In this process, the data tagged by two experts were compared and the
compliance rate was evaluated with the Kappa statistic. The data of 402 teacher can-
didates out of 451 were labelled in the same classes by two experts. Therefore, the
Kappa value was calculated as 89.14. In addition, MLP, SVM, GB, RF, k-NN and
LR classifiers from ML algorithms were used in our study.

3.1.2 Design

The KDD process model, a prominent data mining approach, was employed in this
study, with a broader focus on KDD, CRISP-DM, and SEMMA data mining pro-
cesses. Many researchers and data mining experts prefer the comprehensive and
accurate nature of the KDD process model, making it a widely followed framework
in the field (Shafique & Qaiser, 2014). Therefore, the KDD process model was pre-
ferred at this stage (Fig. 2).

The KDD model, as described by Brachman and Anand (1994), operates in an
iterative and interactive manner, aiming to find valuable information within data.
It places emphasis on the high-level application of specific data mining methods
(Shafique & Qaiser, 2014). The emergence of KDD was driven by the need to ana-
lyze large volumes of data, marking a pivotal endeavor in discerning legitimate,
novel, potentially valuable, and ultimately comprehensible patterns within data, as
articulated by Fayyad et al. (1996).

Data mining techniques are informed by three primary academic disciplines. Ini-
tially, statistics offers rigorously defined methodologies for systematically elucidat-
ing relationships between variables. This encompasses classical approaches such
as data visualization, descriptive statistics, correlation analysis, frequency distribu-
tions, multivariate exploration techniques, as well as advanced linear and general-
ized linear models. Secondly, modern knowledge discovery techniques stem from
ML and AI. ML entails instructing computers to discern patterns within data, while
artificial neural networks simulate the human brain’s architecture, comprising inter-
connected processing elements collaborating to process information. Lastly, data-
base systems constitute the third field, allowing the storage, access, and retrieval of
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Fig.2 KDD process model and stages

large amounts of data, thereby providing the necessary support for the computing
and mining platform.

Data: The answers given to the misconception interview survey administered to
teacher candidates via the web form constitute the raw data of this study.

Data Selection: The raw data was checked and meaningless data recorded in the
web form (data not written for the greenhouse effect) were removed from the dataset
at this stage. Additionally, data not jointly labelled by two experts were removed
from this dataset.

Preprocessing: The Zemberek library, which allows morphological analysis for
Turkish texts, was used as a NLP library. The following procedures were applied to
provide data in plain text format as input parameters to data mining classification
algorithms: Converting the entire text to lowercase, removing punctuation marks in
the text, removing line spaces in the text, separating it into word markers, extracting
the roots of words by removing their suffixes, removing stop-word words, separating
them into sentence markers, extracting root length distributions, extracting sentence
length distributions on a word basis, subtracting word richness ratios, average root
length, average sentence length in words, subtracting the total number of punctu-
ation marks, subtracting the total number of stop-words used, and subtracting the
number of words written in all capital letters.

Transformation: Term Frequency-Inverse Document Frequency (TF-IDF),
bag-of-word vectors, word-sentence distributions and other attribute vectors of
each text, whose roots were extracted after pre-processing, were extracted, and
all vectors were normalized among themselves using the min-max normalization
method. After these operations are applied, the attributes obtained for each data
are as follows: Average sentence length, average word length, number of punc-
tuation marks, type-token ratio, number of stop-words, number of words written
in all capital letters, word length histogram vector (as letters), sentence length
histogram vector (as words), bag-of-words vector, and TF-IDF vector. Since the
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TurkishMorphology module of the Zemberek library could not perform the mor-
phological analysis of foreign words in obtaining the roots of the words in the
data, the roots of these words were taken as ‘UNK’.

Data Mining: After the features were obtained, 80% of the data was divided into
training data and the remaining 20% as test data. K-Folds Cross-Validation Tech-
nique was used to prevent over-fitting and selection bias problems in the selection
of training and test data and to prove that the success of the model is not random
depending on the selection of test data. Cross-validation is a model verification
technique that tests what result a study will achieve (Kohavi, 1995). The dataset is
divided into k different subsets in the K-Folds Cross-Validation technique. The (k-1)
part is used for training, and the remaining is used for testing. This process is per-
formed k times, and different test data are processed each time. In this way, the aver-
age success value is calculated by measuring the success of the model with different
test data k times.

Evaluation: This study seeks to objectively analyze the outcomes by employing
a range of evaluation metrics to assess the performance of the classification model.
Evaluation metrics afford us insights into the classification accuracy and precision
of the model. Specifically, four key metrics derived from the Confusion Matrix—
Accuracy, Recall, Precision, and F1-Score—are utilized for this purpose.

Accuracy measures the model’s correct classification rate and is calculated by the following equation:

Accuracy=(TN+TP)/(TP+ FP+TN+ FN)100

In binary classification, True Positives (TP) signify the count of correctly predicted positive samples,
whereas True Negatives (TN) denote the count of correctly predicted negative samples. False Posi-
tives (FP) indicate the instances falsely predicted as positive, and False Negatives (FN) represent
the instances falsely predicted as negative. Accuracy is used as a metric to evaluate overall model
performance.

Recall measures how many true positives we detect and is calculated by the following equation:

Recall=TP/(TP + FN)

Recall indicates how well the model can accurately capture positive classes and represents precision.

Precision measures how many of the samples predicted as positive are actually positive and is calcu-
lated by the following equation:

Precision=TP/(TP+ FP)

F1-Score provides a balanced combination of Recall and Precision metrics and is calculated by the
following equation:

F1 Score=(2(RecallxPrecision))/(Recall + Precision)

These metrics play a critical role in helping us evaluate the model’s performance,
identifying potential weaknesses of the model and areas that need improvement.

3.1.3 Development

First, a dataset of 300 data was created in the study by selecting the data that
two experts labelled in the same class. As a result of the ML applications, it was
observed that the accuracy value was below 80% for each classifier. Therefore,
102 more teacher candidates participated, and a dataset of 402 data was created.
It was observed that as the number of datasets increased, the accuracy value
increased above 80%.
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3.1.4 Implementation

At this stage, an interface in exe format was created. Using this interface, it was
tested with 59 teacher candidates whether there was a significant difference between
the AI algorithm and the expert assessment, which is the third sub-problem of the
study.

3.1.5 Evaluation

The Kappa (k) statistic was used at this stage to determine the reliability between the
raters with 59 teacher candidates. The « statistic, commonly employed for assessing
inter-rater reliability, was proposed by Cohen in 1960. Initially designed to meas-
ure the level of agreement between two raters scoring at the classification level, the
K statistic was developed to address situations with only two raters (Cohen, 1960).
Later, Fleiss extended the x statistic in 1971 to make it applicable for assessing
agreement among more than two raters (Fleiss, 1971). The « statistic is based on
some basic assumptions (Crawforth, 2001). These assumptions were expressed by
Brennen and Prediger (1981) as the objects or individuals categorized in the scoring
process, the raters’ ratings and the categories used in scoring are independent. One
notable advantage of the « statistic is its simplicity in calculation and straightfor-
ward interpretation. Another significant and paramount advantage is that it incorpo-
rates a correction for expected agreement by chance. This correction adds a valuable
aspect to the « statistic, making it a robust measure of agreement that accounts for
chance agreement in the assessments. In interpreting the x statistics, the fit levels
suggested by Landis and Koch (1977a, 1977b) in Table 1 are used.

4 Data collection tools and analysis of data

4.1 Data collection tools

The Word Association Test (WAT) was employed to elucidate the cognitive
structures of science teacher candidates concerning the greenhouse effect con-

cept. The selection of the key-concept was determined through consultation
with two academic experts in the science field. During the WAT application,

Table 1 Value ranges for interpreting the Kappa statistic

Strength of Agreement (k)
Almost Perfect (0.81-1.00)
Substantial (0.61-0.80)
Moderate (0.41-0.60)

Fair (0.21-0.40)

Slight (0.00-0.20)

Poor (<0.00)
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teacher candidates were tasked with jotting down the first five words that came
to mind regarding the greenhouse effect concept. The rationale behind listing
the key-concept separately was to mitigate the risk of chained responses and
to prevent participants from fixating on words prompted by previously written
answers rather than the key-concept itself (Bahar & Ozatli, 2003). In addition,
creating a sentence about the key-concept after word association makes it easier
to determine the nature of the relationship established between the key-concept
and the answers given to them (Gunston, 1980). Teacher candidates were given
40 seconds for the concept of the greenhouse effect. It is seen in the literature
that the time given varies depending on the repetition of the key-concept. If the
key-concept is repeated five times, this time is determined as 20 seconds in the
studies on the subject, so students were given 20 seconds for the concept in this
study (Kurt & Ekici, 2013).

4.2 Analysis of data

Both the relationship of the sentences made by the science teacher candidates with
the concept of the greenhouse effect and whether they were scientifically correct
were examined in grouping the sentences containing scientific information. If the
sentences made by science teacher candidates were scientifically correct with all
their elements, they were put in the “Sentence containing scientific information”
category. If the teacher candidates made sentences that were non-scientific, used in
daily life, and had content related to their past experiences and traditions, they were
included in the “Unscientific and superficial sentences” category. Non-scientific sen-
tences in this category were not considered as misconceptions because the criterion
was taken into account that teacher candidates use the concept in contexts that do
not have scientific meaning used in daily life and language, rather than in any dif-
ferent or incorrect way. In other words, even if the sentences made are correct, they
may be sentences with no scientific meaning. If the science teacher candidates tried
to attribute scientific meanings to the key concepts in the given sentences but con-
fused these concepts with concepts with different and incorrect meanings, they were
included in the “Sentence containing misconceptions” category. What is important
here is to determine the key concepts of the teacher candidates and to reveal their
misconceptions about the greenhouse subject. This category determines the impor-
tance of the study more.

First, to measure the teacher candidates’ prior knowledge on the concept of the
greenhouse effect, they were asked to write Turkish words that evoke the concept of
the greenhouse effect in their minds and a sentence in Turkish about the greenhouse
effect and the information obtained from the students was recorded in a database.
Then, each data was examined by two experts and labelled in three categories. A
dataset of 402 data was created by selecting data that two experts labelled in the
same category. Statistical information regarding the dataset is given in Table 2.

Miles and Huberman (1994) include some questions that need to be asked regard-
ing internal validity, which is about the accuracy of the findings and results obtained
in the study: “Are the findings compatible with the previously created conceptual
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Table 2 Statistical information

Number of Percent-
about the dataset

Category of sentences

sentences  age value
(%)
Sentence containing scientific information 106 26.37
Unscientific and superficial sentences 121 30.10
Sentence containing misconception 175 43.53
Total 402 100

framework or theory?”, “Has this framework guided data collection?”. Ten Al stud-
ies conducted in the field of education in the last three years in the literature were
examined based on these questions in our study (Table 3).

Table 3 Accuracy percentages and average values for Al applications in the literature

Study Classifier Accuracy (%)
(Liu et al., 2022) KNN 539
Naive Bayes 66
Random Forest 72.9
CNN 68.5
RNN 67.9
Att-Bi-LSTM 70.9
BERT 77.8
BERT-CNN 78.7
(Wambsganss et al., 2022) BERT 54.12
(Huang et al., 2023) BERT 95.8
Bi-LSTM 91.5
BERT-Bi-LSTM 94.7
(Zou et al., 2021) BERT 83
Random Forest 56
(Nguyen & Diederich, 2023) Logistic Regression 59
Multinomial Naive Bayes 52
SVM 60
BERT 72
(Shin et al., 2023) Random Forest 86.7
(Demirezen et al., 2023) fastText for q1 88
fastText for q1 94
fastText for q1 97
(Demirezen et al., 2023) BERT-Base Fine Tuning (for question 1) 98
BERT-Base Fine Tuning (for question 2) 98
BERT-Base Fine Tuning (for question 3) 99
(Subheesh et al., 2022) Logistic Regression 70
(Rasheed & Wahid, 2021) Support Vector Machine 75.55
Decision Tree 45.55
Logistic Regression 73.33
Random Forest 73.33
KNN 67.77
Linear Discriminant Analysis 69.44
Naive Bayes 70.55
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Considering the accuracy of the 33 classifiers used in these studies, the accuracy
of our study is considerable.

5 Results

5.1 RQ#1.What are the misconceptions of teacher candidates
regarding the concept of the greenhouse effect?

Table 4 shows the frequency and percentage distribution of teacher candidates’ mis-
conceptions about the concept of the greenhouse effect.

When Table 4 was examined, it was seen that 175 teacher candidates had miscon-
ceptions. The most common misconception sentences were “The depletion of the
ozone layer causes harmful sunlight to enter our world” and “Acid rain and global
warming are factors that increase the greenhouse effect.”

5.2 RQ#2.Which Al algorithm is used to predict teacher candidates’
misconceptions and has the highest accuracy rate?

When Table 5 is examined, it is seen that MLP is the Al classifier with the high-

est validation value. It has been determined that the validation values of SVM,
GB and RF classifiers are equal. In addition, thanks to the Ensemble Model

Table 4 Sentences containing misconceptions and frequency percentage values

Sentences containing misconceptions f %

The depletion of the ozone layer causes harmful sunlight to enter our world 30 17,14

Acid rain and global warming are factors that increase the greenhouse effect 30 17,14

The greenhouse effect is an agricultural greenhouse activity. 27 16,00

It causes the planet’s temperature to increase and climates to change as a result of air pol- 26 14,86
lution.

The use of chemical drugs and hormones in agriculture and GMO production are green- 13 6,86
house effects.

The use of deodorant and spray triggers the greenhouse effect 10 5,71

Earth warming due to some irreversible rays 8 4,57

It is natural heating caused by gases in the atmosphere retaining heat from the sun. 8 4,57

Decrease in the amount of drinking water due to rapidly increasing temperature. 7 4,00

Our world gets even hotter thanks to the high heat retention properties of some greenhouse 6 3,43
gases.

Heating occurs as a result of excessive increase in carbon dioxide gas. 4 229

Plant production using solar energy in a closed area 2 1,14

Acid rain increases the greenhouse effect and global warming 2 1,14

The greenhouse effect is the harmful gases in the atmosphere passing into the soil and kill- 2 1,14
ing living things.

Total 175 100
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Table 5 Al classifiers and evaluation metrics

Al Classifier Class Recall Precision F1-Score Accuracy (%)

MLP CSI 0.72 0.9 0.8 86.42
Us 0.8421 0.667 0.7442
CM 0.973 0.973 0.973

SVM CSI 0.64 0.9412 0.7619 83.95
us 0.7894 0.7143 0.75
CM 1 0.8605 0.925

GB CSI 0.76 0.9048 0.8261 83.95
Us 0.7368 0.6364 0.6829
CM 0.9459 0.9211 0.9333

RF CSI 0.9 0.9474 0.9231 83.95
UsS 0.7097 0.88 0.7857
CM 0.9333 0.7568 0.8358

k-NN CSI 0.75 0.8824 0.8108 82.71
us 0.8065 0.8333 0.8197
CM 0.9 0.7941 0.8438

LR CSI 0.68 0.7727 0.7234 80.24
us 0.6316 0.6316 0.6316
CM 0.973 0.9 0.9351

Enhanced Ensemble CSI 0.9 0.9474 0.9231 88.90

Model US 0.8065 0.926 0.8621

CM 0.9667 0.8286 0.8923

CSI Sentence Containing Scientific Information, US Unscientific and Superficial Sentence, CM Sentence
Containing Misconception

Architecture enhanced by the researchers, the best accuracy rate was achieved by
combining the ML algorithms used (Accuracy =88.90%). A graphical representa-
tion of this finding is given in Graph 1. Confusion Matrix information about Al
classifiers is given in Appendix Figure 3.

A high accuracy value indicates that the model makes correct classifications
in general. However, in unbalanced datasets, accuracy can be misleading because
the performance of low-frequency classes may be underestimated. Therefore,
recall and precision values provide a deeper insight. A high recall indicates that
the model correctly identifies most positive examples. However, low recall means
that the model misses many positive samples, which is a major problem, espe-
cially when critical positive samples are important (e.g. disease diagnosis). A
high precision indicates that the majority of the model’s positive predictions are
correct. Low precision indicates that the model makes many false positive pre-
dictions, which can lead to false alarms. Especially in situations where precision
is important (e.g. spam filtering, medical diagnostic systems, credit card fraud
detection), low precision can cause annoyance to users. The F1-Score provides
a balance between precision and recall, making it possible to evaluate these two
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Graph 1 Graphical representation of Al classifiers and accuracy values

metrics together. The confusion matrix summarises the number of true and false
classifications into four categories (True Positive, False Positive, True Negative,
False Negative). Each cell in this matrix reveals in more detail how successful the
model is for a particular class. For example, a high False Positive rate indicates
that the model makes too many false positive predictions, which lowers the preci-
sion value. Similarly, a high False Negative rate indicates that the model missed
many positive examples, which negatively affects the recall value. Considering
Table 5, it is observed that all these metrics are evenly distributed in our study.

5.3 RQ#3.Is there a significant difference between the Al algorithm
and the human expert evaluation?

The study used x statistics to measure the agreement between Al and human
expert classification. Al and human expert cross table is given in Table 6.

Table 6 AI and human expert

cross-tabulation Statistics Count Expert Human Total
CSI us CM
Al CSI 14 2 1 17
us 1 14 2 17
M 3 0 22 25
Total 18 16 25 59
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Table7 Symmetric measurement results

Value Asymptotic Standard Approximate T Approximate
Error Significance
()
Measure of Agreement  0.767 071 8.275 0.000*
Kappa
N of Valid Cases 59
p<0.05*%

Symmetrical measurement results are given in Table 7. There appears to be a sig-
nificant difference between Al and human expert classification. Additionally, k was
calculated as 0.767.

6 Discussion and implications

When the findings obtained through WAT regarding the first sub-problem are exam-
ined, it is seen that the number of sentences containing misconceptions is 175.
When the sentences containing misconceptions (Table 4) were examined, it was
determined that the statements of the teacher candidates “The depletion of the ozone
layer causes harmful sunlight to enter our world” (f=30) and “Acid rain and global
warming are factors that increase the greenhouse effect” (f=30) caused the most
misconceptions. Similar misconceptions have been revealed in the literature in par-
allel with this finding (Boyes et al., 1993; Gautier et al., 2006). Another statement
that attracts attention is “The greenhouse effect is the agricultural greenhouse activ-
ity” (f=27). Another statement is “It causes the planet’s temperature to increase
and climates to change as a result of air pollution.” (f=26). There are studies in
the literature that support this finding (Boyes et al., 1993; Jeffries et al., 2001; Kil-
inc et al., 2008; Malandrakis et al., 2011; Osterlind, 2005). In a limited number of
studies conducted with teacher candidates, it was revealed that teacher candidates
had misconceptions about the greenhouse effect (Topsakal & Altindz, 2010), and it
is emphasized that this situation arises because the greenhouse effect is a complex
phenomenon (Kilinc et al., 2013; Osterlind, 2005; Shepardson et al., 2009; Shepard-
son et al., 2011).

Regarding the second sub-problem of the study, it was found that the Al algorithm
used to predict teacher candidates’ misconceptions was MLP (Accuracy =86.42%),
which had the highest accuracy rate. Upon reviewing the literature, it was deter-
mined that MLP represent an efficient algorithm for addressing supervised learn-
ing tasks (El Bouchefry & de Souza, 2020). MLPs enjoy widespread popularity and
are utilized more frequently than other neural network architectures across a diverse
range of problem domains (Park & Lek, 2016). It was found in the study that the
accuracy values of other Al classification tools were SVM (Accuracy =83.95%),
GB (Accuracy=383.95%), RF (Accuracy =83.95%), k-NN (Accuracy=82.71%) and
LR (Accuracy = 80.24%). Finally, it was observed that the accuracy rate increased
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to 88.90% with the Enhanced Ensemble Model Architecture, which incorporates all
ML algorithms. According to this model, since the results are obtained through the
voting method of all ML algorithms, the prediction results provided by the proposed
model can be more confidently validated than those from individually applied algo-
rithms. This finding is consistent with the findings of Alam et al. (2021).

According to the findings regarding the third sub-problem, the kappa (k) value
was examined to determine the significant difference between the Al algorithm and
the expert evaluation. According to Landis and Koch (1977a, 1977b), the strength of
fit (0.61 <x=0.767 <0.80) was found to be significant. Therefore, it was concluded
that there was a significant difference between the Al classifiers and human expert
classification (0.05>p=0.00) and a significant level of agreement was observed. A
similar finding was found by Goktepe Korpeoglu and Goktepe Yildiz (2023). As
a result, Al-supported tools and applications in education are used to improve the
quality of services provided to students and teachers (Suh & Ahn, 2022). It was seen
that the predictions of the developed Al model and human expert evaluations were
similar.

In consequence, the findings of the study have emerged as an important alter-
native in today’s pedagogical approach where the support of information technolo-
gies in the process of developing conceptual understanding through the detection
of conceptual misconceptions is becoming increasingly important. This is because
research on the application of artificial intelligence in various disciplines shows
promise in transforming and enhancing educational experiences, providing per-
sonalised, interactive and innovative learning opportunities (Jia et al., 2024). In the
process of detecting and eliminating misconceptions in educational research, it has
been clearly seen that the classification of the data set analysed by NLP with ML
algorithms will provide a significant advantage in terms of time management. In this
process, artificial intelligence plays a particularly important role in automating rou-
tine tasks (West et al., 2023). According to Bulug and Elmas (2024), after the teach-
ing is completed, the student can be subjected to algorithmic evaluations using arti-
ficial intelligence applications to identify deficiencies. Thus, the individual learning
process of the student is structured in a unique way (Wardat et al., 2023). Artificial
intelligence can analyse whether the student needs additional education and make
suggestions to the teacher (Cooper, 2023).

6.1 Conclusion

In this study, misconceptions among teacher candidates regarding the greenhouse
effect have been identified. These findings were determined through qualitative
analyses conducted by both human experts and Al. Moreover, it was concluded that
there is a promising level of agreement between the classifications made by Al clas-
sifiers and human experts, indicating significant accuracy/consistency. Therefore,
our study has reached the conclusion that qualitative analyses can also be performed
with Al classifiers. These results point to a promising future for NLP applications
in education. This study has demonstrated the feasibility of using supervised Al to
classify conceptual change. Evaluating qualitative data obtained from open-ended
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questions through AI offers significant advantages in terms of quality and time.
Thus, this notion provides innovative opportunities for qualitative analyses.

This study presents new findings in Turkey by using AI methods to analyze
teacher candidates’ misconceptions about greenhouse effect. It is anticipated that the
ability to predict misconceptions using Al algorithms will bring a different dimen-
sion to both the research and education communities. The limited existing studies in
the literature and the findings of this research indicate that the NLP method provides
successful and reliable results. This study serves as an example demonstrating that it
is possible to predict teacher candidates’ conceptual understandings using Al.

6.2 Limitations and future work

In the context of Al applications in education, the potential bias is associated with
the reliability of the Al results. This study can address this bias through a compari-
son between human experts and Al, along with kappa (x) value results. Addition-
ally, supervised learning, which involves two domain experts labelling the data,
enhances the reliability of the results obtained from AI. Another approach to miti-
gate potential bias in Al applications is the implementation of Ensemble models,
which increase the reliability of the study. This study focuses on Al applications in
education. In this context, the applicability of the study is limited to the concept of
greenhouse effect and science teacher candidates. Furthermore, when examining the
research findings, the main reason for the accuracy values detected by Al algorithms
being lower than the predicted value is thought to be due to the small number of
words in the sentences written by teacher candidates, which prevents the Al models
from fully learning from the dataset. This result constitutes a limitation of the study.
However, this insight may provide an advantage for researchers preparing to work
on similar topics. In order to achieve a more consistent result in the dataset to be
created, it would be advisable to increase the number of words in each line and to
include longer sentences in the dataset.

This study, limited to qualitative data related to the greenhouse effect concept,
aims to detect misconceptions using Al. Therefore, Al applications can be preferred
for research topics such as conceptual change, misconceptions, perceptions of a situ-
ation, and awareness in various disciplines. In this regard, the study will lead other
researchers in creating innovative opportunities for qualitative data analysis. Addi-
tionally, this study may shed light on future studies aimed at identifying different
misconceptions about science subjects. Designed to support teachers, Al can assess
whether particular students need additional instruction on a particular subject using
criteria such as how much time students spend on an activity, the number of correct
answers, and the number of attempts.
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Appendix
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Fig. 3 Confusion matrix information of the Al classifiers
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