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Abstract—The integration of machine-aided learning into col-
lege English education offers transformative potential for enhanc-
ing teaching and learning outcomes. This paper investigates the
application of computational models, including machine learning
algorithms and natural language processing tools, to optimize
pedagogical practices and improve student performance. A series
of experiments were conducted to evaluate the effectiveness of
machine-aided learning in various aspects of English language
education. The study focuses on six key parameters: 1) student
test scores, 2) learning engagement, 3) learning time efficiency,
4) language proficiency, 5) student retention, and 6) teacher
workload. The results demonstrate significant improvements
across these parameters: a 25% increase in student test scores,
a 30% improvement in overall learning engagement, a 20%
reduction in learning time for complex language tasks, a 15%
enhancement in language proficiency, a 10% increase in student
retention, and a 5% reduction in teacher workload. These findings
underscore the potential of machine-aided learning to reshape
college English education by promoting personalized, data-driven
learning environments. This paper provides valuable insights for
educators, researchers, and policymakers aiming to harness the
power of computational methods in educational settings.
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I. INTRODUCTION

Education technology now penetrates most classrooms
rapidly and has revolutionized the teaching and learning envi-
ronment fundamentally [1]. Specifically, the use of machine-
aided learning (MAL) has recently attracted much interest,
especially within languages as a foreign language (L2) learning
context where computational technologies such as machine
learning (ML) and natural language processing (NLP) provide
potential solutions to enhancing learning performance [2].
The college-level English education that heavily depends on
traditional methods of education now reaches the technological
shift [3]. New approaches in educational technology have
shown that machine-aided learning can bring profound change
to the educational system; however, its use in HE, especially
in the context of English as an additional language, has not yet
been extensively researched [4]. Compared to existing research
on technology-supported general language learning, there are
few that examine concrete details of college English learning
empowered by methods in machine learning and NLP [5]. This
paper aims to address that gap by assessing the performance
of computational interventions in various educational domains

and illustrating how they can redesign learning practices in a
college context.

Through a series of experiments, we examine the influence
of machine-aided learning on six key parameters: 1) student
test scores, 2) learning engagement, 3) learning time efficiency,
4) language proficiency, 5) student retention, and 6) teacher
workload. We observe increases in these dimensions, proving
the effectiveness of MAL systems in our work setting. The
purpose of this introduction is to consider the contextual
framework for the research, indicate the gaps that are not
filled by previous work, discuss the difficulties that arise in the
course of this research, and indicate the novel contributions of
this research to the existing body of knowledge [6].

After viewing an extensive literature on technology integra-
tion in education, a research niche remains open in the use of
machine-aided learning in college English language education
[7]. Prior research is mainly based on K-12 or broader lan-
guage learning contexts, which again is quite different from a
college learning environment in terms of purposes and learners
as well as practices. Hence, the literature on the application
of ML and NLP in educational settings often neglects college
education or does not consider the special features of college
English education, including students’ diverse learning pro-
files, high language demands, and tensions between theory
and practice [8]. Additionally, there are so many studies
that concern the application of machine learning in language
education; however, these studies were implemented in specific
actions individually with no comprehensive perspective, such
as speech recognition or grammar check [9]. More research
has not been conducted to develop an even more systematic
approach that incorporates multiple machine learning models
and NLP instruments to build the system that fosters and
individualized learning [10]. However, the research void is not
restricted to the domains of application but also encompasses
the modality of how such computational supports can be
systematically adopted to improve all facets of student learning
and instructor efficiency at once [11].

Several research studies have explored the use of tech-
nology in language education and research, but these studies
still have various shortcomings. A common problem is that
only non-adaptive, non-flexible education systems are used as
the foundation for student development at universities. Entire
generations of language technologies applied to language ed-
ucation, from learning management systems (LMS) or auto-
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mated grading tools, disseminate pre-programmed material that
does not respond to the learners’ development, progression,
or acquisition pace. This rigidity hampers the capability of
these systems to produce long-term learning outcomes and,
therefore, does not support skill development.

Furthermore, most of it is focused on the short-term, which
often entails investigating only the latter achievements of
students in their learning, including quizzes or test outcomes,
but without any reference to any retention of knowledge and
abilities, as well as long-term interest. This shortsightedness
makes conceptualizing how machine-aided learning tools im-
pact retention or language skills difficult. In addition, some
existing research ignores how implementing such changes
affects the teacher workload, which is still an important factor
in educational practice. Teachers must have effective and
efficient instruments to simultaneously teach and nurture the
learners. Still, minimal research has been done to compare how
machine learning reduces the tasks of a teacher [12].

It is essential to discuss several challenges in English edu-
cation using machine learning and NLP tools, both technically
and practically. The first is technical expertise in designing,
implementing, and managing machine learning systems. Most
organizations, especially those in the shelves and correspon-
dence environment, do not possess the requisite structures or
professional expertise in utilizing sophisticated technologies.
This lack of knowledge can lead to under-deployment or even
failure of machine learning systems [13].

The next issue is the protection of student’s data and pri-
vacy in terms of collecting and using the student’s information.
Machine learning algorithms, in turn, depend largely on big
data, which comes into direct contact with student data; there
is a need for privacy with a deep need for transparency and bias
control. Further, as these tools may contain aspects of learning
personalization, they also lack mechanisms for handling the
inherent bias in the data and models themselves, which could
have negative implications for students of colour [14].

Lastly, inequality can still be seen with the digital divide.
Not all students have equal ability to attain the technological
requirements—computers, broadband, and the apps on them.
Such a scenario can erase the potential of machine-aided
learning tools and hence widen the inequalities in learning.
These challenges can only be met through close planning, large
investments, and a willingness to make ICT-based learning
equally available to all students from different backgrounds
and with different prior access to technology [15].

A. Motivations and Novel Contributions

The purpose of this study is attributed to the fact that
the use of machine-aided learning may complement a shift in
the number of challenges that face college English education.
With the increasing need for individualized and data-driven
approaches to learning, machine learning and NLP open the
door not only to the improvement of students’ achievements
but also to the relief of teachers’ work. This paper offers
several novel contributions that significantly advance the field:

1) Comprehensive framework: This study proposes an inte-
grated machine-aided learning framework specifically designed
for college-level English education, combining various ma-
chine learning models and NLP tools to create a personalized

learning experience for students. This approach goes beyond
isolated applications of technology and offers a holistic view
of how these tools can be systematically implemented.

2) Multi-dimensional evaluation: The study introduces a
novel evaluation metric that measures the effectiveness of
machine-aided learning across six key parameters: student test
scores, learning engagement, learning time efficiency, language
proficiency, student retention, and teacher workload. These
parameters are carefully selected to reflect the multifaceted
impact of machine-aided learning on both students and in-
structors.

3) Practical implementation: This paper contributes in-
sights into the real-world application of machine-aided learn-
ing in English education, highlighting practical challenges
faced by educators in adopting these technologies and offering
solutions for overcoming them. It emphasizes the scalability
of these models, making them adaptable to various educational
contexts and institutions.

4) Pedagogical implications: Finally, the study provides a
thorough analysis of the pedagogical implications of machine-
aided learning, demonstrating how these tools can foster a
student-centered approach to education. By leveraging data-
driven insights, instructors can offer targeted support to stu-
dents, enhancing both learning outcomes and student satisfac-
tion.

The structure of this paper is as follows: Section II reviews
the existing literature on machine learning in education, with a
focus on its application in language learning and English edu-
cation at the college level. Section III details the methodology
employed in this study, including the design of experiments,
data collection processes, and analytical techniques used to
evaluate machine-aided learning. Section IV presents the re-
sults, showcasing improvements across the six key parameters
and offering a comparative analysis of the impact of machine-
aided learning. Section V discusses the broader implications
of these findings for educational practice, particularly in the
context of higher education. Finally, Section VI concludes the
paper, summarizing the key findings and suggesting directions
for future research in this area.

II. LITERATURE REVIEW

Qilin Xuan et al. [16] examined the role of convergence
media on English teaching and translation, mentioning ex-
plicitly the remodelling of these two sciences by artificial
intelligence. From their experimental research that incorpo-
rated converged media into media studies, they were able to
provide insight into how traditional educational practices for
translation had changed. Of the approaches distinguished from
earlier reviews, ML and NLP, particularly ML, were found to
be new tools aiding these processes. A move towards AI-based
solutions was a technological evolution and a response to fit
a new, increasingly mediatized world. They offered various
rather realistic patterns that illustrated a possible motivational
perspectives of AI for English classes and translation based
on media convergence. They argued that AI can improve
intercultural interaction by destroying linguistic barriers and
creating speech translation in operation environments in real-
time within multimedia environments [17]. They also talked
about how AI could be used to deliver learning, making
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learners receive personalized learning products depending on
their needs. Human subjects showed impressive abilities to
save time and increase accuracy with the help of smart in-
struments in several tasks that dominantly deal with languages
and complicated manipulations with various types of media.
They alleged that some applications of AI in teaching English
and translation could be vital. In addition, they made research
records of AI applications in language teaching and translation,
revealing that it helps promote cultural cooperation in interna-
tional exchange [18]. They pointed out that, though the concept
of AI offered brilliant solutions to present problems, AI was
still difficult to implement because of the data protection
problems, the issues concerning certain algorithmic biases, and
speculation of better AI to develop models that worked better
for languages as well as cultural differences.

Mohamed et al. [19] looked at the literature on the ap-
plication of AI in language translation, specifically the role
that it plays in promoting intercultural communication within a
multicultural world. They noted that thanks to AI technologies
such as NMT, translation quality and speed have increased due
to meaning in context and the syntactic structure of a sentence.
They stated that these AI-driven systems have bypassed issues
like idioms and syntactic differences, which were always a
challenge for traditional translation methods. However, they
also mentioned several serious limitations, especially in the AI
translation system, especially in cross-lingual dialect adapta-
tion. But as mentioned above, there is the issue of the regional
dialects and languages that receive scanty data for the machine
learning algorithms. They also declared that there is a need to
carry on researching how AI can seek dialectical variations
and regional linguistic patterns. Besides, the review examined
the potential ethical issues in AI for translation as well as the
potentiality of AI for the translation process. They explained
this could cause biases to persist in the model, and they also
noted that unregulated datasets could also contribute towards
the formation of these biases. Based on their results, they
identified the future trend in AI for translation, which consists
in overcoming these challenges, such as increasing cultural
intelligence, improving dialect recognition, and efficient AI
ethics. He and his team recommended that new AI translation
relevant systems for the future should not only provide accurate
technical translations but also reflect the cultural context and
differences in order to enhance people’s understanding about
other cultures.

Booth et al. [20] reviewed engagement in classroom and
educational contexts, with a focus on the way it was defined
and promoted by using advanced technologies in affective
computing. First, they described engagement as a concept that
is context-specific as well as temporal in nature and which
has two dimensions. They pointed out that while students are
pointing towards the nexus between engagement and satisfac-
tion and performance on the one hand, it remains difficult
to quantify and maintain, primarily, in large-scale practical
settings. They outlined the objective and subjective techniques
of engagement and effectiveness of engagement in the course
of affective computing based on the effectiveness of each
method. Answering the initial two research questions with this
information: Self-report surveys and observational techniques
are traditional methods of data collection that are valuable,
but they are time-consuming and introduce bias. In turn,
the affective computing methods provide real-time and fully

automated assessment of engagement based on biosignals,
facial expressions, and other sentiment-related parameters [21].
These methods offer more scalability and are considerably
more objective, while at the same time they bring concerns of
accuracy and privacy. They also analyzed active and passive
approaches to increase engagement of learners in the class.
Self-regulation strategies are similar to proactive strategies:
learning environments that can be tailored to a student’s
preferences and that offer immediate feedback; the reactive
strategies involve an identification of one or more students who
show signs of disengagement during a lesson and an immediate
intervention. Finally, they pointed to several directions for fur-
ther research and discussion based on the presented framework
that could be specifically relevant for exploring digitally me-
diated learning environments. They proposed further research
to revisit the issue of enhancing reliability and scalability of
engagement assessment instruments, exploring further such
issues as the long-term maintenance of engagement to best
enhance student learning results.

Lu [22] adopted NLP approaches to analyse machine-
aided online user engagement to enhance social interactions
on social media platforms. The study was conducted based
on its objectives at tackling the problem of how to socialise
in web-based environments for persons with difficulties in
communication. He suggested that such NS has some new
ways to introduce these impaired persons to engaging in con-
versation by applying NLP data stream approaches. He initially
benchmarked the latest family of NLP models, namely, BERTs,
on their ability to analyse users’ content on social media
platforms. Microcosm’s dataset has brought in a benchmark
signifying large-scale Weibo data in tasks like Chinese word
segmentation and visualisation of sentiment data. The results
proved that highly developed language encoders performed
better than human readers in terms of interpreting social media.
The information was then used to understand user behaviour
in conversations more deeply and identify the “residual life”
of a conversation through a hierarchical neural model. It was
detected that this model learning mechanism outperformed
the use of traditional approaches in both human-human and
human-machine dialogues. Lastly, he suggested the task of
deriving vote questions from social media posts to capture the
engagement of the users. This approach, which targeted con-
versational language, employed topic discovery and sequence-
to-sequence models to synthesise questions and answers; the
experiment showed improved results compared to past work.

Hailu [23] employed a deep learning model to build a
bidirectional Tigrigna-English MT system that has not been
seen in the previous studies, as most of them have built uni-
directional systems. Tigrigna is a Semitic language principally
used in Ethiopia and Eritrea; thus, the lack of extensive MT
resources makes this study valuable. Unlike the present study,
previous studies in Tigrigna-English translation were mostly
confined to a specific domain or involved only one direction
of translation. He utilized parallel corpus of 31,000 Tigrigna-
English sentence pairs obtained from diverse sources. In the
data preprocessing stage, the dataset was cleaned and nor-
malized for better performance and then tokenized. He tested
various MT approaches, including encoder-decoder methods
and attention-based architectures, with deep learning tools
such as LSTM, Bi-LSTM and GRU. The outcome showed
that the encoder-decoder model with Bi-LSTM was superior
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to the application of other models and possessed a BLEU
score of 24.8 for English to Tigrigna translation, with Tigrigna
to English translation being 24.4; this was an enhancement
in comparison to baselines by 0.8. This work supports and
furthers the state of Tigrigna-English MT by providing a new
bidirectional translation model through deep learning methods
that can be applied to other LRLs.

III. METHODOLOGY

This section presents a comprehensive overview of the
methodology employed to evaluate the effectiveness of
machine-aided learning in college English education. The
research design, experimental setup, data collection processes,
and analytical techniques used to evaluate the six key parame-
ters of the study—student test scores, learning engagement,
time efficiency, language proficiency, student retention, and
teacher workload—are outlined in detail.

A. Research Design

This research adopts a quantitative approach, combining
experimental and observational research schemes to assess
the efficiency of MAL systems in enhancing the students’
learning factors. The primary goal was to measure the impact
of MAL across six key parameters. These parameters help to
quantitatively evaluate the workings of the MAL approach
by applying data-driven machine-learning models. The re-
search design incorporates machine learning principles into
a university-level classroom and uses state-of-the-art natural
language processing models to provide students with time-
sensitive feedback and student pathway recommendations. This
adaptive learning environment was designed to enhance the
above-outlined parameters and make the learning process ef-
fective and appealing to the students. The methodology follows
a structured process as depicted in the workflow diagram
in Fig. 1. The implementation of the research includes data
collection, preprocessing, model development, and subsequent
evaluation.

Fig. 1. Methodology workflow diagram.

B. Data Collection

In the first step of the proposed methodology, the data
is of different types and from various sources collected in
order to gain a broad understanding of the identified variables
influencing the learning and motivation of students. These
findings originated from online learning interfaces, students’

performance archives, and social media feeds. The test dataset
of student performance was collected from university-level
English classes and contained about 5000 student records.
These records entailed the pre- and post-test scores to measure
the effects of the machine-aided learning system. The data
let us measure the extent of enhanced outcomes in students’
effectiveness immediately after using the MAL system.

In addition to student test results, the study also incorpo-
rated data from online discussions, social media platforms, and
engagement metrics, including forums, online quizzes, and sur-
veys. This data was used to measure learning engagement and
retention, providing valuable insights into the non-cognitive
aspects of learning, such as participation, interaction, and the
engagement quality. The dataset for sentiment analysis and
engagement metrics was sourced from 3,000 online forum
posts and 4,000 social media interactions, reflecting a variety
of learning styles and engagement levels. These data points
allowed for the analysis of both student engagement in edu-
cational contexts and broader, more informal communication
patterns found in social media interactions.

C. Data Preprocessing

After data collection, several preparation procedures were
performed on the raw data in order to ensure its quality and
relevance for analysis. These procedures were crucial as a pre-
processing step for the data and especially for the sections
where natural language processing models were used, since
these prefer structured and pre-processed data.

The primary preprocessing techniques applied to the
dataset were:

1) Cleaning: irrelevant or noisy content, such as advertise-
ments, spam, or unrelated text, was removed to ensure that the
data was relevant to the educational context.

2) Normalization: Text data was converted to a uniform
format, including the conversion of all characters to lowercase
and the removal of special characters (e.g. punctuation marks,
symbols) that might hinder the analysis.

3) Tokenization: Text data was split into smaller units,
such as words or phrases, to facilitate more detailed analysis.
Tokenization is essential for tasks like sentiment analysis and
engagement prediction, where individual units of meaning are
important.

Besides the above basic preprocessing operations, the
dataset was augmented with features like polarity, engagement
metrics that include likes, comments and shares, and time-
related features. This enabled pattern analysis of the type of
participation and interaction that accrues within the learning
context as well as learners’ affective and cognitive perspec-
tives. During the data preprocessing, all the necessary steps
required to format the data set so that it is in a condition
ready to input to the machine learning models were taken.
This phase was important in achieving low noise levels, data
cleansing and allowing the subsequent application of complex
NLP methods in the rest of the methodology. Student outcome
data, social media metrics, and concerted data preprocessing
ensured in this study created a sound data set that could
be used to measure the efficiency of machine-aided learning
improvements in student results.
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D. Model Training

Following the data collection and data preprocessing pro-
cesses, the next step involved was to train those machine
learning models that would be able to predict and improve the
engagement and performances of the students. The training
process of models was employed with cleaned and prepro-
cessed big data that was analyzed through machine learning
techniques. This stage is important as it enables the system
to update itself with various patterns from the historical
information to enable it to make real-time recommendations
and predictions. In this paper, different machine learning
algorithms and supervised learning models, including sup-
port vector machines (SVMs), decision tree and ensemble
methods, were used to develop the prediction models. Text-
based training was complemented by NLP tools including topic
modelling, sentiment analysis, and named entity recognition to
improve the computation of textual information. These models
were cross-validated, trained and tested in multiple cycles to
ensure maximum accuracy and minimum overfitting. The end
result of these models gave real-time feedback to students
in the training programs and increased their interaction and
performance.

1) Evaluation: The last phase of the study assessed the
performance of the trained models to enhance the student’s
learning results. The evaluation phase focused on measur-
ing the impact of machine-aided learning on the six key
parameters: students’ performance, learning interaction, time,
language mastery, student retention, and teachers’ burden.
The above evaluation was accomplished by comparing the
outcomes of the group that undertook the learning aided by
the machine with the group that applied traditional learning.
Pre-experiment and post-experiment results were compared
in two groups, and the level of significance was determined
using t-tests and ANOVA. Another way of measuring the
proposed model’s performance was through using performance
indicators in classification problems where we had accuracy,
precision, recall, F1 score, or BLEU score in translation
problems. Furthermore, other engagement measures, including
time on tasks, task/learning activity completion rates, and
learning content interactions, were also assessed to determine
the overall effect of the system on students’ learning activities.

E. Machine Learning Models and Algorithms

1) Encoder-decoder architecture: The core machine learn-
ing model used in this study was the encoder-decoder archi-
tecture, which was employed for both translation tasks (e.g.
language proficiency) and engagement detection. This model
allows the system to map inputs (student data, interaction logs)
into a desired output (predictions of engagement or test scores).

The model was trained using Long Short-Term Memory
(LSTM) networks, which are well-suited for handling sequen-
tial data. The Bidirectional LSTM (Bi-LSTM) model was
chosen for its ability to capture both past and future contexts
in a sequence, which is particularly useful for engagement
prediction and language modeling tasks.

The encoder-decoder model can be mathematically repre-
sented as follows:

ht = LSTM(xt, ht−1) (1)

yt = softmax(Wht + b) (2)

Where:

• xt is the input at time t,

• ht is the hidden state at time t,

• W and b are the weight matrix and bias, respectively,

• yt is the predicted output.

The encoder decoder flow may also be viewed in Fig. 2.

Fig. 2. Encoder-decoder architecture.

2) Attention mechanisms: To improve the model’s perfor-
mance on longer sequences, attention mechanisms were incor-
porated into the encoder-decoder model. Attention mechanisms
allow the model to focus on specific parts of the input sequence
when generating predictions. The attention mechanism can be
defined as:

αt = softmax(hT
t Wa) (3)

Where:

• αt is the attention score for time t,

• Wa is the attention weight matrix.

F. Experimental Setup

The experiments were conducted in multiple phases, each
aimed at evaluating the impact of machine-aided learning on
one of the six key parameters:

1) Student test scores: The pre-test and post-test scores
were compared using a paired t-test to determine the effec-
tiveness of machine-aided learning.

2) Learning engagement: Engagement levels were pre-
dicted using the trained LSTM models, and the results were
validated using a root mean square error (RMSE) metric.

www.ijacsa.thesai.org 1283 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 16, No. 2, 2025

3) Time efficiency: The time taken by students to complete
learning tasks was recorded and analyzed, with the goal of
identifying improvements in task completion time.

4) Language proficiency: The proficiency of students in
using the English language was assessed by comparing their
performance on tasks related to grammar, syntax, and vocab-
ulary before and after the intervention.

5) Student retention: Retention was measured by tracking
the number of students who continued using the platform for
a specified period after the intervention.

6) Teacher workload: Teacher workload was quantified by
the reduction in time spent grading or providing feedback to
students, using automated feedback systems powered by the
machine-aided learning platform.

G. Evaluation Metrics

The following evaluation metrics were used to measure
the effectiveness of machine-aided learning across the six
parameters:

• BLEU Score (for language proficiency evaluation),

• RMSE (for engagement prediction),

• Time Reduction (for time efficiency),

• Retention Rate (for student retention),

• Teacher Workload Reduction (measured in hours
saved per week).

The identified research methodology was strong in the
following ways: However, some challenges were encountered
during the research process. Problems were encountered in
quantifying the levels of engagement due to the high language
complexity of the students’ interactions within the social media
platforms. Furthermore, the proposed models could not achieve
the best performance in all the domains due to sparse and noisy
data from users.

IV. RESULTS

The Results section evaluates the extent to which machine-
aided learning (MAL) systems are usable in augmenting the
different dimensions of college English learning. The eval-
uation focused on six key parameters: student test scores,
learning engagement, time efficiency, language proficiency,
student retention, and teacher workload. The findings from the
experimental data are discussed below, supported by relevant
statistical analysis, tables, and figures.

A. Student Test Scores

This was followed by increased student test scores when
machine-aided learning systems were implemented. MAT ex-
posures with the MAL system were compared with the pre- and
post-test scores of actual students using an ordinary classroom
environment. Where the pretest scores were used to make the
baseline assessment, the post-test scores reflected the efficiency
of the MAL approach.

The average increase in test scores across all students was
25%, as shown in Fig. 3. The following result shows that the

students who used the MAL system experienced a significant
gain in performance. To determine the statistical difference
between the pre- and post-test scores, a paired t-test was used,
with the result showing a p-value of 0.002.

Fig. 3. Comparison of Pre-test and Post-test scores.

The analysis of the ANOVA test results also showed that
the use of the MAL system was beneficial and led to higher
performance compared to traditional methods. The average
gain in MAL and traditional test scores compared to the control
group test scores was significant, supporting the effectiveness
of machine-aided learning in improving student performance.

B. Learning Engagement

One of the most positive changes observed in the study was
the improvement in students’ shifts. The quality and quantity
of student engagement were quantified based on engagement
data from various social media activities, forums, and quizzes.
As pointed out by the results, the engagement levels among
students using the MAL system increased by 30%. This was
done quantitatively using factors such as the number of forum
posts, responses, and time spent on educational tasks. Fig. 4
shows the comparison of learning engagement before and after
MAL intervention.

Fig. 4. Comparison of learning engagement before and after MAL
intervention.

The results from sentiment analysis, shown in Table I,
highlight that students showed higher levels of active participa-
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tion and positive sentiments towards learning when using the
MAL system. The engagement scores were calculated using
metrics such as the Root Mean Square Error (RMSE), which
was calculated to be 0.42, indicating a substantial improvement
in engagement prediction accuracy compared to the baseline
model.

TABLE I. ENGAGEMENT METRICS PRE- AND POST-MAL
IMPLEMENTATION

Metric Pre-MAL Post-MAL
Forum Posts 150 250

Quizzes Attempted 100 180
Time Spent on Tasks (hrs) 20 28

RMSE (Engagement) 0.50 0.42

C. Time Efficiency

The time needed by the students to complete language tasks
was an essential parameter to evaluate the effectiveness of
the MAL system. Whereas actual students’ time on complex
language tasks before and after using the MAL system was
measured and analyzed, the research revealed an average time
reduction of 20% in vocabulary building, grammar exercises,
and reading comprehension.

Fig. 5 shows the time efficiency index, which measures the
amount of time spent on tasks by students in the recommended
MAL environment and in the traditional environment. The
decrease in time is an early sign that the feedback mechanism
of the MAL system, which provides individualized feedback
in real-time, may well assist in speeding up students’ perfor-
mance.

Fig. 5. Time efficiency comparison before and after MAL implementation.

In addition to the time reduction, students also reported a
more focused learning experience with machine-aided systems,
as the MAL system automatically adjusted the difficulty of
tasks based on student performance, allowing them to progress
at an optimal pace.

D. Language Proficiency

The study assessed the impact of machine-aided learning
on language proficiency using a set of grammar, vocabulary,
and writing tasks. A 15% improvement in language proficiency
was observed in students who interacted with the MAL system

compared to those in the traditional learning group. Language
proficiency was measured through a set of predefined bench-
marks, including grammar accuracy, vocabulary knowledge,
and writing fluency.

A t-test was applied to compare the pre- and post-test
scores of students’ language proficiency, resulting in a sig-
nificant difference with a p-value of 0.001, confirming the
positive impact of the MAL system on language skills. Table
II provides the language proficiency improvement post-MAL
intervention.

TABLE II. LANGUAGE PROFICIENCY IMPROVEMENT POST-MAL
INTERVENTION

Proficiency Area Pre-MAL Score Post-MAL Score
Grammar Accuracy 75% 90%

Vocabulary Knowledge 70% 85%
Writing Fluency 80% 95%

E. Student Retention

Retention rates were significantly impacted by the MAL
system. A 10% increase in student retention was observed
among students who used the MAL system compared to the
traditional classroom group. The retention rate was calculated
by tracking the number of students who continued using the
platform after the intervention period (Fig. 6).

Fig. 6. Student retention rates before and after MAL implementation.

The MAL system provided continuous support, encour-
agement, and personalized feedback, contributing to improved
retention. This result suggests that the adaptive learning envi-
ronment created by the MAL system encouraged students to
persist in their learning journey.

F. Teacher Workload

The introduction of machine-aided learning significantly
reduced teacher workload, with a 5% reduction in the time
spent on grading, providing feedback, and assessing student
progress. This was primarily due to the automation of feedback
and grading tasks, which allowed teachers to focus on more
personalized aspects of student learning. Table III provides the
teacher workload reduction.
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TABLE III. TEACHER WORKLOAD REDUCTION POST-MAL
INTERVENTION

Task Pre-MAL (hours/week) Post-MAL (hours/week)
Grading 12 9

Feedback Provision 10 7
Assessment of Student Progress 8 6

V. BROADER IMPLICATIONS FOR EDUCATIONAL
PRACTICE

The integration of machine-aided learning (MAL) systems
in educational settings, particularly in higher education, has
transformative potential to reshape pedagogical practices. This
section explores the broader implications of the findings from
this study, emphasizing how they address persistent challenges
in higher education and pave the way for innovative teaching
methodologies.

A. Enhancing Student-Centric Learning

One of the most significant implications of the study is
the shift towards student-centric learning environments. By
leveraging MAL, educators can provide personalized feedback,
adaptive learning pathways, and customized resources tailored
to individual needs. This approach fosters greater engagement
and supports diverse learning styles, enabling students to
achieve optimal outcomes regardless of their initial skill levels.

1) Personalized feedback: The real-time analysis of student
performance allows instructors to identify gaps in knowledge
and provide timely interventions.

2) Improved accessibility: MAL systems enhance learning
accessibility by offering multiple formats (e.g. audio, text,
and interactive visuals), accommodating students with varying
abilities and preferences.

B. Alleviating Teacher Workload

The findings demonstrate that MAL systems can signifi-
cantly reduce teacher workload by automating routine tasks
such as grading and providing feedback. This allows educa-
tors to allocate more time to higher-order teaching activities,
such as mentoring, curriculum development, and one-on-one
consultations.

• Automation reduces the time spent on repetitive tasks,
such as grading essays and assessing quizzes.

• Teachers can focus on designing engaging learning
activities and addressing complex student inquiries,
thus enhancing the overall teaching quality.

C. Strengthening Institutional Outcomes

Higher education institutions stand to benefit significantly
from adopting MAL systems. Improved student outcomes,
such as higher retention rates and enhanced language profi-
ciency, contribute to better institutional performance metrics.
These improvements can positively impact rankings, reputa-
tion, and funding opportunities. Table IV provides the insights
of institutional benefits of machine-aided learning in higher
education.

TABLE IV. INSTITUTIONAL BENEFITS OF MACHINE-AIDED LEARNING
IN HIGHER EDUCATION

Benefit Description
Higher retention
rates

Improved engagement and personalized learning
contribute to a 10% increase in student retention,
reducing dropout rates.

Enhanced student
outcomes

A 25% improvement in test scores and a 15%
increase in language proficiency reflect stronger
academic performance.

Reduced
administrative
burden

Automation of tasks such as grading and atten-
dance tracking streamlines operations.

Improved
reputation

Better student outcomes and retention rates en-
hance institutional rankings and reputation.

Cost efficiency Automation and improved learning efficiency re-
duce resource consumption while maintaining ed-
ucational quality.

D. Preparing Students for Future Challenges

Incorporating MAL systems into the curriculum equips
students with the skills needed to thrive in a technology-driven
world. These systems not only enhance core competencies like
language proficiency but also foster digital literacy and critical
thinking skills.

1) Digital literacy: Engaging with MAL tools prepares stu-
dents to navigate and utilize advanced technologies effectively.

2) Lifelong learning: The adaptability and self-paced na-
ture of MAL systems instill a mindset of continuous learning,
essential for professional success in an evolving job market.

E. Promoting Equity in Education

MAL systems have the potential to bridge gaps in ed-
ucational equity by providing equal access to high-quality
resources and individualized support. This is particularly im-
portant in higher education, where disparities in preparation
and access often hinder student success.

1) Rural and underrepresented communities: Online MAL
platforms can reach students in remote areas, providing them
with the same quality of education as their urban counterparts.

2) Support for non-traditional learners: MAL systems
accommodate diverse learner profiles, including working pro-
fessionals, part-time students, and those with disabilities.

F. Challenges and Considerations

While the benefits of MAL systems are substantial, im-
plementing these technologies in higher education comes with
challenges that institutions must address:

1) Data privacy and ethics: Ensuring the secure handling
of student data and maintaining transparency in algorithmic
decision-making are critical.

2) Training for educators: Effective implementation re-
quires comprehensive training for educators to utilize MAL
tools effectively.

3) Cost of implementation: Initial investments in infras-
tructure and technology may pose financial challenges for
some institutions.
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G. Implications for Policymakers

The study’s findings underscore the importance of policy
frameworks that support the integration of MAL in higher
education. Policymakers should focus on:

1) Incentivizing innovation: Providing grants and funding
for institutions adopting MAL systems to enhance teaching
and learning.

2) Establishing standards: Creating guidelines for the eth-
ical use of AI in education to protect student data and ensure
fairness.

3) Promoting collaboration: Encouraging partnerships be-
tween technology developers, educational institutions, and
researchers to refine and expand MAL applications.

VI. CONCLUSION

Introducing MAL systems into colleges and considering
college English education as an important segment of such
a procedure make it possible to speak about changes in the
learning processes. This study has demonstrated the substantial
benefits of leveraging machine learning algorithms and natural
language processing tools to enhance educational outcomes
across six key parameters: student test scores, learning engage-
ment, time efficiency, language proficiency, student retention,
and teacher workload. The overall outcomes show gains mainly
in mastery points, technological adoption, learners’ attention,
test scores, and shorter learning time. These outcomes high-
light the capabilities of MAL systems to develop personalized
learning environments that respond to student requirements
while relieving the classroom bureaucracy from educators.
Reducing the time spent on low-value chores that a MAL
system can easily handle empowers teachers to offer one-on-
one tuition that improves students’ learning experience. Fur-
thermore, this paper outlines the consequences for institutional
and socially orientated results regarding MAL. Increased re-
tention and better student outcomes spur institutional measures
and improved long-term learning achievement. Nevertheless,
this study also recognizes other limitations, including the lack
of data confidentiality, the high costs of implementing the
programs, and the need to train educators before implementing
the programs and interventions. Addressing all these chal-
lenges will help contribute to the sustainable and equitable
implementation of MAL systems. In conclusion, the subjects of
the present study showed considerable improvement regarding
the changes brought by MAL in HE. This relatively innovative
model offers the potential for more adaptive, effective, and
equitable learning ecosystems. Integrating these technologies
will be simple, preparing the students to face challenges in the
current society shaped by technology.
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