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ABSTRACT:

Artificial Intelligence (Al) self-efficacy is an essential component
in the transformation of education, especially in improving the
learning outcomes among students, as Al can do. Nevertheless,
existing systems usually do not offer individualized learning
opportunities, which restricts the potential of students. The
proposed study will present a Position Attention -based Long
Short-Term Memory (PA-LSTM) model, which identifies the
level of Al self-efficacy in students based on the processing of
real-time interaction information. The model is a combination of
temporal modeling and position-based attention, which
considers both behavioral and contextual aspects of interactions
between students and Al Such data preprocessing methods as
cleaning, normalization, and text tokenization guarantee the
provision of reliable and stable input to the model. The
extraction of the features incorporates the student prompts and
behavioral indicators including response time, edits and self-
efficacy ratings. The proposed model has always shown better
performance, with the accuracy of 97.5% to 99.5%. These
findings underscore the strength of the model to give
individualized feedbacks and effectively categorize learning
outcomes, therefore, improving Al self-efficacy building in
classrooms.

Keywords: Real-Time Data, Position Attention Mechanism, Long
Short-Term Memory, Personalized Learning
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1. Introduction

Al has quickly swept through various industries,
such as education, healthcare, and business,
making it possible to automate, offer personal
experiences, and solve problems on a new level
[1]. In the educational setting, students should
not simply be knowledgeable of theoretical
concepts of Al, but should also learn to work
with the systems of AL One of the most
important competencies in this respect is the Al
self-efficacy or the belief in the ability to use Al
tools to attain the desired outcomes [2]. By
increasing the capacity of students to become
effective prompts, they can use Al products to
their advantage, engage more, and enhance their
knowledge and practical skills of Al, finally
increasing  their learning outcomes and
confidence [3].

There are a number of constraints on the
development of Al self-efficacy among learners.
First, Al systems can be confusing and
complicated, and beginners will be scared and
unable to experiment [4]. Second, traditional
instructional patterns tend to be homogeneous in
terms of teaching approaches and do not take
into consideration the differences in cognitive
styles, the level of previous knowledge, or
engagement [5]. Third, students do not have
access to prompt, personal feedback on their
immediate engineering attempts and may make
the same errors repeatedly, and lose motivation.
All these collectively lower the confidence of the
learners and slow the process of learning skills,
thus, there is need to implement adaptive,
responsive interventions which reshape the
learning tasks and instructions in real time in line
with the capabilities and progression of each
student [0].

Some techniques have been suggested to enhance
Al learning and elicit engineering skills. Classical
workshops and tutorials are structured, and they
offer little customization [7]. Adaptive guidance
systems are combined with Intelligent Tutoring
Systems (ITS) and reinforcement learning-based
interfaces, while student progress is tracked using
predictive analytics based on Machine Learning
(ML) models, such as Support Vector Machines

(SVM), Random Forests (RF), and Decision
Trees (DT) [8]. Also, the strategies ignore
semantic richness of student prompts and thus, it
is hard to effectively measure skill development
expressively. Moreover, the majority of the
systems provide fixed feedback, which cannot
adjust to the changing needs of the student in real
time, thus not providing enough motivation and
encouragement in the learning process [9].

An innovative framework suggested in the
proposed research solves the shortcomings of the
current systems. This framework can enable the
improved classification of Al self-efficacy by
combining semantic analysis with a PA-LSTM
network, processing sequential interaction, and
semantic depth of student prompts. The PA-
LSTM model can provide real-time and
personalized feedback with dynamic suggestions
of personalized prompts and hints according to
individual progress. The originality of the
research is that it combines semantic
understanding with temporal modeling and
position-based attention, which seems to be a
more receptive and context-sensitive way of
developing Al self-efficacy.

2. Literature Survey

Within recent years, the problem of Al being
introduced into the education sphere has been
discussed in the context of several disciplines that
have aimed at improving student engagement,
learning experience, and self-efficacy. Research
on Occupational Health and Safety (OHS)
education has emphasized the need to equip
engineering students to handle safety standards
well. As opposed to conventional methods of
educating such as textbooks, which may not be
enough to respond to short-term and specific
questions, Al chatbots have proven to be
interactive tools that can now give real-time
responses. A quasi-experimental study that
compared the custom chatbot with the traditional
methods had better learning performance, self-
efficacy, and technology acceptance [10].

Nevertheless, inquiry-based learning, which was
acclaimed as the method that facilitates deeper
understanding, usually encounters problems
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caused by the lack of curiosity and self-efficacy of
students. To address this, the Automated Inquiry
Prompt System (AIPS) was brought into being,
combining ChatGPT with vision technology. The
system keeps track of students’ actions
automatically and gives them prompts that are
contextually appropriate, thus activating students'

imagination, reasoning, and involvement [11].

In yet another study, the huge potential of
Language Models (LLMs) to help the teaching of
programming in Grade 7 was investigated. After
six weeks of teaching via LLM, the control group
of 103 students had a significant increase in
programming performance, cognitive interest,
and self-efficacy. The researchers also highlighted
the importance of human—machine interaction
and self-directed learning in real-time, which
generated exploratory  behaviors. It was
concluded that LLLMs can give rise to competence
and autonomy in digital learning environments
[12].

With the development of Al technology,
personalization gains a greater role in education,
particularly in knowledge areas such as
engineering. There was evidence that multimodal
methods combined with the use of Game-Based
Learning Environments (GBLEs) can be used to
produce customized learning experiences. Self-
Regulated Learning (SRL) needs of students can
be satisfied with the help of Al due to its ability
to analyze diverse information, including log files,
eye movements, facial expressions, and
physiological data. This individual process is
assistive to SRL processes and assists educators
in comprehending the learning requirements of
the students and developing more efficient
education plans [13].

Also, the emergence of Large-Language Model-
based Al Services (LLMAISs) has introduced new
issues regarding the interpretation of the self-
efficacy of users and their particular demands
when using these technologies. The current tools
were considered inadequate to measure the

dimensions, which led to the creation of the
Questionnaire of Self-efficacy and Needs in using
Core Features of LLMAIs (Q-SNELL). The
designed tool based on the reviews of the
professionals and surveys of the users and set to
determine how well the LLMAIs can help with
the improvement of the learning outcomes and
the future developments [14].

Lastly, a literature review on Al literacy in college
students came up with the AI Literacy
Conceptual Model (AICM), which Al literacy,
ethical implications, and affective issues such as
motivation and self-efficacy to proposed in a
multidimensional ~ model. A self-report
questionnaire revealed the importance of
motivation in promoting Al literacy and self-
efficacy and self-efficacy as a mediator between
the two. It also indicated gendered differences in
the dynamics of learning to the male students
revealed higher mediation effects, and previous
barriers to learning included the lack of Al
experience and curricular support. This paper
highlighted the need to attend to these issues to
establish the enhancement of Al literacy [15].

3. Proposed Methodology

Figure 1 describes the Al  self-efficacy
classification methodology wortkflow of a
Position Attention-Based LSTM model. The task
starts with Data Collection, in which real-time
data of student-Al interaction is collected. Then,
Data Preprocessing guarantees the quality of data
with the usage of cleaning, missing values,
normalization and text tokenization. The data are
refined and then Feature Extraction is done using
the synthesized semantic and behavioral features
to constitute meaningful input vectors. Lastly, the
Classification Using Position Attention-Based
LSTM step applies these sequences to detect
temporal and contextual patterns, and classifies
the learning outcomes as either High, Medium, or
Low, and thus, improves individualized
knowledge on student self-efficacy formation.
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Figure 1. Overall proposed methodology

3.1. Data Collection

The input data were collected in real-time from
prompt engineering workshops where students
interacted with Al systems to create and calibrate
prompts. The dataset included several aspects of
interaction such as student-written prompts,
responses generated by Al and system
interaction records such as time taken for each
activity, the number of edits, and retry attempts.
Micro self-efficacy survey scores were also
captured after each activity to device the learnet's
confidence and perceived levels of competence.
This close real-time monitoring guaranteed the
collection of both cognitive and behavioral
markers, providing a robust foundation for

follow-on feature extraction and model training.
3.2. Data Preprocessing

Data preprocessing is used to deal with
inconsistencies in raw interaction data, including
typographical errors, missing fields and
inconsistent scales. It converts input data into a
standard format of machine learning models. The
major preprocessing activities are data cleaning,
processing missing values, normalization and the
process of text tokenization. Data cleaning

consists of removing invalid records like missing,
broken, or duplicated data that can affect the
consistency of the dataset. The treatment of
missing values is through mean imputation,
which means that the missing values are replaced
by the arithmetic mean of the available data for
that feature. To normalize the features, min-max
scaling is used to scale the features such as task
duration, attempts, and engagement scores to the
range [0, 1] to carry out the normalization
process. The normalization is shown by Equation

(D:

xi, — _Xi~Xmin (1)

Xmax~Xmin

where, x; is the normalized unique feature, Xpin
and Xy ax represent the minimum and maximum
values. Text tokenization is the process that
separates the text prompts and responses into
units of words, thus allowing the downstream
models to have a semantic representation.

3.3. Feature Extraction using Semantic
Features

From the preprocessed data, each student

interaction at time t is coded by a composite
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feature vector with a combination of semantic
and behavioral data, and is provided by Equation

2):
fr = [V, Et, Te, Ap, Se] € RO @

Here, v¢ is used to refer to the prompt's semantic
embedding, while the metrics of behavior
measured by E;, Ty, A¢, S¢ account for the
number of edits, response time, attempts, and
self-efficacy scores. To visualize the temporal
patterns of learning in students, these feature
vectors have to be put in a sequential manner
which will then constitute the LSTM network's
input sequence as shown by Equation (3):

F= [fl'fZ"--'fN] (3)

where, N is the number of interactions of a
student. This temporal encoding enables the
model to encode semantic meaning in questions
as well as the temporal dynamics of learner
behavior and hence provide a vigorous input to

LSTM Layer-1

LSTM Layer-2

Input Layer

oZe;

%

§ »
A

downstream classification with the Position
Attention-based LSTM.

3.4. Classification using Position Attention-
Based LSTM

Figure 2 illustrates the model structure that PA-
LSTM  follows in
classification. The first one is the Input Layer,

learning  outcomes

where the interactive data of the students
(prompts, answers and behavioral features) are
typed. The data are subsequently transferred to
three LSTM Layers (LSTM Layer-1, Layer-2, and
Layer-3), which can learn the temporal patterns
of the behavior of the learner by successively
processing information. After the processing, the
Position Attention Mechanism is performed,
assigning dissimilar time steps in the sequence
variable degrees of importance. Ultimately, the
information is passed on using a Fully Connected
Layer with SoftMax that provides a classification

of learning outcomes as High, Medium and Low.

LSTM Layer-3

Position Attention Mechanism
Fully Connected with SoftMax

Figure 2. Architecture of PA-LSTM

The PA-LSTM model is a type of sequential data
processing system that takes student interactions
as input to classify learning outcomes and self-
efficacy improvement. The LSTM cell calculates
at the time step t the input gate I, the forget gate
ft, and the output gate 0. The gates control the
amount of current input and previous state
information that should be kept or changed. The
input gate is calculated as Equation (4):

iy = o(Wft + Uihe_q + by) “

where, W; and U; represent the weight matrices,
ft denotes the present input, hy_ signifies the
past hidden state, and b;corresponds to the bias.
The forget gate determines what portions of the
preceding cell state ¢;_q are to be reserved in
Equation (5):

fr = o(Wefe + Ughe_q + by) (5)

The output gate determines what proportion of
the current cell state should be exposed as the
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output of the LSTM at this time step as shown by
Equation (6):

o = o(W,ft + Uphi—1 + by) ©)

The LSTM's memoty, the cell state ¢, gets its
new value from the former cell state controlled
by the forget gate and the new candidate cell state
C¢ ruled by the input gate is define by Equation

(7):
=ftOc1+i: O& O

reshape + transpose

\ J

IHXWXC

— 12 CxN

reshape

The hidden state hg, the output for the current
time step, is determined by Eq (8):

hy = o, O tanh (¢;) ©)

The weight @ is assigned to each hidden state h
based on the processing done through the LSTM
cells by the PA Mechanism, which reflects the
role that each time step is classifying the learning
outcome.

SN QHxWxC

f /7

reshape
—»> SoftMax —»
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1

NxC
LY

Y

Figure 3. Position Attention Module

The Position Attention Module for calculating
attention weights in sequential data is illustrated
in Figure 3. The procedure starts with the resizing
of the input matrix I; with size N X C and then
its transposition leading to the matrix I, being
formed, having dimensions € X N. Next,
element-wise multiplication with the query matrix
H (size H X W X C) is performed. The output is
subsequently subjected to the SoftMax function
for scoring normalization that results in the
generation of an attention matrix S, of size
N X N, which is indeed a probability distribution
over the sequence. The computation of the
attention weights @ is as follows by Equation (9):

= X Wahy)
E 7 3N exp (Wohi)

©)

Here, W, is the matrix of attention weights and
h; denotes the hidden state at time t. The
softmax function is applied by the attention
mechanism to the weights and, the model to

concentrate on the most important interactions
within the sequence. The specification of the
attended representation h, is done through the
weighted sum of all hidden states as shown by
Equation (10):

hate = thv=1 ach; (10)

The attended representation serves to bring forth
the pertinent interactions, reducing the sequence
that is ready for classification. Subsequently, the
attended representation is conveyed through a
SoftMax layer to determine the final classification
output. The SoftMax function changes the
attended representation as shown in Equation

(11):
y = softmax(W;hgee + bs) an

Here, W; indicates the weight matrix
corresponding to the classification layer, by
indicates the bias, y indicates the output
probabilities. The SoftMax function guarantees
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the summation of the classified probabilities to 1;
the model can categorize the student's learning
outcome as High, Medium, or Low.

4. Results and Discussion

The experimental findings show that the
proposed PA-LSTM model is effective in making
correct classification of the learning outcomes
and the level of self-efficacy of students.

1.00

Evaluation against several baseline Deep
Learning (DL) models proves that the proposed
model is more successful than them. The PA-
LSTM is an efficient model that reflects temporal
and semantic dependence of interaction between
students and Al, which demonstrates its strength
and impartiality to learn individual learning

dynamics in educational settings.
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Figure 4. Accuracy

Figure 4 shows the accuracy of five models
(SVM, LSTM, Bi-LSTM, GRU, and Proposed) in
10 k-Folds. SVM has an accuracy of .90 at the
start of k-Fold and grows to 0.94 at k-Fold 10,
LSTM performs at 0.92 to 0.96; Bi-LSTM is 0.94
to 0.97 and GRU goes from .95 to 0.975. The

Proposed model has the best accuracy going
from 0.975 to the end point of k-Fold at 0.995.
The Proposed model consistently has the best
performance across k-Folds, especially between
k-Fold 6 to the end, when it achieves near perfect
accuracy.

100
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Figure 5. Precision

Figure 5 shows the precision of five models on
10 k-Folds. The initial precision of SVM is 0.88
and rises to 0.92 at k-Fold 10. LSTM begins at
0.90 and rises to 0.94. Bi-LSTM starts at 0.92 and

reaches 0.955. GRU starts at 0.93 and ends at
0.96. The Proposed model gives the best results

with starting 0.97 and continuing to rise up to
0.99 at K-Fold 10. The Proposed model
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continues its performance progressively better
than the others especially starting with the 6 k-

Fold, where its performance steadily rises starting
with almost ideal precision.

1.00

0.98 e

—-o— SVM
—a— LSTM
—d&— Bi-LSTM
—4— GRU
<&~ Proposed

7 8 9 10

k-Fold

Figure 6. Recall

Figure 6 presents the recall of five models (SVM,
LSTM, Bi-LSTM, GRU and Proposed) in 10 k-
Folds. The initial SVM recall is 0.87 and it rises to
091 at k-Fold 10. LSTM begins at 0.89 and
reaches 0.93. Bi-LSTM begins with 0.91 and goes
up to 0.94. GRU begins at 0.92 and ends at 0.95.
The Proposed model has the highest

performance with initial results of 0.97 and
increasing to 0.992 in the 10th k-Fold. The
Proposed model is always performing better than
the rest, and the performance is steadily
increasing, particularly, after the k-fold 6, the
model achieves almost perfect recall.

0.8 1

0.4 4

0.2 4

0.0

== Training Loss

=== Validation Loss

Epochs

Figure 7. Training and validation loss

Figure 7 shows the values of the losses that occur
in the training and validation process after 100
epochs. First, the training and the validation
losses are high and the training loss is initially
close to 1.0 and then reduces. Validation loss also
starts a bit larger than the training loss but also
drops gradually. The two losses decrease at a very

high rate in the initial 20 epochs, and thereafter
the rate decreases slowly. At epoch 100 the
training loss has decreased to about 0 and the
validation loss has leveled out at about 0.2
meaning that the model has been trained well on
the training data and is generalizing satisfactorily
on the validation data.
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Figure 8. Training and validation accuracy

The accuracy of the training and validation during
100 epochs is depicted in Figure 8. At the
beginning of the process, the training and
validation accuracy are approximately 0.5. The
training accuracy is also increasing gradually and
it approaches almost 1.0 at epoch 100. The
validation accuracy increases as well, yet it levels
off to about 0.9 in the end of the training. The
two curves have a strong increment in the initial
20 epochs and thereafter a steady increment. The
accuracy of training is steadily increasing, and the
accuracy of validation is no longer increasing,
indicating that the model is doing well on training
data and extrapolating relatively well to the
validation data.

5. Conclusion and Future Scope

In conclusion, the PA-LSTM model that has
been suggested is a significant step forward in
classifying learning outcomes and self-efficacy
levels of students. It is a model that understands
the dynamics of student-Al interactions by
capturing both  temporal and semantic
dependencies. The model's adaptability and
personalized feedback capabilities make it very
effective for real-time applications. The PA-
LSTM model is more context-sensitive than
traditional ones, therefore, it is a considerable
tool for personalized learning in classroom
situations. The present study lays down a strong
foundation for the enhancement of student
engagement and self-efficacy which, in turn, will
lead to the creation of more powerful and
responsive Al-based educational tools that are

still in their infancy. The outcomes of the
experiment point to the high level of
performance of the PA-LSTM model and
significant success in the accuracy, precision, and
recall. The model proposed had an accuracy of
0.975 to 0.995, precision of 0.97 to 0.99 and a
recall of 0.97 to 0.992 with 10 k-folds. These
findings prove the efficiency of the model in
categorizing the learning outcomes and the self-
efficacy level of students with almost perfect
results. The research may also be extended to
future studies with more varied interactions with
the students and additional modalities, including
facial expressions or physiological data, which
would be used to provide the students with even
more personalized feedback. Further, the
investigation of the PA-LSTM model integration
with other Al tools to assess and improve student
learning in real-time will provide new prospects
of the student learning experience.
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