J. Electrical Systems 20-3s (2024): 1756-1766

'Li Zou Hybrid Teaching Model of College
English Based on Collaborative
Filtering Recommendation Algorithm Journal of
Electrical
Systems

Abstract: - A recommendation system is a powerful tool that analyzes user preferences and behaviors to provide personalized suggestions or
recommendations. By leveraging algorithms and data analysis techniques, recommendation systems help users discover relevant content,
products, or services tailored to their individual interests and needs. Whether recommending movies, music, books, or products, these systems
enhance user experience by minimizing the effort required to find relevant information or items. Additionally, recommendation systems
benefit businesses by increasing customer engagement, satisfaction, and sales through targeted recommendations. The recommendation
systems play a crucial role in optimizing decision-making processes and enhancing user satisfaction in various domains. This paper introduces
anovel hybrid teaching model for college English, integrating the Collaborative Filtering Recommendation Algorithm with Hybrid Ant Whale
Optimization Collaborative Filtering (HAWO-CF). The proposed model aims to personalize English language instruction by leveraging
collaborative filtering techniques to recommend tailored learning materials and activities to students. Through simulated experiments and
empirical validations, the efficacy of the HAWO-CF-enhanced hybrid teaching model is evaluated. Results demonstrate significant
improvements in student engagement, comprehension, and learning outcomes compared to traditional methods. For instance, students using
the HAWO-CF model exhibited a 25% increase in vocabulary retention and a 30% improvement in reading comprehension scores.
Additionally, the model enabled instructors to optimize teaching strategies based on real-time feedback and performance data, leading to more
effective and adaptive instruction. These findings underscore the potential of hybrid teaching models with HAWO-CF in revolutionizing
college English education, and fostering personalized and impactful learning experiences.

Keywords: Hybrid teaching model, college English, Collaborative Filtering Recommendation Algorithm, student engagement,
learning.

L INTRODUCTION

A recommendation algorithm is a computational method used to predict or suggest items that a user might be
interested in based on their past behavior, preferences, or similarities with other users [1]. These algorithms are
widely used in various online platforms such as e-commerce websites, streaming services, and social media
platforms to personalize user experiences and improve engagement. One common type of recommendation
algorithm is collaborative filtering, which analyzes user behavior and preferences to identify patterns and make
recommendations [2]. This approach can be further divided into two main types: user-based collaborative filtering,
which recommends items to a user based on the preferences of users with similar tastes, and item-based collaborative
filtering, which recommends items similar to those that a user has liked or interacted with in the past [3]. Another
popular recommendation algorithm is content-based filtering, which recommends items based on their attributes
and features. This approach involves analyzing the characteristics of items and comparing them to the user's
preferences to make personalized recommendations [4].

Hybrid recommendation algorithms combine collaborative filtering and content-based filtering techniques to
leverage the strengths of both approaches and provide more accurate and diverse recommendations [5]. A hybrid
teaching model for a recommendation system integrates machine learning algorithms with human expertise to
improve the accuracy and relevance of recommendations. In this model, machine learning algorithms analyze large
datasets of user behavior and preferences to generate initial recommendations. These recommendations are then
refined and enriched by human experts who provide additional insights, domain knowledge, and context-specific
information [6]. The hybrid teaching model leverages the strengths of both automated algorithms and human
expertise. Machine learning algorithms excel at processing vast amounts of data and identifying patterns, trends,
and correlations that may not be immediately apparent to humans [7]. However, these algorithms may struggle with
understanding complex user preferences, contextual nuances, and subjective factors that influence decision-making
[8]. Human experts, on the other hand, bring domain knowledge, intuition, and qualitative insights that complement
the quantitative analysis performed by machine learning algorithms. They can provide valuable feedback on the
accuracy, relevance, and diversity of recommendations, as well as identify potential biases or limitations in the

! Foreign Language Department, Henan Medical College, Zhengzhou, Henan, 450000, China
*Corresponding author e-mail: zouli2011zd@163.com

Copyright © JES 2024 on-line : journal.esrgroups.org

1756



J. Electrical Systems 20-3s (2024): 1756-1766

algorithm's performance [9]. Additionally, human experts can incorporate external factors such as current trends,
cultural sensitivities, and emerging user preferences into the recommendation process.

This paper makes several significant contributions to the fields of recommendation systems and educational
technology. Firstly, it introduces the Hybrid Ant Whale Optimization Collaborative Filtering (HAWO-CF)
algorithm, which combines collaborative filtering techniques with optimization strategies to provide personalized
recommendations. This novel approach enhances recommendation accuracy and effectiveness, offering users
tailored suggestions based on their preferences and behaviors. Secondly, the paper demonstrates the practical
application of HAWO-CF in English teaching, showcasing its ability to improve learning outcomes such as
vocabulary retention and reading comprehension. By providing personalized learning materials and adaptive
assessments, HAWO-CF enables educators to cater to individual student needs more effectively, fostering a more
engaging and impactful learning environment. Furthermore, the paper contributes to the broader understanding of
recommendation algorithms' capabilities and implications across various domains. Through simulation experiments
and real-world applications, it highlights the potential of HAWO-CF to enhance user experiences in sectors such as
e-commerce, content recommendation platforms, and educational technology.

IL LITERATURE REVIEW

The integration of technology into education has revolutionized traditional teaching methods, offering innovative
approaches to enhance learning outcomes. In particular, the development of recommendation algorithms has shown
promising potential in optimizing personalized learning experiences. This literature review explores the concept of
a hybrid teaching model of college English, focusing on the integration of collaborative filtering recommendation
algorithms. As educational institutions strive to meet the diverse needs of students and adapt to evolving pedagogical
trends, understanding the efficacy and implications of such hybrid models becomes increasingly pertinent.

Li (2022) proposes a recommendation model utilizing collaborative filtering and few-shot learning technology to
enhance college English digital teaching resources. Similarly, Jin (2023) explores user interest modeling and the
application of collaborative filtering algorithms in recommending personalized English learning resources.
Ramakrishna et al. (2023) introduce a hybrid collaborative filtering approach incorporating social and semantic
suggestions for friend recommendation. Other studies, such as George & Lal (2022), Baidada et al. (2022), and
Parthasarathy & Sathiya Devi (2023), further delve into hybrid recommendation systems using collaborative and
content-based filtering techniques. Additionally, research by Huang & Wang (2022) and Xu (2022) investigates
collaborative filtering algorithms in designing innovative mobile English teaching platforms. Further studies, such
as those by Ibrahim et al. (2023) and Yang & Lv (2022), delve into more advanced techniques like hybrid neural
collaborative filtering and attention mechanisms integrated with collaborative filtering for recommending online
English learning resources. Additionally, Chang et al. (2022) explore personalized travel recommendation methods
that combine collaborative filtering with social network analysis techniques. Other research efforts, such as those
by Arunruviwat & Muangsin (2022) and Perez et al. (2022), extend the application of hybrid recommendation
systems to areas like university library book recommendations and course recommendations for limited information
scenarios, respectively.

Moreover, studies by Zhang (2022) and Hui & Xiao (2022) focus on the design and implementation of
recommendation algorithms for multimedia English distance education resources and English teaching resource
management systems, respectively, based on collaborative filtering approaches. The literature review also
encompasses investigations into personalized information push systems for education management by Zhu & Sun
(2023) and hybrid E-learning recommendation systems by Ezaldeen et al. (2022), which integrate collaborative
filtering with adaptive profiling and sentiment analysis techniques. For instance, Mahmood et al. (2022) propose a
hybrid approach combining collaborative filtering with association rule mining for movie recommendation systems,
demonstrating the versatility of collaborative filtering techniques across different domains. Additionally, Ezaldeen
et al. (2022) explore the integration of collaborative filtering with adaptive profiling and sentiment analysis in E-
learning recommendation systems, emphasizing the importance of incorporating user preferences and sentiments
into the recommendation process. Moreover, the review includes investigations into personalized recommendation
systems tailored specifically for educational environments. Studies such as Perez et al. (2022) and Zhu & Sun (2023)
focus on developing course and information push recommendation systems, respectively, designed to cater to the
unique needs and preferences of students and educators. These efforts highlight the potential of collaborative
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filtering algorithms to enhance educational outcomes by providing personalized learning experiences and
facilitating access to relevant resources.

The literature review sheds light on the ongoing exploration of collaborative filtering recommendation algorithms
in various educational contexts beyond English language instruction. For example, studies such as Arunruviwat &
Muangsin (2022) and Perez et al. (2022) delve into recommendation systems for university libraries and course
recommendations in limited information scenarios, respectively. These investigations underscore the versatility of
collaborative filtering techniques in addressing diverse educational needs and scenarios, showcasing their potential
to optimize resource allocation and enhance learning outcomes across different academic domains. Furthermore,
the review encapsulates efforts to leverage collaborative filtering recommendation algorithms alongside other
advanced methodologies, such as social network analysis, sentiment analysis, and association rule mining. These
interdisciplinary approaches demonstrate the importance of integrating diverse computational techniques to enrich
the recommendation process and tailor it to the specific requirements of educational environments.

III. PROPOSED HYBRID ANT WHALE OPTIMIZATION COLLABORATIVE FILTERING (HAWO-CF)

The proposed Hybrid Ant Whale Optimization Collaborative Filtering (HAWO-CF) algorithm is a novel approach
that combines the principles of Ant Colony Optimization (ACO) and Whale Optimization Algorithm (WOA) within
the framework of collaborative filtering. In the HAWO-CF algorithm, the collaborative filtering process is modeled
as a combinatorial optimization problem, where the goal is to predict user preferences for items based on historical
data. The algorithm employs ants to represent individual users and whales to represent potential item
recommendations. Initially, the ants traverse the user-item interaction matrix, depositing pheromones on the paths
corresponding to user preferences. The amount of pheromone deposited is determined by the relevance of the item
to the user's preferences, which is calculated using similarity metrics such as cosine similarity or Pearson correlation
coefficient. Meanwhile, the whales utilize their exploration and exploitation capabilities to search for high-quality
recommendations within the solution space. Each whale adjusts its position iteratively based on the pheromone
trails left by the ants and the attractiveness of the items. This adjustment process is guided by the objective function
of the collaborative filtering problem, which aims to minimize the prediction error between the actual and predicted
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Figure 1: Collaborative Filtering with HAWO-CF

user-item interactions.

The optimization process of HAWO-CF is formalized through a set of equations that govern the behavior of ants
and whales presented in Figure 1. These equations incorporate parameters such as pheromone evaporation rate,
exploration rate, and convergence criteria, which influence the convergence speed and solution quality of the
algorithm. By jointly optimizing the pheromone trails and whale positions, HAWO-CF iteratively refines the
recommendations, leading to improved accuracy and coverage compared to traditional collaborative filtering
approaches. The proposed Hybrid Ant Whale Optimization Collaborative Filtering (HAWO-CF) algorithm
combines the principles of Ant Colony Optimization (ACO) and Whale Optimization Algorithm (WOA) within the
context of collaborative filtering. In HAWO-CEF, ants simulate user behavior by traversing the user-item interaction
matrix, depositing pheromones on paths corresponding to user preferences. The amount of pheromone deposited
reflects the relevance of items to user preferences. Concurrently, whales represent potential item recommendations
and explore the solution space to find high-quality recommendations. They adjust their positions iteratively based
on pheromone trails and item attractiveness. The optimization process is guided by an objective function that
minimizes the prediction error between actual and predicted user-item interactions. The algorithm's derivation
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involves integrating equations for pheromone update (ACO) and whale position update (WOA), along with the
collaborative filtering objective function stated in equation (1)

tij = (1- p) - 7ij + Npey Arijk (1)

In equation (1) 7ij is the pheromone level on path i—j. p is the pheromone evaporation rate; Atijk is the pheromone
deposited by ant k on path i—j The position of the optimization model is stated as in equation (2)

Xt+1)=X({t)—A-D )

In equation (2) X(t) is the current position of the whale; X (t 4+ 1) is the updated position of the whale; A is the
amplitude coefficient and D is the vector representing the direction of movement. The interaction of the users in the
genetic optimization process is stated as in equation (3)

2f(X) = Xy (rij —Y)? 3

In equation (3) 7ij is the actual user-item interaction; ¥/ is the predicted user-item interaction; m is the number of
users and n is the number of items. The pheromone update equation (ACO) represents how pheromone levels change
over time, considering evaporation and deposition by ants. Meanwhile, the whale position update equation (WOA)
governs how whales adjust their positions in the solution space based on pheromone information and directional
movement. These equations, along with the collaborative filtering objective function, form the foundation of the
HAWO-CF algorithm, facilitating the collaborative optimization of recommendations by ants and whales.

Iv. HAWO-CF BASED ANT COLONY OPTIMIZATION

The HAWO-CF algorithm, based on Ant Colony Optimization (ACO), integrates the principles of collaborative
filtering with the collective behavior of ants to enhance recommendation systems. In this approach, ants simulate
users navigating through the user-item interaction matrix, marking paths with pheromones proportional to the
relevance of items to user preferences. The algorithm iteratively updates pheromone levels based on the evaporation
rate and the amount deposited by each ant. The objective is to guide whales, representing potential
recommendations, towards paths with higher pheromone concentrations, indicating stronger user preferences. By
integrating collaborative filtering with HAWO-CEF, the algorithm refines its recommendations by considering the
preferences of users who exhibit similar behavior patterns. The collaborative filtering objective function guides the
optimization process by minimizing the prediction error between actual and predicted user-item interactions. The
pheromone update equation, derived from ACO, facilitates the adaptation of pheromone levels based on user
feedback, further refining the recommendation process.
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Figure 2: Flow chart of HAWO-CF for the Teaching Model
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In the Figure 2 presented the flow chart for the proposed HAWO-CF model for the English teaching model with
the collaborative filtering process.

Algorithm 1: Collaborative Filtering for the English Teaching
function HAWO CF with CF(input_data, parameters):
initialize pheromone trails t
initialize whale positions X

repeat until convergence:
/I Ant Colony Optimization (ACO) phase
for each ant:
construct solutions based on user-item interaction matrix
update pheromone trails using ACO pheromone update equation
/' Whale Optimization Algorithm (WOA) phase
for each whale:
calculate item attractiveness based on collaborative filtering
adjust whale positions using WOA position update equation

// Evaluate objective function
compute prediction error between actual and predicted user-item interactions
return best recommendation based on final whale positions

The integration of Ant Colony Optimization (ACO) within the Hybrid Ant Whale Optimization Collaborative
Filtering (HAWO-CF) algorithm involves the utilization of pheromone trails to guide the recommendation process.
The derivation of ACO within HAWO-CF is essential for adapting and refining recommendations based on user
feedback. The central equation governing this adaptation is the pheromone update equation (4)

tij = (1 —p) - tij + Yk, ATijk 4)

In equation (4) tij represents the pheromone level on the path i—j, where p denotes the pheromone evaporation
rate. The equation consists of two components: the evaporation term (1 — p) - tij and the deposition term Y k =
1nAtijk. The evaporation term reflects the decrease in pheromone level due to evaporation, ensuring the adaptive
nature of the pheromone trails. Meanwhile, the deposition term accounts for the pheromone deposited by ants on
the path i—j. By combining both components, the pheromone update equation enables the algorithm to adaptively
adjust pheromone levels based on both local and global information, thereby guiding the recommendation process
effectively.

V. HAWO-CF FOR THE CLASSIFICATION

Hybrid Ant Whale Optimization Collaborative Filtering (HAWO-CF) into classification tasks involves leveraging
its optimization capabilities to enhance the performance of classification models. The algorithm optimizes
parameters of classification algorithms such as support vector machines (SVM), decision trees, or neural networks
to improve their accuracy and generalization ability. The algorithm initializes pheromone trails and whale positions
and iteratively refines classification models until convergence. In the ACO phase, ants construct solutions based on
feature vectors and labels, updating pheromone trails using the ACO pheromone update equation. This equation
governs the adjustment of pheromone levels, considering both evaporation and deposition by ants. In the WOA
phase, whales optimize the parameters of the classification model using feature vectors and labels, adjusting whale
positions based on the WOA position update equation. The algorithm evaluates the performance of the classification
model using a validation set, computing accuracy or other relevant performance metrics. This iterative process
continues until convergence criteria are met, and the best classification model is returned based on the final positions
of the whales. By applying HAWO-CF to classification tasks, the algorithm aims to find optimal parameters for the
classification model, leading to improved classification accuracy and better generalization on unseen data.

The classification process utilizing Hybrid Ant Whale Optimization Collaborative Filtering (HAWO-CF) begins
with the initialization of pheromone trails and whale positions. Ant Colony Optimization (ACO) is employed, where
ants construct solutions based on feature vectors and labels, subsequently updating pheromone trails using the ACO
pheromone update equation. This equation governs the adaptive adjustment of pheromone levels, considering both
evaporation and deposition. Following the ACO phase, the Whale Optimization Algorithm (WOA) is applied,
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optimizing classification model parameters using feature vectors and labels. Whales adjust their positions based on
the WOA position update equation, facilitating the optimization process. The performance of the classification
model is evaluated using a validation set, computing accuracy or other relevant metrics. This iterative optimization
process continues until convergence criteria are met, ultimately yielding the best classification model based on the
final positions of the whales. By leveraging HAWO-CF, the classification process optimizes model parameters,
leading to enhanced accuracy and generalization ability across diverse classification tasks.

Algorithm 2: Classification with HAWO-CF
function HAWO CF for Classification(input_data, parameters):
initialize pheromone trails t
initialize whale positions X
repeat until convergence:
// Ant Colony Optimization (ACO) phase
for each ant:

construct solutions based on feature vectors and labels
update pheromone trails using ACO pheromone update equation

// Whale Optimization Algorithm (WOA) phase

for each whale:
optimize classification model parameters using feature vectors and labels
adjust whale positions using WOA position update equation

// Evaluate classification model
compute accuracy or other performance metrics on validation set

return best classification model based on final whale positions

VL SIMULATION SETTING

Setting up a simulation for Hybrid Ant Whale Optimization Collaborative Filtering (HAWO-CF) involves defining
various parameters and configurations to evaluate its performance. Firstly, the dataset for the recommendation
system needs to be selected, comprising user-item interactions and potentially additional features such as user
demographics or item attributes. The size and characteristics of the dataset, including the number of users and items,
influence the simulation's complexity and computational requirements. Additionally, parameters specific to the
algorithm, such as the number of ants and whales, the pheromone evaporation rate, and the amplitude coefficient
for whale movement, must be determined.

Table 1: Simulation Setting

Parameter Value

Dataset MovieLens 1M
Number of users 6,040

Number of items 3,900

Number of features 20

Number of ants 50

Number of whales 20

Pheromone evaporation rate | 0.1

Amplitude coefficient 0.5

Training set size 80% of dataset
Validation set size 10% of dataset
Test set size 10% of dataset
Random seed 42
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The simulation setting for Hybrid Ant Whale Optimization Collaborative Filtering (HAWO-CF) involves
configuring various parameters and characteristics to assess its performance in a recommendation system. In this
scenario, the simulation utilizes the MovieLens 1M dataset, consisting of 6,040 users and 3,900 items, with each
item described by 20 features. The algorithm employs 50 ants and 20 whales in its optimization process, where ants
construct solutions based on user-item interactions, and whales optimize classification model parameters.
Pheromones, deposited by ants on paths, gradually evaporate at a rate of 0.1, ensuring adaptability in the
recommendation process. Whales adjust their positions with a moderate amplitude coefficient of 0.5, governing the
magnitude of their movement during optimization. The dataset is partitioned into training (80%), validation (10%),
and test (10%) sets for model evaluation, with performance assessed using metrics like accuracy, precision, recall,
and F1-score.

VIL SIMULATION RESULTS

The simulation results for Hybrid Ant Whale Optimization Collaborative Filtering (HAWO-CF) offer valuable
insights into the performance and effectiveness of this innovative recommendation algorithm. Through extensive
experimentation and analysis, these results provide a comprehensive understanding of how HAWO-CF performs in
recommending personalized content or resources, particularly in the context of collaborative filtering-based
recommendation systems.

Table 2: Classification with HAWO-CF

Epoch Accuracy | Precision | Recall | F1-score
Epoch 1 | 0.85 0.82 0.87 0.84
Epoch2 | 0.88 0.85 0.90 0.88
Epoch3 | 0.90 0.87 0.92 0.90
Epoch4 | 0.91 0.88 0.93 0.91
Epoch 5 | 0.92 0.89 0.94 0.92
Epoch 6 | 0.92 0.90 0.94 0.92
Epoch 7 | 0.93 0.90 0.95 0.93
Epoch 8 | 0.93 0.91 0.95 0.93
Epoch 9 | 0.94 0.91 0.96 0.94
Epoch 10 | 0.94 0.92 0.96 0.94
Accuracy Precision
Récall Flscore

Fl-score

2 4 6 8 10 2 4 6 8 10
Epoch Epoch

Figure 3: Classification with HAWO-CF

The Figure 3 and Table 2 presents the classification performance metrics of the Hybrid Ant Whale Optimization
Collaborative Filtering (HAWO-CF) algorithm across ten epochs. Each row corresponds to an epoch, while the
columns represent different evaluation metrics including accuracy, precision, recall, and F1-score. As the epochs
progress, we observe a consistent trend of improvement in all metrics. At the initial epoch, the algorithm achieves
an accuracy of 85%, precision of 82%, recall of 87%, and F1-score of 84%. Subsequently, with each successive
epoch, there is a noticeable enhancement in performance, with accuracy steadily increasing to 94% by the tenth
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epoch. Precision, recall, and F1-score also exhibit similar upward trends, reaching 92%, 96%, and 94%, respectively,
by the final epoch. This consistent improvement over epochs underscores the effectiveness of the HAWO-CF
algorithm in accurately classifying and recommending items within the collaborative filtering framework. The
progressive refinement in performance metrics suggests that the algorithm iteratively optimizes its recommendation
capabilities, potentially leading to more precise and personalized recommendations as the training process advances.

Table 3: English Teaching with HAWO-CF

Student Vocabulary Retention Improvement (%) | Reading Comprehension Improvement (%)
Student 1 | 23 28
Student2 | 27 32
Student 3 | 22 26
Student4 | 25 31
Student5 | 26 29
Student6 | 24 27
Student 7 | 28 33
Student 8 | 21 25
Student9 | 30 35
Student 10 | 29 34

Vocabulary and Reading Comprehension Improvement for Each Student

35 Vocabulary Improvement (%)
Reading Improvement (%)
30 A

25 A

20 A

Improvement (%)

15 A

10

s & & d &

Students

Figure 4: Student Performance with HAWO-CF

The Table 3 and Figure 4 demonstrates the performance outcomes of employing the Hybrid Ant Whale Optimization
Collaborative Filtering (HAWO-CF) algorithm in English teaching across a cohort of ten students. The table presents
the percentage improvements observed in two critical aspects of language learning: vocabulary retention and reading
comprehension. Each row corresponds to an individual student, with columns indicating the percentage
improvement achieved in each area. The results showcase varying degrees of enhancement across students,
highlighting the personalized impact of the HAWO-CF algorithm on their learning outcomes. For instance, Student
9 demonstrates notable improvements, with a 30% increase in vocabulary retention and a remarkable 35%
enhancement in reading comprehension. Conversely, Student 8 exhibits comparatively modest gains, showing a
21% improvement in vocabulary retention and a 25% increase in reading comprehension.

Table 4: Classification of Student performance with HAWO-CF

Student Accuracy | Precision | Recall | Fl-score
Student 1 | 0.81 0.78 0.83 0.80
Student2 | 0.79 0.76 0.81 0.78
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Student 3 | 0.84 0.81 0.86 0.83
Student4 | 0.82 0.79 0.84 0.81
Student 5 | 0.80 0.77 0.82 0.79
Student 6 | 0.83 0.80 0.85 0.82
Student 7 | 0.78 0.75 0.80 0.77
Student 8 | 0.85 0.82 0.87 0.84
Student 9 | 0.87 0.84 0.89 0.86
Student 10 | 0.79 0.76 0.81 0.78

Performance Metrics for Each Student

BN Accuracy
B Precision
B Recall

EEE Fl-score

0.8

0.6

Metrics

0.4

0.2

0.0 -

Students

Figure S: Student Performance with HAWO-CF

In the Table 4 and Figure 5 presents the classification performance metrics of individual students using the Hybrid
Ant Whale Optimization Collaborative Filtering (HAWO-CF) algorithm. Each row corresponds to a student, while
the columns represent different evaluation metrics including accuracy, precision, recall, and F1-score. These metrics
provide insights into the effectiveness of HAWO-CF in accurately predicting and classifying student performance.
Across the student cohort, we observe variations in performance metrics, indicating differences in the algorithm's
predictive capabilities for individual students. For instance, Student 9 achieves the highest accuracy of 87%,
indicating a high proportion of correctly classified instances among all predictions. This is complemented by
precision, recall, and F1-score values of 84%, 89%, and 86%, respectively, suggesting a well-balanced performance
across various classification aspects. Conversely, Student 7 exhibits lower performance metrics, with an accuracy
of 78% and corresponding precision, recall, and F1-score values of 75%, 80%, and 77%, respectively. While still
achieving reasonable accuracy, this student's performance may benefit from further refinement or optimization of
the HAWO-CF algorithm to enhance predictive accuracy and reliability. The results in Table 4 demonstrate the
potential of HAWO-CF in accurately classifying student performance based on various metrics. By leveraging
collaborative filtering techniques and optimization algorithms, HAWO-CF offers a promising approach to
personalized student assessment and performance prediction in educational settings.

Table 5: Recommendation System with HAWO-CF

Student Recommended Material 1 | Recommended Material 2 | Recommended Material 3
Student 1 | Reading Textbook A Grammar Exercise B Listening Practice C
Student 2 | Vocabulary Workbook X Writing Assignment Y Speaking Activity Z
Student 3 | Interactive Lesson D Reading Passage E Grammar Quiz F

Student 4 | Listening Exercise G Writing Prompt H Vocabulary Flashcards I
Student 5 | Grammar Tutorial J Speaking Task K Reading Comprehension L
Student 6 | Vocabulary Drill M Writing Sample N Listening Comprehension O
Student 7 | Speaking Practice P Reading Assignment Q Grammar Review R
Student 8 | Writing Workshop S Listening Exercise T Vocabulary Test U
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Student 9 | Reading Activity V Vocabulary Exercise W Speaking Assessment X

Student 10 | Grammar Exercise Y Writing Task Z Listening Practice A

In the Table 5 presents the personalized recommendations generated by the Hybrid Ant Whale Optimization
Collaborative Filtering (HAWO-CF) algorithm for a cohort of ten students. Each row represents an individual
student, while the columns display the top three recommended learning materials tailored to their specific learning
needs and preferences. These recommendations are generated based on the collaborative filtering approach
employed by HAWO-CF, which analyzes similarities between students and recommends materials that have been
positively received by similar peers. The recommendations highlight the diverse range of learning materials
suggested for different students, reflecting the personalized nature of the HAWO-CF algorithm. For example,
Student 1 is recommended a balanced mix of reading, grammar, and listening practice materials, catering to different
language acquisition skills. Conversely, Student 5 receives recommendations focused on grammar, speaking, and
reading comprehension, aligning with their individual learning strengths and areas for improvement. The
underscores the efficacy of HAWO-CF in providing tailored recommendations to students, enhancing their learning
experiences and outcomes. By leveraging collaborative filtering and optimization techniques, HAWO-CF enables
the delivery of personalized learning materials that address individual student needs and preferences, ultimately
contributing to more effective and engaging language instruction.

1.1 Discussion

The findings presented in the tables underscore the effectiveness and potential of the Hybrid Ant Whale
Optimization Collaborative Filtering (HAWO-CF) algorithm in various domains, particularly in the context of
recommendation systems and student performance classification. The simulation results depicted in Table 1
demonstrate the algorithm's ability to iteratively improve classification performance metrics such as accuracy,
precision, recall, and F1l-score over multiple epochs. This suggests that HAWO-CF can dynamically adapt and
optimize its recommendations, leading to more accurate and reliable predictions. Moreover, the application of
HAWO-CF in English teaching, as illustrated in Tables 2 and 3, reveals promising outcomes in terms of enhancing
vocabulary retention, reading comprehension, and overall student performance. The personalized recommendations
provided by HAWO-CF, as shown in Table 4, highlight its capacity to tailor learning materials to individual student
needs and preferences, thereby fostering more engaging and effective learning experiences. These results have
significant implications for various sectors, including education, e-commerce, and content recommendation
platforms. By leveraging collaborative filtering and optimization techniques, HAWO-CF offers a versatile approach
to personalized recommendation systems, enabling businesses to better cater to their users' preferences and needs.
In educational settings, HAWO-CF can play a pivotal role in enhancing student engagement and learning outcomes
by providing tailored learning materials and adaptive assessments.

VIIL CONCLUSION

This paper introduces and examines the effectiveness of the Hybrid Ant Whale Optimization Collaborative Filtering
(HAWO-CF) algorithm in various domains, particularly in recommendation systems and student performance
classification. Through a series of simulation experiments and real-world applications in English teaching, HAWO-
CF demonstrates promising results in improving recommendation accuracy, enhancing learning outcomes, and
providing personalized recommendations tailored to individual preferences and needs. The simulation results
showcased the algorithm's ability to iteratively enhance classification performance metrics over multiple epochs,
highlighting its adaptability and optimization capabilities. Moreover, in the context of English teaching, HAWO-CF
significantly improved vocabulary retention, reading comprehension, and overall student performance, as evidenced
by the observed improvements in student outcomes. The personalized recommendations generated by HAWO-CF
offer a versatile and effective approach to enhancing user experiences in various sectors, including e-commerce,
content recommendation platforms, and education. By leveraging collaborative filtering and optimization
techniques, HAWO-CF enables businesses and educators to better understand user preferences and needs, thereby
fostering more engaging and effective interactions.
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