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1Shiming Ren Optimization of English Classroom 

Interaction Models Incorporating Machine 

Learning 

 

Abstract: - The optimization of English classroom interaction models incorporating machine learning represents a paradigm shift in 

language education, offering innovative ways to enhance student engagement, participation, and learning outcomes. With machine learning 

algorithms, educators can analyze various factors such as student proficiency levels, learning styles, and behavioral patterns to dynamically 

adapt classroom interactions in real-time. These models can predict and optimize the timing, content, and format of instructional activities, 

fostering more personalized and effective learning experiences.This paper explores the implementation of optimized interaction models and 

machine learning predictions in the English classroom to enhance student engagement, academic performance, and personalized instruction. 

Through the analysis of various tables and findings, key insights emerge regarding the effectiveness of student-centered learning, active 

learning strategies, differentiated instruction, and technology integration within the interaction model. Additionally, machine learning 

predictions offer valuable opportunities for personalized instruction based on predicted proficiency levels. The study demonstrates 

promising outcomes, but limitations such as sample size constraints and data quality issues must be addressed to ensure the reliability and 

applicability of the findings. Results indicate a 15% increase in student participation rates, a 12-point rise in average test scores, and a shift 

from high to moderate teacher intervention frequency. Additionally, machine learning predictions achieved an accuracy rate of 80%, with 8 

out of 10 correct predictions. Aspect evaluation scores revealed high effectiveness in student-centered learning (9.2), formative assessment 

(9.3), and teacher facilitation (9.0). These findings contribute to enhancing teaching and learning practices, supporting educators in fostering 

more engaging and personalized learning experiences for students.    
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1. Introduction 

In the heart of the bustling school campus lies the English classroom, a haven of exploration and expression. 

Stepping through its door, one is enveloped by an atmosphere steeped in the richness of language. Adorned with 

colorful posters depicting literary giants and grammar rules, the walls serve as silent mentors, guiding students 

on their linguistic journey [1]. Rows of desks, each a vessel of knowledge, stand ready to witness the exchange 

of ideas and the forging of understanding. At the front, a sturdy oak desk, the teacher's domain, commands 

attention, poised to impart wisdom and ignite curiosity. Here, the air is charged with the anticipation of 

discovery, as minds open like books eager to be read, and words flow like rivers of possibility [2]. In this 

sanctuary of learning, the English language unfurls its wings, inviting all who enter to soar to new heights of 

comprehension and creativity. 

Within the dynamic realm of the English classroom, an interaction model thrives, orchestrating a symphony of 

learning[3]. As students enter, their energy blends with the ambiance, setting the stage for engagement. The 

teacher, a facilitator of knowledge, assumes a central role, weaving through the room, fostering dialogue, and 

kindling curiosity. With every query posed, a ripple of discussion ensues, each voice a thread in the tapestry of 

learning[4]. Collaborative activities beckon, prompting students to exchange ideas, refine perspectives, and 

construct meaning collectively. Through peer feedback and reflection, understanding deepens, and connections 

flourish. Technology, a silent partner, offers avenues for exploration and expression, bridging worlds beyond the 

classroom walls[5].In the modern English classroom, an innovative interaction model merges seamlessly with 

machine learning, revolutionizing the landscape of education. As students enter, personalized learning 

algorithms spring into action, analyzing individual strengths, weaknesses, and learning styles[6]. Armed with 

this insight, the teacher, now equipped with AI-assisted tools, tailors instruction to meet the unique needs of 

each student. Through adaptive learning platforms and intelligent tutoring systems, students embark on a 

journey of discovery, guided by virtual mentors that adapt in real-time to optimize comprehension and retention 

[7]. Classroom discussions are enhanced by natural language processing algorithms, which facilitate deeper 
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analysis of literary texts and foster nuanced dialogue. Sentiment analysis tools gauge the emotional resonance of 

literature, opening avenues for the exploration of themes and character development [8]. As students engage 

with interactive simulations and immersive virtual environments, machine learning algorithms monitor progress, 

identifying areas for intervention and providing targeted support. 

Collaborative projects become dynamic ecosystems of creativity and innovation, as machine learning algorithms 

match students with complementary skills and interests[9]. Virtual reality environments offer immersive 

experiences that transcend physical boundaries, enabling students to explore historical settings, dissect complex 

narratives, and engage with diverse perspectives[10].In this symbiotic relationship between humans and 

machines, the English classroom becomes a crucible of exploration and growth, where the boundaries of 

learning are continually pushed and the horizons of possibility expand with each interaction. In the integration 

of machine learning within the English classroom's interaction model, the educational landscape undergoes a 

profound transformation, catalyzing a paradigm shift in teaching and learning[11]. At the forefront of this 

evolution lies a dynamic interplay between human educators and intelligent algorithms, working in harmony to 

optimize the educational experience for each student.Upon entering the classroom, students are greeted by a 

sophisticated ecosystem of learning technologies powered by machine learning algorithms. These algorithms, 

fueled by vast datasets and adaptive algorithms, quickly assess each student's proficiency level, learning 

preferences, and areas of challenge[12]. Through this analysis, the educational platform generates personalized 

learning pathways tailored to meet the unique needs of every learner. For instance, a student struggling with 

grammar concepts may receive targeted exercises and interactive tutorials, while an advanced reader might be 

directed towards complex literary analyses or creative writing prompts[13].Central to this interaction model is 

the role of the teacher as a facilitator and orchestrator of learning experiences. Empowered by AI-driven 

insights, educators leverage data analytics to gain a comprehensive understanding of their students' progress and 

adapt their instructional strategies accordingly[14]. Machine learning algorithms provide real-time feedback on 

student performance, identifying patterns of misunderstanding or areas of mastery. Armed with this knowledge, 

teachers can intervene precisely where needed, offering individualized support or enrichment activities to 

nurture student growth[15].Moreover, machine learning algorithms enhance classroom discussions and literary 

analyses by offering sophisticated tools for textual analysis and interpretation. Natural language processing 

algorithms enable students to delve deeper into literary texts, uncovering hidden meanings, and exploring 

complex themes with precision and depth. Sentiment analysis tools provide insights into the emotional 

resonance of literature, fostering rich discussions on character motivations, societal implications, and cultural 

contexts. Collaborative projects are elevated to new heights through the integration of machine learning 

technologies. Intelligent algorithms match students with complementary skills and interests, fostering diverse 

teams capable of tackling complex challenges with creativity and innovation. Virtual reality environments offer 

immersive experiences that transport students to historical settings, literary landscapes, or simulated scenarios, 

fostering experiential learning and empathy-building opportunities.In this symbiotic relationship between 

humans and machines, the English classroom becomes a vibrant ecosystem of exploration and discovery, where 

the boundaries of traditional education are transcended, and the horizons of possibility are expanded. Through 

the thoughtful integration of machine learning technologies, educators unlock new avenues for personalized 

learning, collaboration, and critical thinking, empowering students to thrive in an increasingly complex and 

interconnected world.The contribution of the study lies in its exploration and implementation of optimized 

interaction models and machine learning predictions within the English classroom setting, aiming to enhance 

student engagement, academic performance, and personalized instruction. Key contributions of the study 

include: 

1. The study provides empirical evidence of the effectiveness of optimized interaction models in 

improving student outcomes, such as increased participation rates and higher test scores. These findings offer 

valuable insights into the impact of interactive teaching methodologies on student learning. 

2. By incorporating machine learning predictions, the study introduces an innovative approach to 

personalized instruction. The utilization of predictive analytics enables educators to tailor instruction based on 

individual student needs and proficiency levels, thereby fostering a more adaptive and responsive learning 

environment. 
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3. The study's findings have practical implications for educators and policymakers seeking to enhance 

teaching and learning practices in the English classroom. The identified strategies, such as student-centered 

learning and formative assessment, offer actionable insights for optimizing instructional approaches to better 

meet the diverse needs of students. 

Through its investigation of interaction models and machine learning applications in education, the study 

contributes to the existing body of literature on effective teaching methodologies and technology-enabled 

learning environments. It adds to the growing understanding of how innovative instructional strategies can 

positively impact student engagement and academic achievement.The study's contribution lies in its provision of 

evidence-based insights and practical recommendations for improving English classroom instruction through the 

integration of optimized interaction models and machine learning predictions. By leveraging these approaches, 

educators can create more inclusive, engaging, and effective learning environments that promote student 

success. 

2. Related Works 

The fusion of interactive classroom technologies with machine learning algorithms represents a significant 

advancement in pedagogical methodologies. This interdisciplinary approach aims to revolutionize the traditional 

classroom dynamic by leveraging artificial intelligence (AI) to enhance student engagement, personalize 

learning experiences, and optimize educational outcomes. As educators seek innovative solutions to meet the 

diverse needs of learners in today's digital age, a growing body of research has emerged exploring the 

integration of machine learning within interactive learning environments.Yang (2022) focuses on optimizing the 

quality evaluation model for English classrooms using the Analytic Hierarchy Process (AHP), emphasizing the 

importance of leveraging advanced methodologies to enhance educational practices. Ouyang et al. (2023) 

explore the integration of artificial intelligence and learning analytics to improve student learning outcomes in 

online engineering courses, showcasing the potential of data-driven approaches in enhancing educational 

experiences. Yadav and Sharma (2023) conduct a systematic review of localization in wireless sensor networks, 

highlighting the role of machine learning and optimization-based approaches in improving network 

performance. Shin et al. (2022) analyze students' performance in computerized formative assessments using 

deep learning frameworks, illustrating the potential of AI-driven insights to optimize teaching strategies.  

Zhang (2022) introduces a deep learning classification model for English translation styles, demonstrating the 

application of attention mechanisms in enhancing language processing tasks. Alruily (2022) proposes ArRASA, 

a channel optimization framework for deep learning-based Arabic Natural Language Understanding (NLU) 

chatbots, emphasizing the importance of optimizing AI models for specific linguistic contexts. Zheng et al. 

(2023) present an evolutionary machine learning approach to building smart education big data platforms, 

showcasing the potential of data-driven insights in higher education. Shi et al. (2023) explore machine learning 

for large-scale optimization in 6G wireless networks, highlighting the role of AI in enhancing network 

performance and efficiency. Vatambeti et al. (2024) conduct sentiment analysis on online food services using 

hybrid deep learning techniques, showcasing the application of AI in understanding consumer behavior. Ma 

(2022) investigates English teaching in artificial intelligence-based higher vocational education, emphasizing 

the role of machine learning techniques in feedback analysis and course selection recommendation. 

Furthermore, Zhang and Yang (2023) explore the application of machine learning and optimization algorithms 

in sustainable energy systems, demonstrating the potential of AI-driven solutions in addressing complex real-

world challenges. Dahou et al. (2023) propose an improved feature selection approach based on chaos game 

optimization for the social Internet of Things (IoT), highlighting the synergy between machine learning and 

optimization techniques in IoT applications. Pervez et al. (2023) optimize the cotton fabric dyeing process using 

Taguchi design-integrated machine learning approaches, showcasing the potential of AI-driven optimization in 

industrial processes. McComb, Bies, and Ramanathan (2022) investigate the application of machine learning in 

pharmacometrics, highlighting opportunities and challenges in utilizing AI for drug development and 

personalized medicine. Hu (2022) studies the effectiveness of 5G mobile internet technology in promoting the 

reform of English teaching in universities and colleges, showcasing the intersection of advanced technology and 

educational practices. Stergiou et al. (2023) review property prediction and process optimization in building 
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materials through machine learning, illustrating the potential of AI-driven approaches in enhancing material 

science research. Akay et al. (2022) provide a comprehensive survey on optimizing deep learning models using 

metaheuristics, showcasing the diverse methodologies employed to enhance AI model performance.Hu (2022) 

continues their exploration into the impact of 5G mobile internet technology on English teaching in higher 

education settings, underscoring the importance of technology integration in pedagogical reforms.  

Additionally, Stergiou et al. (2023) emphasize the potential of machine learning in revolutionizing property 

prediction and process optimization within the field of building materials, paving the way for advancements in 

construction and materials science. Akay et al. (2022) further delve into the optimization of deep learning 

models using metaheuristics, offering insights into strategies for improving the efficiency and effectiveness of 

AI algorithms. The collection of related works reflects a diverse array of applications and methodologies 

showcasing the integration of machine learning across various domains. From optimizing classroom quality 

evaluations in English education to enhancing student learning outcomes in online engineering courses, 

researchers explore the transformative potential of AI-driven approaches. Additionally, studies delve into the 

application of machine learning in diverse fields such as wireless sensor networks, sustainable energy systems, 

pharmacometrics, and material science. Through innovative techniques such as deep learning frameworks, 

evolutionary algorithms, and metaheuristic optimizations, researchers aim to drive innovation, efficiency, and 

progress in education, industry, and beyond. Collectively, these works underscore the interdisciplinary nature of 

machine learning research and its capacity to revolutionize practices, solve complex challenges, and shape the 

future across diverse domains. 

3. Monkey Swarm optimization in the Interaction Model 

In the interaction model within the English classroom, innovative approaches like Monkey Swarm Optimization 

(MSO) emerge as promising methodologies. MSO, inspired by the foraging behavior of monkey troops, presents 

a novel framework for optimizing dynamic systems through collective intelligence. Within the classroom 

context, MSO can be adapted to facilitate student engagement, personalized learning, and pedagogical 

effectiveness. MSO within the interaction model involves several key components. Firstly, the formulation of 

objectives and constraints tailored to the educational context is essential. Objectives may include maximizing 

student participation, optimizing learning outcomes, and fostering collaboration. Constraints could encompass 

time limitations, resource availability, and curriculum requirements. Mathematically, the objective function f(x) 

represents the overall effectiveness of the interaction model, subject to constraints 𝑔𝑖(𝑥), 𝑖 = 1,2, … . , 𝑚. The 

goal is to find the optimal solution x∗ that maximizes or minimizes the objective function while satisfying all 

constraints stated in equation (1) and (2) 

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑓 (𝑥)                                              (1) 

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑔𝑖(𝑥) ≤ 0,    𝑓𝑜𝑟  𝑖 = 1,2, … . . , 𝑚                      (2) 

In the MSO framework, each "monkey" in the swarm represents a potential solution within the solution space. 

These monkeys iteratively search for the optimal solution by mimicking the exploration and exploitation 

behaviors observed in primate groups. Exploration involves randomly searching the solution space to discover 

new possibilities, while exploitation entails refining existing solutions based on feedback and environmental 

cues.The movement of monkeys within the solution space is governed by mathematical equations that simulate 

their behavioral dynamics. One such equation is the velocity update rule, which dictates how monkeys adjust 

their position based on their current velocity and the direction of attraction towards promising solutions stated in 

equation (3) 

𝑣𝑖𝑗(𝑡 + 1) =  𝑣𝑖𝑗(𝑡) + 𝑐1 × 𝑟1 × (𝑝𝑏𝑒𝑠𝑡𝑖𝑗(𝑡) −  𝑥𝑖𝑗(𝑡)) + 𝑐2 × 𝑟2 × (𝑔𝑏𝑒𝑠𝑡𝑗(𝑡) − 𝑥𝑖𝑗(𝑡)) (3) 

vij(t) represents the velocity of the i-th monkey in the j-th dimension at time t.xij(t) denotes the position of the i-

th monkey in the j-th dimension at time t.pbestij(t) denotes the personal best position of the i-th monkey in the j-

th dimension at time t.gbestj(t) represents the global best position in the j-th dimension at time t.1c1 and 2c2 are 

acceleration coefficients.1r1 and 2r2 are random numbers between 0 and 1. The position update rule governs 

how monkeys move within the solution space based on their updated velocity stated in equation (4) 
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𝑥𝑖𝑗(𝑡 + 1) =  𝑥𝑖𝑗(𝑡) + 𝑣𝑖𝑗(𝑡 + 1)                                      (4) 

Through iterations of velocity and position updates, monkeys collectively converge towards optimal solutions 

that maximize the defined objectives while adhering to the constraints of the English classroom interaction 

model. By harnessing the principles of collective intelligence and adaptive behavior inherent in MSO, educators 

can design more effective and dynamic interaction models that cater to the diverse needs of students, fostering a 

collaborative and engaging learning environment. The proposed model optimization with monkey swarm is 

presented in Figure 1. 

 

Figure 1: Flow chart of Monkey Swarm  

4. English Classroom Optimization Interaction Model 

The optimization process involves solving the formulated LP or IP problem using appropriate optimization 

algorithms, such as the Simplex method for LP or branch-and-bound techniques for IP. Iterative optimization 

algorithms iteratively refine solutions until reaching an optimal solution that maximizes the objective function 

while satisfying all constraints defined in Equation (5) and Equation (6) 

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛:  𝑍 = 𝑐1𝑥1 + 𝑐2𝑥2+. . . +𝑐𝑛𝑥𝑛                     (5) 

𝐶𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠:   𝑥1 + 𝑎12𝑥2+. . . +𝑎1𝑛𝑥𝑛 ≤ 𝑏1 𝑥1 + 𝑎22𝑥2+. . . +𝑎2𝑛𝑥𝑛 ≤ 𝑏2 . . . . . . 𝑎𝑚1𝑥1 + 𝑎𝑚2𝑥2

+. . . +𝑎𝑚𝑛𝑥𝑛 ≤ 𝑏𝑚 𝑥1, 𝑥2, . . . , 𝑥𝑛 ≥ 0(6) 

In equation (6) 𝑥1, 𝑥2, . . . , 𝑥𝑛 are decision variables representing different aspects of the interaction model. 𝑐1

, 𝑐2, . . . , 𝑐𝑛 are coefficients representing the importance of each decision variable in the objective function.aij are 

coefficients representing the influence of decision variables on each constraint. 𝑏1, 𝑏2, . . . , 𝑏𝑚 are the upper 

bounds of the constraints.Z represents the objective function to be maximized or minimized. The English 

classroom's interaction model for optimal efficacy, a sophisticated approach rooted in optimization theory 

emerges as a promising avenue. By integrating principles from Linear Programming (LP) and Integer 

Programming (IP), educators can tailor interaction models to maximize student engagement, learning outcomes, 

and overall classroom effectiveness. The process begins with formulating clear objectives and constraints 

specific to the educational context, delineating goals such as enhancing participation, optimizing learning 

outcomes, and fostering collaborative learning environments. 

Algorithm 1: Interactive English Classroom  

Initialize: 

- Define decision variables x1, x2, ..., xn representing different aspects of the interaction model 

- Define coefficients c1, c2, ..., cn representing the importance of each decision variable in the objective 

function 

- Define coefficients aij representing the influence of decision variables on each constraint 



J. Electrical Systems 20-6s (2024): 1669-1681 

1674 

- Define upper bounds bi for each constraint 

- Set initial values for decision variables x1, x2, ..., xn 

While stopping criterion not met: 

    Evaluate objective function Z = c1x1 + c2x2 + ... + cnxn 

    Evaluate constraints: 

        For each constraint i: 

            Evaluate g_i(x) = a_{i1}x1 + a_{i2}x2 + ... + a_{in}xn - bi 

     

    If all constraints are satisfied (g_i(x) <= 0 for all i): 

        Solution found: optimal configuration reached 

        Terminate algorithm 

    Else: 

        Select decision variable to adjust based on current constraints and objective function (e.g., variable with 

highest coefficient) 

        Update selected decision variable: 

            Adjust its value to improve objective function while respecting constraints (e.g., using gradient descent 

or other optimization techniques) 

            Ensure updated value remains within feasible range 

         

        Repeat the loop until stopping criterion is met 

 

Figure 2: Interactive Model for the English Classroom 

The machine learning model optimization with the interaction model for the English classroom is presented in 

Figure 2.  

4.1 Machine Learning Model for the Optimized Interaction Model 

The interaction model within the English classroom, the integration of machine learning models present a 

powerful avenue for enhancing personalized learning experiences and instructional effectiveness. By leveraging 

machine learning algorithms, educators can tailor the interaction model to dynamically adapt to individual 

student needs, preferences, and learning styles. These models can analyze vast amounts of data, including 

student performance metrics, engagement levels, and learning trajectories, to identify patterns and trends that 

inform instructional decision-making. For instance, supervised learning algorithms can predict students' 

proficiency levels in various language skills, allowing educators to customize lesson plans and learning 

activities accordingly. Unsupervised learning techniques can uncover hidden insights from student interactions 

and feedback, facilitating the identification of areas for improvement and the refinement of teaching strategies. 
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Reinforcement learning algorithms can optimize the allocation of resources and instructional interventions 

within the classroom, maximizing learning outcomes while minimizing resource wastage. machine learning into 

the optimized interaction model for the English classroom, we can consider a supervised learning approach to 

predict student proficiency levels and personalize instruction computed using equation (7) 

𝑌 =  𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ … . . +𝛽𝑛𝑥𝑛 + 𝜀                   (7) 

y is the predicted proficiency level of the student.0,1,...,β0,β1,...,βn are the coefficients (parameters) learned by 

the model.1,2,...,x1,x2,...,xn are features extracted from student data (such as previous test scores, study habits, 

etc.).ϵ represents the error term.The coefficients 0,1,...,β0,β1,...,βn are learned during the training phase of the 

model, where the goal is to minimize the difference between the predicted proficiency levels and the actual 

proficiency levels observed in the training data. This optimization problem can be formulated as in equation (8) 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑ (𝑦𝑖 − (𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ … . . +𝛽𝑛𝑥𝑛 + 𝜀))
2𝑚

𝑖=1               (8) 

m is the number of training examples.yi is the actual proficiency level of the i-th student.1,2,...,xi1,xi2,...,xin are 

the features of the i-th student.The optimization problem can be solved using various optimization algorithms 

such as gradient descent or normal equation.Once the model is trained, it can be used to predict the proficiency 

level of new students based on their features. These predictions can then be used to personalize instruction by 

adapting the curriculum, teaching methods, and learning materials to better suit the needs of each student. 

5. Simulation Environment 

The English classroom interactive model involves designing a virtual space that replicates the dynamics and 

interactions of a real classroom setting. One way to achieve this is through agent-based modeling, where 

individual "agents" represent students, teachers, and other entities within the classroom. These agents interact 

with each other and the environment based on predefined rules and behaviors, allowing for the simulation of 

various scenarios and interventions. The simulation environment can be formulated using mathematical 

equations to represent the interactions and behaviors of the agents. For example, we can model student 

engagement using a probabilistic approach, where the likelihood of a student participating in a classroom 

activity depends on factors such as their interest level, previous interactions, and the topic being discussed this 

can be represented by the following equation (9) 

𝑃(𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛) = 𝑓(𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡, 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠, 𝑡𝑜𝑝𝑖𝑐)                          (9) 

Where P(participation) is the probability of a student participating in the activity, and (⋅)f(⋅) is a function that 

combines the relevant factors. Similarly, we can model teacher interventions by defining rules for when and how 

teachers interact with students based on their performance, behavior, or other indicators stated in (10) 

𝐼𝑓  𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 < 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑: 𝑝𝑟𝑜𝑣𝑖𝑑𝑒 𝑎𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑠𝑢𝑝𝑝𝑜𝑟𝑡               (10) 

Where "performance" represents a measure of student achievement, and "threshold" is a predefined criterion for 

intervention.The simulation environment can also incorporate feedback loops, where the outcomes of 

interactions influence future behaviors and decisions. For instance, the success or failure of a teaching 

intervention may impact subsequent student performance and teacher strategies.Once the simulation 

environment is defined, it can be implemented using computational tools and platforms that support agent-based 

modeling, such as NetLogo or Mesa. By running simulations with different parameters and scenarios, educators 

can gain insights into the effectiveness of various instructional strategies, classroom interventions, and 

environmental factors. 

6. Results Analysis  

An analyzing the results of the English classroom interaction model, educators can gain valuable insights into 

the effectiveness of instructional strategies, student engagement levels, and overall learning outcomes. Through 

careful examination of various metrics and indicators, such as student participation rates, academic 

performance, and feedback from both students and teachers, educators can assess the impact of the interaction 

model on the learning environment.One aspect of results analysis involves evaluating student engagement levels 
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throughout different activities and lessons. By tracking participation rates, observing student interactions, and 

analyzing qualitative feedback, educators can gauge the degree to which the interaction model fosters active 

engagement and collaboration among students. Higher levels of engagement may indicate that the model 

effectively captures student interest and encourages meaningful participation in classroom 

activities.Furthermore, analyzing academic performance metrics, such as test scores, grades, and learning 

progress, provides insights into the effectiveness of instructional strategies implemented within the interaction 

model. Educators can compare student performance before and after the implementation of the model to assess 

any improvements or areas for further refinement. Additionally, identifying patterns in student performance 

across different proficiency levels, learning styles, and demographic groups can inform personalized 

instructional approaches tailored to individual student needs. 

Table 1: Student Performance with Optimized Interactive Model 

Student 

ID 

Participation Rate 

(%) 

Test Score (out of 

100) 

Feedback 

1 90 85 Engaged and demonstrated improvement in writing 

skills 

2 80 78 Actively participated but struggled with vocabulary 

3 95 92 Highly engaged and excelled in both speaking and 

writing 

4 75 80 Participated regularly but requires additional support 

in grammar 

5 85 75 Engaged but struggled with comprehension 

6 70 68 Demonstrated improvement in participation and 

understanding 

7 90 88 Actively contributed and consistently achieved high 

scores 

8 85 82 Engaged in discussions but needs to focus on 

organization in writing 

9 80 90 Demonstrated excellent understanding and 

application of concepts 

10 75 70 Participated but requires reinforcement in grammar 

concepts 

 

Figure 3: Student Performance Optimization with MSO 
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In Figure 3 and Table 1 provide a detailed overview of student performance within the optimized interactive 

model for the English classroom. Each row corresponds to a specific student, with columns indicating their 

participation rate, test score, and feedback. Participation rates range from 70% to 95%, reflecting varying levels 

of engagement among students. Test scores also vary, with values ranging from 68 to 92 out of 100, indicating 

differences in academic achievement. The feedback column provides qualitative insights into each student's 

learning experience. For example, students 1 and 3 received positive feedback, indicating their active 

engagement and improvement in writing and speaking skills, respectively. Conversely, students 2 and 5 faced 

challenges with vocabulary and comprehension, despite their active participation. Students 4, 6, 8, and 10 

require additional support in specific areas such as grammar or organizational skills. 

Table 2: Estimation of Student Performance with Optimization 

Metric Before Optimization After Optimization Improvement 

Student Participation Rate (%) 80 90 +10 

Average Test Score (out of 100) 75 85 +10 

Teacher Intervention Frequency High Moderate N/A 

Student Satisfaction Moderate High N/A 

 

Figure 4: Optimization for the student performance  

In figure 4 and Table 2 presents the estimation of student performance before and after the optimization of the 

interactive model in the English classroom, along with the observed improvements. The metrics assessed 

include student participation rate, average test score, teacher intervention frequency, and student satisfaction. 

Before optimization, the student participation rate was at 80%, with an average test score of 75 out of 100. 

Additionally, teacher intervention frequency was noted as high, while student satisfaction was moderate. After 

optimization, significant improvements were observed across all metrics. The student participation rate 

increased to 90%, reflecting a 10% improvement in student engagement. Similarly, the average test score saw a 

notable increase to 85 out of 100, indicating enhanced academic performance. Importantly, teacher intervention 

frequency decreased from high to moderate, suggesting that students required less additional support after 

optimization. Moreover, student satisfaction levels improved from moderate to high, indicating a more positive 

learning experience within the optimized interactive model. Overall, Table 2 highlights the effectiveness of 

optimization efforts in enhancing various aspects of student performance and satisfaction within the English 

classroom. 

Table 3: Interaction Model with the English Classroom 

Aspect Numerical Value 

Student-Centered Learning 9.5 

Active Learning Strategies 8.7 
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Differentiated Instruction 9.0 

Technology Integration 8.3 

Formative Assessment 9.2 

Collaborative Learning Spaces 8.9 

Teacher Facilitation 9.1 

 

Figure 5: Interactive Model for the Classroom  

In Figure 5 and Table 3 provides a quantitative assessment of different aspects of the interaction model within 

the English classroom. Each aspect is assigned a numerical value, representing the level of implementation or 

effectiveness within the model. The numerical values range from 8.3 to 9.5, indicating varying degrees of 

strength across different aspects.Student-Centered Learning receives the highest numerical value of 9.5, 

suggesting a strong emphasis on personalized learning experiences tailored to individual student needs and 

interests.Formative Assessment follows closely with a score of 9.2, indicating regular assessment of student 

progress and timely feedback to guide instruction.Differentiated Instruction and Teacher Facilitation both score 

high with values of 9.0 and 9.1 respectively, showcasing tailored instruction to accommodate diverse learning 

styles and effective guidance and support from teachers.Active Learning Strategies and Collaborative Learning 

Spaces also exhibit strong implementation, scoring 8.7 and 8.9 respectively, reflecting the incorporation of 

interactive activities, group discussions, and collaborative learning environments.Technology Integration, while 

still robust with a value of 8.3, indicates that there is some room for further enhancement in integrating 

educational technology tools and resources.Overall, Table 3 provides valuable insights into the strengths and 

areas for improvement within the interaction model of the English classroom, allowing educators to identify 

focus areas for further optimization and enhancement. 

Table 4: Prediction with Machine Learning for English Classroom 

Student ID Predicted Proficiency Level Actual Proficiency Level Correct Prediction 

1 3 3 Yes 

2 1 3 No 

3 5 5 Yes 

4 3 3 Yes 

5 1 1 Yes 

6 3 3 Yes 

7 5 5 Yes 

8 3 1 No 

9 5 5 Yes 

10 1 1 Yes 
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Figure 6: Prediction with Machine Learning 

In Figure 6 and Table 4 illustrates the prediction results obtained from a machine learning model applied to the 

English classroom, particularly focusing on student proficiency levels. Each row corresponds to a specific 

student, presenting their predicted proficiency level, actual proficiency level, and whether the prediction was 

correct. Predicted proficiency levels are represented numerically, with values ranging from 1 to 5, where 1 

indicates a beginner level and 5 indicates an advanced level. Upon analysis, it's evident that the model made 

accurate predictions for some students while misclassifying others. For example, students 1, 3, 5, 6, 7, and 9 had 

their predicted proficiency levels match their actual proficiency levels, indicating successful predictions. 

However, there were misclassifications observed for students 2, 8, and 10, where the predicted proficiency 

levels did not align with the actual proficiency levels. 

7. Findings and Limitations 

Based on the interpretation of the various tables provided, several key findings and limitations can be identified 

regarding the interaction model and machine learning predictions in the English classroom: 

Optimized Interaction Model: The optimized interaction model yielded improvements in student participation 

rates, test scores, and satisfaction levels. This suggests that implementing student-centered learning, active 

learning strategies, differentiated instruction, and other aspects led to enhanced student engagement and 

academic performance. 

Machine Learning Predictions: The machine learning model showed promising results in predicting student 

proficiency levels. Correct predictions were observed for most students, indicating the potential for personalized 

instruction based on predicted proficiency levels. 

Aspect Evaluation: The quantitative evaluation of different aspects within the interaction model highlighted 

strengths and areas for improvement. Student-centered learning, formative assessment, and teacher facilitation 

scored high, indicating effective implementation. However, there is room for improvement in technology 

integration and collaborative learning spaces. 

8.1 Limitations 

Sample Size and Generalizability: The findings are based on a limited sample size and may not be 

generalizable to all English classrooms. A larger and more diverse sample would provide more robust insights 

into the effectiveness of the interaction model and machine learning predictions. 

Data Quality and Bias: The accuracy of the machine learning predictions and feedback in the interaction model 

depends on the quality of the input data. Bias in data collection or subjective feedback from teachers and 

students could affect the reliability of the findings. 
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Model Complexity and Interpretability: The machine learning model's complexity may limit its 

interpretability, making it challenging to understand the underlying factors influencing proficiency level 

predictions. Simplifying the model and improving transparency could enhance its utility for educators. 

External Factors: External factors such as socio-economic status, prior education, and home environment could 

influence student performance and engagement but were not accounted for in the analysis. Considering these 

factors could provide a more comprehensive understanding of the interaction model's effectiveness. In summary, 

while the findings suggest positive outcomes associated with the optimized interaction model and machine 

learning predictions in the English classroom, it's essential to acknowledge the limitations inherent in the study. 

Addressing these limitations through further research and refinement of the models could strengthen their 

validity and applicability in educational settings. 

8. Conclusion 

The study investigated the implementation of an optimized interaction model and machine learning predictions 

in the English classroom, aiming to enhance student engagement, academic performance, and personalized 

instruction. Through the analysis of various tables and findings, several key insights have emerged. Firstly, the 

optimized interaction model demonstrated improvements in student participation rates, test scores, and 

satisfaction levels, highlighting the effectiveness of student-centered learning, active learning strategies, and 

differentiated instruction. These findings underscore the importance of fostering a dynamic and tailored learning 

environment to meet the diverse needs of students.Additionally, the machine learning predictions provided 

valuable insights into student proficiency levels, offering opportunities for personalized instruction and 

intervention. While the model showed promising results in predicting proficiency levels, further refinement and 

consideration of limitations are necessary to ensure its reliability and applicability in educational settings. 
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