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Abstract — The incorporation of artificial intelligence (Al) into educational settings is the primary force behind the
revolutionary change occurring in the educational scene of the twenty-first century. This new way of thinking, called Al
Education, has the potential to reshape the conventional wisdom that has long defined educational systems around the
globe. The capacity of Al to automate administrative processes, give profound insights into student learning behaviours
and needs, and create tailored learning experiences is fundamental to this revolution. In order to fully take advantage of
Al technologies, educators, legislators, and engineers must successfully negotiate the many opportunities and threats that
these technologies present. The article delves into the effects of Al on the field of education, drawing attention to the
change from a cookie-cutter approach to instruction to one that is more personalized and flexible. New educational tools
and platforms powered by Al are changing the game when it comes to information delivery and consumption. Alcan
analyse a student's past interactions and performance using adaptive learning technology to personalize educational
content to their unique learning style and pace. Not only does this method increase involvement, but it also improves
understanding and memory retention. In addition, with the help of Al-driven analytics, teachers can see their students'
strengths and weaknesses like never before, which allows them to help those students when needed it the most.

Keywords—Convolutional Neural Networks (CNN), Educational Methodologies, Generative Adversarial Networks
(GANSs).

I. INTRODUCTION

There has to be a sea change in engineering education if the proposed approach wants graduates to be ready to
handle the challenges of living in a world where change is happening at a dizzying pace in this period of technological
explosion. The never-ending quest to find effective and economical methods of teaching today's millennial students is a
major problem for engineering education researchers. The incorporation of digital resources into the classroom by certain
schools has paved the way for a hybrid approach to education that blends conventional classroom methods with mobile
learning; this has been a boon to students' academic development. Although digital technologies may soon be an integral
part of engineering curricula, their development in this area has been underwhelming so far. In most circumstances,
students’ knowledge retention and application are best enhanced in classrooms that actively encourage student
participation with course topics[1]. New studies in engineering education show that active learning approaches improve
retention rates compared to traditional lecture methods. Consequently, educators will feel more driven to incorporate
student engagement into their class preparations. This system provides evidence-based suggestions for teachers interested
in implementing the flipped classroom paradigm. After analyzing the existing literature and drawing on their own case
study for practical insights, the writers offered their recommendations. Taking this vantage point, educational institutions
face a formidable challenge: they must reevaluate their instructional strategies to link the cultivation of scientific and
technological competence with the advancement of imaginative capacity[2]. This challenge calls for innovative
educational technology and methods, as well as new types of interdisciplinary teaching activities, to be implemented by a
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worldwide learning effort. Cooperative learning, project-based learning, and problem-based learning are all examples of
what are known as active methods, which allow students to take an active role in their own education. Learning
experiences that are both engaging and challenging can be fostered via the use of these approaches, and students can
emerge from them equipped to think critically and creatively about the world around them. Through project-based
learning, students are motivated to build and use their own knowledge. The objective is to create a final product in
response to an initial topic or challenge. Creating the goods may cause new, more specific problems to emerge that are
why, to put their own plans for instruction that is problem-based, prioritizes the growth of abilities, and ability to
overcome obstacles[3]. The two methods share the great methodological comprehensive model of group study that has,
throughout the years, any type of lesson in which a group of pupils accomplish a shared goal or situation a strategy
wherein the success of the group as a whole is the only criterion for individual student success. Because these methods
need a reevaluation of classroom design, time management strategies, and evaluation instruments, they force a change in
the role and professional development of teachers. We has established supplementary objectives on cross-functional
abilities, in addition to the previously mentioned formative objectives[4]. So, it's imperative that students work on their
analytical and synthesis abilities, as well as their problem-solving, organization, information-management, verbal and
written communication, and drive for greatness and advancement. We expect students to reap the following benefits from
this teaching-learning model: increased intrinsic motivation and capacity for knowledge acquisition; improved
understanding of course concepts; a higher overall level of knowledge; and greater intellectual satisfaction. Additionally,
we believe that students will learn to learn for the sake of learning rather than just to pass an exam.

Il. LITERATURE SURVEY

Evaluations of educational outcomes used to be mostly based on time-honored methods, such as standardized
tests, student participation in class, and crude performance tracking tools [5]. These linear models offer some helpful
insights, but they fail miserably at navigating the intricate network of variables impacting individuals' academic
achievement, such as their individual histories, talents, learning styles, and environmental influences. The inherently
homogeneous nature of traditional evaluation tools makes them ill-suited for accurately predicting students' academic
performance [6]. Various Machine Learning (ML) models have been tested in educational environments, and each one
offers unique advantages. Particularly pertinent to processing massive volumes of student data is the research that
demonstrated the effectiveness of Support Vector Machines (SVM) in handling high-dimensional areas [7]. However,
studies like [8]lauded Random Forest (RF) for its feature-importance-revealing capabilities, which allowed researchers to
identify the factors that had a substantial influence on students' performance. While Neural Networks (NNs) excel at
gathering non-linear connections, they aren't exactly easy to understand, as the proposed system can see in [9]. This is
because their sensitivity too much nuanced data exchanges are what make them so special. RF and tree-bagging are
prominent ML approaches for academic performance prediction, according to [10]. When paired with generic bagging,
any learning algorithm can succeed. To reduce correlation, RF stretches each tree to its maximum with few observations
per leaf. RF's capacity to be easily connected with psychometric models like the Rasch model is crucial for educational
research, according to [11]. NNs, one of the most adaptable ML techniques, have recently performed well on tensor data
including photos, movies, and audio. RFs typically outperform tabular data and require less modeler tinkering. However
[12], NN models operate well with sequential data and automated essay grading. [13] explore data mining techniques that
consider both academic and non-academic elements of a learner's experience when evaluating their performance. This
study applies and explains classification algorithms such as Decision Trees (DT), SVM, and Naive Bayes(NB). The
major objective of engineering education, according to [14], is the creation of practical domain-specific applications
through multidisciplinary growth. This study examines the course selection process for private university students using
K-Nearest Neighbors (K-NN), SVM, and Radial Basis Kernel (RBK). When a student's performance is out of the
ordinary, academic support environment systems can notify them and provide them with personalized feedback [15].
Logistic Regression (LR), DT, and RF are some of the ML techniques used to uncover potentially vulnerable students. A
SVM-trained binary classifier was given a threshold value to identify first-semester college students who might be
vulnerable[16]. Students' understanding of formative assessment results, when compared to data gathered in class, can be
used to measure their development. Research conducted by [17] employed a data mining approach that is often used
across industries to predict and understand student attrition. An impressive 80.8% of students were correctly classified
before their second year using the study's retention prediction model. This study proved that several classification
algorithms, such as NN, DT (particularly the C5 method), SVM, and LR, have their own unique uses. Ensembles such as
boosted trees, information fusion, and RF were used to compare the results [18]. Boosted trees differ from RF in that they
use the residuals of previous trees to create new trees in the ensemble. Information fusion combines multiple predictors,
and RF is an ensemble of multiple decision trees with randomly selected sizes and variables. Understanding what
influences students to stay in school and graduate can lead to more targeted advising, more effective planning, and the
creation of retention programs tailored to students' individual requirements [19]. In recent times, student data has been
analyzed using ML approaches such as NNs and SVM. This is in line with the goal of enhancing data processing for the
benefit of information [20]. The research aims to evaluate how translation education could benefit from Artificial
Intelligence (Al)-assisted app development and training, guided by this theoretical framework. In an effort to fill a gap in
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our understanding and address the limitations of current methods, this study aims to investigate how Al-assisted
methodologies impact students' intrinsic motivation, reflective practices, academic achievement, and the caliber of their
written translations.

I1l. METHODOLOGY

The essay delves into the changing function of Al in classrooms, highlighting the revolutionary changes it has
brought about in the ways students learn and teachers present information. It explores the ways in which Al technologies,
including ChatGPT and other machine learning algorithms, remodel classroom instruction. It focusses mainly with two
areas: first, how students use new tools to their advantage in the classroom, and second, how educators might incorporate
them into their own educational practices.

A. Preprocessing

In data mining, preprocessing is crucial. During data preparation, the main objective is to ensure that the raw data is
ready to be used using data mining techniques. The data saved in educational databases often encounter issues that
impact data quality as a result of their massive size. Improving data quality requires data cleaning procedures for
handling outliers, missing values, and inconsistent or inconsistently formatted data. Preprocessing data raises its quality,
which in turn enhances mining outcomes. This section provides an overview of the fundamental data preprocessing
techniques, including data cleaning, which can be used to eliminate noise and deal with missing values. Data integration
is the process of bringing together and storing information from several sources into a single repository. The purpose of
data reduction is to decrease the size of the dataset by eliminating superfluous or unimportant elements. On the other
hand, data transformation can be used to reduce the data range[21]. The following operations are carried out during
preprocessing to improve the prediction model's performance and accuracy. Depending on the dataset, any or all of the
aforementioned processes may not be necessary.
1) Data Cleaning:

It is necessary to clean the stored data because it often has issues including missing data, noise, and
inconsistencies. Data cleaning is the process of attempting to eliminate noise, find outliers, and fill in missing
numbers.Filling in missing values in numerical attributes with the mean, median, or mode of the attribute, and filling in
missing values in non-numerical attributes with the mode (most occurs) value of the attribute are all ways to fix
incomplete data that is caused by missing data. One way to eliminate a tuple is when the target label is missing or when
there are many missing values in the tuple.

2) Data Integration:

In order to do data analysis, it is necessary to combine data from several sources, such as different databases and
files. Identical variables may have distinct names in various datasets. Data duplication, or data redundancy, occurs after
data sources are combined. Redundant data occurs when two or more attributes in a dataset have the same value.
Inconsistent data resulting from multiple databases using various measurement units for the same attribute is another
issue that data integration causes.

B. Feature Selection:

1) Correlation Based Feature Subset Selection:

CFS is a filter mechanism that relies on correlations. A high score is bestowed upon subsets whose properties
exhibit low correlation with one another and strong association with the class trait. With z attributes in G, we can model
the correlation between the attributes and the class attribute using rcf, and we can model the intercorrelation between
attributes using rf f.

merit G = zrcf/sqrt (z + z(z — Drff) ¢H)]

2) Gain Ratio Attribute Evaluator:
The Gain Ratio Attribute Evaluator is a straightforward method for ranking individual attributes[22]. Assigning
a score to each attribute in this method is done by dividing the entropy of the attribute by its class conditional entropy.
Gain E(class, Attribute) = (I (Class) — I(ClassIAttribute))/l (Attribute) (2)

Predicting which groups data instances belong to is the goal of the data mining task known as classification. The purpose
of this study is to examine the relationship between the graduate student's class and their performance using classification
approaches.
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C. Model Training

1) CNN:

When it comes to processing input photos of varying sizes, convolutional neural networks (CNNs) with
parameter sharing provide clear benefits when it comes to feature extraction from images. Using a convolution kernel
with common parameters might simplify the model and improve efficiency compared to traditional fully connected
neural networks. Using consistent parameters over the entire image field also gets beyond the problem of localized
specificity, which means that hidden rules that apply to each spot can be found. As it trains, the model improves its
spatial generalizability by learning spatial relationships and dynamically adjusting the parameters of the convolution
kernel. However, not all model inputs may be suitable for the convolution procedure[23]. Within a specific region, data
on air temperature, cloud cover, and wind speed tend to have rather constant geographical distributions; as a result, these
variables are typically only monitored for their temporal fluctuations and not their spatial distributions. On the other
hand, when dealing with complicated input variables that have different data distributions, this approach shows much
better accuracy. One of the many benefits of this approach is automated feature extraction, which is made possible by
CNN and their capacity to automatically detect important elements in data without any human involvement. By making
use of commonly used parameters across the whole network, parameter sharing simplifies calculation. By utilizing
pooling layers, CNNs are able to identify significant patterns in data that is subject to change, using local features as its
basis. Since CNNs are structurally adaptable by design, they also perform admirably when it comes to processing large-
dimensional images and identifying complex patterns. In addition, CNNs are adaptable to a wide range of inputs,
including images with different sizes and dimensions, which makes them useful for a multitude of situations.

2) Reinforcement Learning:

The field of behavioral psychology has used the term reinforcement learning to characterize certain types of
behavior learning in both humans and animals[24]. The main characteristic of these models is that they depict behavior
learning as an iterative process of trial and error that culminates in the creation of an action map that specifies the correct
action to do in each unique situation that the agent encounters.RL is essential in scenarios where agents, like humans, are
faced with the challenge of making decisions based on incomplete and uncertain knowledge. The reasons behind this
could be attributed to a lack of prior knowledge about the agent's world, the complexity of both the agent and their
environment, which makes it difficult to analyze their behavior in detail, or the fact that both the agent and their
environment undergo significant changes over time.

3) GAN:

In recent times, GANSs have proven to be very effective in creating photorealistic photos. Significant challenges
in GAN training include mode collapse, non-convergence, and instability, which can be caused by improper network
architecture, goal function, and optimization method selection. Numerous approaches, re-engineered network topologies,
and novel objective functions have been explored by researchers seeking to enhance GAN optimization and design. Our
updated taxonomy for GAN optimization and design methodologies is presented in this survey; it should result in more
uniform problem-solving. This work surveys and categorizes possible alternatives to GAN optimization and design. Due
to their ability to provide precise sampling and estimation, generated artificial neural networks (GANS) constitute an
expressive form of generative models[25]. The difficulty in officially representing high-dimensional distributions using
data, visuals, and sounds leads GANSs to learn them implicitly. One example of a neural network architecture is a basic
GAN, which can fight for the distribution of real data. In zero-sum games, neural networks optimize competing goal
functions to reach global Nash equilibrium. The network topology, the goal function, and the optimization method are the
three mainstays of GAN design and optimization.

4) Neural Network:

A neural network is composed of interconnected layers. Between the first layer of inputs and the last layer of
outputs is an acyclic graph with nodes and edges that are weighted. A plethora of hidden layers can be sandwiched
between the input and output layers. Pretty much all prediction tasks can be handled with just one or two hidden layers.
Contrarily, recent studies have shown that multi-layered deep neural networks (DNN) do very well on complex tasks
such as image or speech recognition. The next layers allow for the modeling of ever-detailed semantic levels. The
connection between inputs and outputs is taught to a neural network by training with input data. Through the use of
weighted edges, each node in one layer is connected to every node in the layer below it. Third, we calculate a value for
each node in the hidden layers and the output layer to get the network's output for any input. It takes the weights and
sums of all the nodes' values from the previous layer to get the value. An activation function is then applied to the
computed weighted total.
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5) MLP:

With weights connecting each node, a network is formed at each layer. While training a model, the algorithm
adjusts the weights of the network in order to make better classifications. When training a model, it is necessary to do
both forward and backward passes. During a forward pass, data moves from an input layer to an output layer of a
network. The weight values are determined during the algorithm's backward pass by computing the partial derivatives of
the cost function with respect to the weights. Despite its apparent lack of complexity, MLP is an effective classification
model. As training progresses, each forward pass calculates the node values of successive layers, starting with the input
layer. The quantity of input characteristics is proportional to the number of nodes in the input layer. Each feature is
entered into a node in the first hidden layer. The following stage is to use a non-linear function such as sigmoid, tanh, or
RelLu to mass-based convert the input data together with a bias component. Afterwards, this process is repeated to
compute the output layer nodes. A set of affine transformations plus the addition of nonlinearities is all that is required to
build an MLP.

6) RNN:

A deep learning model known as a recurrent neural network may generate and assess data in a sequential
fashion. This architecture makes processing data and voice a snap, since the depth of the neural network adjusts to the
length of the incoming data[26]. The gradient vanishing problem is a prevalent issue with recurrent neural networks. Due
to its difficulty, RNN training has seen little use in academia. Problems with gradients have been reduced by the use of
optimization models. Researchers mostly study RNNs in the contexts of text recognition and language modelling.

7) LR:

In statistics, linear regression is a tool for modelling the connection between M, an independent variable or
variables, and u, a dependent explanatory variable that is scalar in nature. If your model has just one independent
variable, can apply simple linear regression. When more than one explanatory variable is present, the approach is
described by multiple linear regression. The prediction of several dependent variables that are correlated with each other
is known as multivariate, in contrast to this, which is a single scalar variable. In linear regression, data is modelled using
linear predictor functions in order to estimate unknown model parameters. The term linear model describes this type of
model. In the third and most common type of linear regression model, the conditional mean is a function of the affine
function M. In linear regression, one model expresses the median or other quantile of the conditional distribution of u
given M as a function of M.

IV. RESULTS AND DISCUSSION

In terms of our interpersonal relationships, Al has the potential to revolutionize every facet of our lives. New
learning and teaching solutions are currently being tested in various contexts as a result of Al's involvement in the
education sector. This working paper aims to help education authorities prepare for the potential impact of artificial
intelligence on the education sector by predicting how far the technology will go. As part of the various approaches to
achieve the Sustainable Development Goal of providing equitable and high-quality education for all, this paper compiles
examples of the use of Al in education around the world, with a focus on developing nations. To begin, this article
examines the potential of Al to enhance learning outcomes by providing concrete examples of how Al technology might
assist developing-world education systems in making better use of data to increase educational equity and quality. After
that, the article delves into the various ways that schools and governments are reevaluating their curricula to better
prepare students for the ubiquitous Al that will soon be a part of everyone's daily lives.

Actual Label

1
Predicted Label

Fig. 1. Confusion Matrix for Proposed Methods

http://jier.org 3178



Journal of Informatics Education and Research
ISSN: 1526-4726
Vol 4 Issue 3 (2024)

The performance of a classification model over three classes can be evaluated using a 3x3 confusion matrix, as shown in
Figure 1. The diagonal elements (e.g., 320, 310, 320) show the cases for each class that were accurately predicted,
demonstrating that the model is quite accurate. Elements that are not on the diagonal (such as 10, 5, and 7) reveal
misclassifications, in which the expected and actual labels are different. Areas with high classification accuracy are
visually highlighted by color-coding the matrix. Trends in prediction performance and improvement areas for various
classes can be better understood with the help of this depiction.

TABLE I. PERFORMANCE PREDICTION(%)
Model Accuracy Precision ROC Recall Sensitivity
RL 87.54 86.35 95.59 88.35 89.05
CNN 86.19 85.43 96.23 92.34 91.90
MLP 90.42 89.54 90.58 90.58 93.40
GAN 93.21 92.76 97.48 90.58 95.34
NN 95.34 94.32 97.86 90.58 96.45
LR 92.09 91.29 96.80 90.58 94.76
RNN 89.69 88.09 95.23 90.58 92.07

With measures like Accuracy, Precision, ROC, Recall, and Sensitivity, the first table shows how different
models (RL, CNN, MLP, GAN, NN, LR, RNN) performed within the framework of instructional techniques is shown in
Table 1. The accuracy of the models' predictions of educational outcomes, including student performance or
individualized recommendations, is evaluated using these criteria.For jobs that demand extreme precision and resilience,

NN is the way to go because it outperforms the competition across the board and has the best accuracy (95.34%) and
sensitivity (96.45%).

Accuracy Comparison

RL

RNN CNN

LR MLP

NN GAN

Fig. 2. Accuracy Comparison of Proposed Models

A comparison of the accuracy of different machine learning models is shown in figure 2, which is a radar chart: MLP,
GAN, NN, LR, RNN, RL and CNN are all networks. The plotted performance values for each model range from 82% to
96%. Among the models tested, RL shows the most promising accuracy at 96%. Accuracy differences are highlighted in
the chart. All of the models' performance trends are graphically shown by the blue polygon.

94
RL CNN MLP GAN NN LR RNN

Proposed Models

22

[0}
o

Percenatage(%)
0 ® ® ®
N A ®

-]
o

F-Score M Recall Precision

Fig. 3. Performance Comparison of Various Models
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In the context of educational approaches, Fig. 3 compares the performance of various models, including RL, CNN, MLP,
GAN, NN, LR, and RNN. The shown metrics, which assess the efficacy of these models in activities like educational
content classification, individualized learning strategies, and student success prediction, are F-Score, Recall, and
Precision. The highest recall seems to be achieved by neural networks (NN), suggesting that they are capable of
effectively identifying important occurrences. In contrast to the lower overall precision shown by the RL and RNN
models, the GAN model exhibits balanced performance across all three measures. These findings help academics and
teachers choose the most effective computational strategies to improve student performance in the classroom.

0.9 4 —— Training loss
—— Validation loss

0.8 1

0.7 1

Loss

0.5

0.4 1

0 10 20 30 40 50
Iterations

Fig. 4. Training and Validation Loss of the Models

Throughout 50 iterations, Fig. 4 shows the patterns in loss for the training and validation operations of a machine
learning model. Training loss is depicted by the red line and validation loss by the gray line; shaded regions denote
variability or confidence intervals. The significance of tracking training and validation metrics to assess a model's
efficacy, as well as ideas like overfitting and underfitting, could be illustrated using this graph in an educational context.
Problems in optimizing and tuning the model may arise due to the unpredictable character of the losses. This is helpful
for introducing students to machine learning principles, such as generalization and iterative improvement.

1.0

0.8 1

0.6

0.4 4

True Positive Rate (TPR)

0.2

0.0 I~ —— NN(proposed)

0.0 0.2 0:4 0:6 0.8 1.0
False Positive Rate (FPR)

Fig. 5. ROC Curve for Neural Network Model

http://jier.org 3180



Journal of Informatics Education and Research
ISSN: 1526-4726
Vol 4 Issue 3 (2024)

Figure 5 displays a comparison of the performance of a neural network (NN) model using the Receiver Operating
Characteristic (ROC) curve. The NN's capacity to get a high TPR while maintaining a low FPR is seen by the blue curve.

Training and Validation Accuracy

—— Training accuracy
1.0 4 —— Validation accuracy
0.9 A 4 /\
O 0.8
©
[
3
. J
< 0.7 - }
0.6
0.5 1
0 10 20 30 40 50
lterations

Fig. 6. Training and Validation Accuracy of the Models

The model's ability to learn and generalize is demonstrated in Fig. 6, which demonstrates training and validation accuracy
over 50 iterations. The red line representing training accuracy shows that there is uneven learning on familiar material, as
it varies. Similar variation in the validation accuracy (gray line) indicates difficulties in applying knowledge to unknown
data. In order to attain more steady and consistent performance, it is necessary to refine the learning process, as the
irregular patterns demonstrate.

V. CONCLUSION AND FUTURE DIRECTIONS

In a personalized learning setting, this academic study investigates how Al might facilitate curriculum
development and lead to better learning results for students. It examines the efficacy of personalized learning solutions
that use education Al to create courses for each student. Additional factors that influence the use and effectiveness of Al
in learning, such as familiarity with Al, position in learning, and years of experience, are also investigated in this
research. Therefore, this study aims to assess the efficacy of Al within the curriculum and to investigate the present state
of Al implementation in the learning and teaching setting from the perspectives of educators, students, and educational
administrators. Through an examination of these connections, the research aims to provide evidence of Al's usefulness in
improving learning processes and obstacles to their implementation.An NN model was used for training. At its peak, the
suggested model achieves an accuracy of 95.35 percent.
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