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Abstract: Cognitive-fuzzy learning systems are revolutionizing university English smart classrooms, offering innovative 

solutions to longstanding educational challenges. Existing English language education often struggles with accommodating 

diverse learning styles and paces, leading to disengagement and suboptimal outcomes. Traditional methods lack the flexibility 

to adapt in real-time to individual student needs, hindering overall educational effectiveness. Cognitive-fuzzy learning systems 

integrate advanced technologies with traditional teaching methods, paving the way for more effective and personalized learning 

experiences. The proposed Cognitive-Fuzzy Adaptive Learning Algorithm (CFALA) addresses these educational challenges by 

combining cognitive learning theories with fuzzy logic principles. This novel approach enables dynamic adjustment of teaching 

strategies based on continuous analysis of student data. CFALA overcomes existing challenges through real-time processing of 

student interactions, learning patterns, and performance metrics. The system’s fuzzy logic component manages uncertainties in 

the learning process, allowing for nuanced understanding and response to individual student needs. Smart classroom 

implementation further enhances CFALA’s effectiveness, creating a responsive and adaptive learning environment. Improved 

student engagement, comprehension, and learning outcomes have resulted from using the CFALA system. Empirical evidence 

shows that CFALA outperforms traditional methods across various metrics. The possible achievement of the model in university 

settings raises hopes for its widespread implementation and provides vital insights into adaptive learning technologies. This 

research provides a robust framework for future smart classroom design and application developments, particularly in language 

education contexts. 
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1. Introduction 

The integration of modern technology into classrooms 

has revolutionized education, especially in language 

teaching. Academic institutions’ use of cognitive-fuzzy 

learning systems Among the several recent innovations 

in language instruction, smart classrooms in English are 

among the most cutting-edge methods that integrate 

educational technology, fuzzy logic, and cognitive 

research [28]. By developing a curriculum that is more 

interactive, personalized, and flexible, this new 

paradigm hopes to make college-level English language 

lessons more effective. 

To maximize the learning experience, smart 

classrooms use cognitive-fuzzy learning systems, 

adaptive material delivery, environmental sensors, 

personalized learning paths, interactive whiteboards and 

tablets, and real-time student performance analysis [29]. 

Language instruction, Science, Technology, 

Engineering, and Mathematics (STEM) classes, group 

work, online field trips, automated tests, personalized 

comments, and accommodating students with special 

needs are all possible in today’s smart classrooms. 

Through the use of technology to provide dynamic  

 
learning environments and the personalization of 

instruction, these developments improve education. 

Over the last decade, which were once basic digital tool 

integrations have evolved into a fully-fledged 

ecosystem for learning facilitated by technology in 

today’s smart classrooms [23]. University English 

courses are evolving into smart classrooms, which make 

use of a range of technology including Artificial 

Intelligence (AI), Internet of Things (IoT) devices, and 

advanced data analytics to foster a more dynamic and 

participatory learning atmosphere. Smart classrooms 

actively seek out student participation and enable quick 

response, catering to a variety of learning methods.  

The innovative technique relies on the cognitive-

fuzzy learning system, which combines fuzzy logic with 

cognitive psychology. Cognitive psychology 

illuminates many elements of language learning by 

studying how the brain develops, stores, and retrieves 

information [6]. Educators must understand language 

acquisition cognitive pathways to maximize learning. 

Only then can instructors create educational strategies 

that match students’ thinking [5]. However, fuzzy logic 

increases learning system complexity and adaptability. 
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Fuzzy logic allows degrees of truth, making it ideal for 

language learning’s complexity and ambiguity [15]. In 

English language instruction, fuzzy logic can improve 

language tests, process more personalized responses, 

and customize lesson plans for specific pupils [27]. 

Fuzzy logic and cognitive concepts lay the 

foundation for adaptive learning platforms, smart 

tutoring systems, and intricate feedback mechanisms 

[17]. The smart classroom is able to personalize the 

learning experience for each student in real-time 

because to this cognitive-fuzzy method. University 

smart classrooms teaching English can benefit from 

cognitive-fuzzy learning systems because of their 

capacity for expansion [2]. Because college students’ 

English ability levels vary greatly, a cookie-cutter 

approach to teaching the language is not going to cut it. 

Because of its malleability, the cognitive-fuzzy system 

may be programmed to follow each student’s unique 

learning pattern, adapting instruction to their own needs 

and interests [31]. The system’s real-time data handling 

and analysis capabilities enable continuous evaluation 

and instant feedback [18]. This function is crucial for 

language acquisition since it allows for immediate 

feedback and correction. Pronunciation, grammatical 

usage, vocabulary selection, and overall language 

production can all be tracked by the smart classroom, 

which can then provide timely feedback and ideas for 

development [7]. Among the many applications of 

cognitive-fuzzy learning systems is classroom 

collaboration [16]. By analyzing student behavior and 

performance trends, the technology may pair students 

up for complementary group assignments, establish the 

most effective study groups, and provide chances for 

students to learn from each other. This aspect of the 

smart classroom is in line with current pedagogical 

practices, which value student-to-student 

communication highly [26].  

The Cognitive-Fuzzy Adaptive Learning Algorithm 

(CFALA) dynamically adapts teaching tactics to 

different learning styles to improve English language 

instruction. Adaptive Control of Thought Rational 

(ACT-R), a cognitive architecture that models human 

cognition, allows CFALA to adapt content and pacing 

to individual learning patterns. Adaptive Neural Fuzzy 

Inference System (ANFIS) [13] uses neural networks 

and fuzzy logic to manage learning uncertainties and 

make nuanced decisions. CFALA improves student 

engagement and learning results by personalizing 

learning, altering difficulty levels, selecting relevant 

materials, and delivering real-time feedback using these 

technologies. 

An adaptive learning framework including cutting-

edge technologies like fuzzy logic, AI, and IoT devices 

is the suggested approach for a smart classroom. This 

framework would allow for the creation of a dynamic 

and individualized learning environment. To constantly 

track and evaluate educational requirements, the system 

makes use of data acquired in real-time via student 

interactions, performance indicators, and environmental 

sensors. The data is then used by an adaptive decision-

making engine that uses a mix of neural networks and 

fuzzy logic to dynamically modify the delivery of 

information, learning pace, and teaching tactics based 

on the needs of both individuals and groups. This 

capacity for adaptation guarantees individualized 

instruction, optimal classroom settings, and immediate 

feedback. Digital whiteboards, iPads, and instructor 

control panels are some of the interactive elements that 

the system uses to encourage participation and 

teamwork. The system’s goal is to improve learning 

outcomes and transform contemporary education by 

catering to various learning styles, cognitive 

requirements, and outside influences in the classroom. 

Current English language training is inflexible, 

cookie-cutter, and doesn’t accommodate students’ 

learning styles and rates, resulting in low interest and 

poor performance. CFALA integrates cognitive 

learning theories with fuzzy logic to solve these 

difficulties. CFALA uses real-time student performance 

data to adjust material, feedback, and learning styles, 

improving educational efficacy. Using adaptable 

material, tempo, and evaluation to improve instruction. 

A successful deployment requires addressing 

technology, privacy, training, content creation, and 

assessment.  

 To enhance adaptability as well as personalization in 

English language education by implementing 

CFALA, which dynamically adjusts teaching 

strategies using ACT-R and ANFIS for adaptive 

decision-making, accommodating diverse learning 

styles. 

 To improve student engagement and outcomes by 

utilizing CFALA to create an adaptive learning 

environment that processes student data in real time, 

leading to better comprehension and overall 

effectiveness. 

 To advance smart classroom technologies by 

developing a framework demonstrating CFALA’s 

superiority over traditional methods, encouraging its 

adoption in university English classroom 

applications. 

An overview of the research follows. The second 

section describes a comprehensive literature and 

research methodology review. Section 3 describes the 

research plan, methodologies, and processing. Section 4 

describes the results of the analysis. The conclusion and 

future work are in section 5. 

2. Literature Survey 

2.1. Cognitive Learning Theories in Language 

Acquisition 

Mengi and Malhotra [21] presented Socio-Behavioral 

Disorders (SBD), a subgroup of neurodevelopmental 
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disorders, are a major mental health issue in India. 

Traditional SBD tools are based on western 

understanding, giving these countries little information. 

This study explores the transition from traditional to 

artificial intelligence SBD diagnosis in India. The study 

identified relevant Indian studies using Preferred 

Reporting Items for Systematic Mapping Analyses 

(PRISMA) criteria and assessed 148 SBD prediction 

publications using classic or fuzzy methods. Most 

verified SBD tools are difficult to utilize in India. For 

early SBD identification, Magnetic Resonance Imaging 

Multimodality Transfer Learning (MRI-MTL), an 

artificial intelligence framework, uses MRI 

multimodality transfer learning. 

Estrada-Real and Cantu-Ortiz [12] proposed that 

universities were prepared for the global market by 

climbing the ranks of top schools. A model has been 

created to forecast how well universities will do in 

Quacquarelli Symonds’ World University Rankings 

(QS-WUR). Based on their past performance, the model 

predicts the ultimate scores of university partners using 

statistical and machine learning techniques. To boost 

international collaboration, increase university status, 

recruit top students and staff, and secure funding, 

university executives should use the model as a guide. 

The research used several methods to assess the ranking 

performance of Tecnologico de Monterrey and other 

foreign colleges. 

2.2. Applications of Fuzzy Logic in Educational 

Technology 

Dai and Ke [10] presented a comprehensive mapping 

review that examines simulation-based learning and AI. 

In the review, six categories and three thematic trends 

are identified: AI built in virtual agents for simulation-

based learning, affective computing in simulation-based 

learning, and evaluations using AI. The study 

emphasized the need to balance instructors, learners, 

and technologies in AI-powered simulation-based 

learning. In simulation-based learning, AI-led 

evaluations help teachers analyze students’ learning 

pathways and enhance teaching, while learners enjoy 

hard activities and balanced affective states. The review 

suggests continuing research on module-based AI as 

well as hybrid AI mechanisms, examining the effects of 

various designs and scaffoldings, investigating delayed 

affective state effects, developing machine/deep 

learning algorithms or techniques, and studying ethics-

related AI in simulation-based learning. 

Stojanovic et al. [25] assessed students’ mathematical 

understanding following the introduction of e-learning 

through the use of the ANFIS. Moodle is a popular 

Learning Management System (LMS) that is specifically 

utilized in universities and colleges. In this study, 

researchers in Serbia looked at how online education 

affected classroom instruction and students’ ability to 

learn. To find out what matters most for kids’ arithmetic 

scores, teachers use the ANFIS. According to the 

findings, past knowledge has the greatest impact on 

performance, and it works even better when mixed with 

education software during primary school lessons and 

with incentives to study math in senior school. 

2.3. Evolution of Smart Classroom 

Technologies in Higher Education 

Dimitriadou and Lanitis [11] discussed intelligent 

classrooms for college English utilizing artificial 

intelligence. An innovative teaching style has raised 

student satisfaction to 80%. Artificial intelligence-

powered class administration, educational materials, and 

evaluation systems were featured. Smart classroom 

merits and downsides and AI’s role have been explored. 

Develop additional study directions and conduct a 

Strengths Weaknesses Opportunities Threats (SWOT) 

analysis. AI-powered smart classrooms led the way in 

improving student services as new technologies 

emerged. Ongoing monitoring, new surveys, and 

comparing technologies to quantify their effects and find 

areas for improvement were all part of the initial concept. 

Alhasan et al. [1] addressed learning services are 

gaining popularity in education. There is empirical 

research on smart classroom IoT uptake. Students’ desire 

to use IoT services in smart classrooms is examined 

using an integrated approach based on the Technology 

Acceptance Model (TAM), Technology Readiness 

Index (TRI), and external factors (enjoyment, 

compatibility, and self-efficacy). A quantitative research 

design was utilized to determine students’ smart 

classroom IoT service adoption intentions. 

Compatibility, discomfort, enjoyment, and self-efficacy 

strongly affected Perceived Ease of Use (PEoU) and 

Perceived Usefulness (PU). Innovation affected PEoU, 

whereas insecurity affected PU. PU also affected 

students’ IoT service usage intentions. 

2.4. Limitations of Conventional Teaching 

Methods 

Magd and Jonathan [20] displayed Online learning has 

become more popular in higher education institutions 

because of the COVID-19 epidemic. However, several 

obstacles come with this trend, including issues with 

student engagement, evaluation of performance, 

absenteeism, and inadequate familiarity with online 

resources. Regardless, the majority of educational 

institutions have made efforts to adjust by offering new 

forms of instruction, materials, and assessment tools, as 

well as other approaches to learning. Topics such as 

holistic learning, blended learning, improved instructor-

student skills, and evaluation standards should be the 

focus of future studies. Both social constraints and the 

study’s data-gathering methods have its limitations. 

Baig et al. [4] exhibited that big data in education has 

been the subject of 40 primary papers published between 
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2014 and 2019, according to the study. According to the 

results, there has been a surge in research on the topic of 

big data in the classroom within the last two years. 

Modeling an educational data warehouse, learner 

behavior and performance, educational system 

improvement, and curriculum integration of big data are 

the four key issues of the current study. The majority of 

research is centered on the way and what learners do. 

This study sheds light on the best way to effectively use 

big data in the classroom and offers directions for 

additional research in the field. 

2.5. Issues with Personalization and Adaptive 

Learning 

Rajavel et al. [24] presented a behavioral learning 

system based on cognitive fuzzy principles for e-

commerce applications that seek to implement 

sustainable bargaining techniques. During two-way 

talks, the system improves metrics like utility value, 

success rate, overall negotiating time, and 

communication overhead by simulating human 

attitudes. Additionally, the approach reduces 

communication overhead and overall negotiating time. 

In order to optimize utility value and success rate among 

negotiation parties, the suggested technique is 

implemented in an intelligent third-party broker agent. 

When compared to other tactics, cognitive fuzzy-based 

learning is more efficient and produces better results. 

The dynamic elasticity of the cloud-based infrastructure 

allows it to manage numerous requests simultaneously. 

Zhou et al. [30] recommended an adaptive learning 

network for plug-in hybrid energy management. A Deep 

Deterministic Policy Gradient (DDPG) network and an 

ANFIS network are used. The ANFIS network 

implements offline dynamic programming results in real 

time using global K-fold fuzzy learning. The DDPG 

network controls ANFIS input using real-world 

reinforcement signals. Experimental results reveal that 

the DDPG-ANFIS network has 8% higher Control 

Utility (CU) than MATLAB ANFIS. In five simulated 

real-world driving circumstances, the network boosts 

maximum mean CU by 138% and 5.2%. Future research 

will build online multiple-objective optimization 

algorithms for autonomous driving energy efficiency, 

safety, and drivability. 

Narayanan and Kumaravel [22] presented AI, 

machine learning, and the Adaptive Neuro-Fuzzy 

Inference System (ANFIS) are used in the hybrid 

gamification framework to motivate and engage 

students. The technology tracks student interactions and 

performance to reward progress, motivating and 

engaging. This technology lets educators track student 

engagement, quiz scores, and discussion forum 

participation. 200 computer science students tested the 

framework and found it effective. The model improves 

learning analytics, content production, reward 

allocation, and feedback aid in accuracy, specificity, 

sensitivity, and performance. 

2.6. Student Engagement and Motivation in 

Language Learning 

Aubrey et al. [3] conducted in a Japanese university 

task-supported classroom indicated that many factors 

affect student involvement and disengagement during 

speaking activities. Over 10 weeks, 37 students 

completed 10 tasks and were assessed for anxiety, 

confidence, focus, and speech. The study indicated that 

task nature and purpose, task repetition, familiar and 

easier themes engage learners, while lack of social 

cohesiveness and motivational baggage silences and 

disengages them. The authors advise adding more 

interesting speaking challenges to foreign language 

schools to boost engagement. The study’s limitations 

include a single task design and implementation 

technique and engagement measurement via surveys 

and written reflections. 

Cristea et al. [9] addressed high e-learning dropout 

rates by studying student participation in Massive Online 

Open Course (MOOC) platforms. data analytics, Natural 

Language Processing (NLP), machine learning, and 

psychology theories relate Self-Determination Theory 

(SDT) to MOOC student behavior features. The paper 

related SDT, Drive, and Process of Engagement theories 

to the Engage Taxonomy, the first MOOC engagement 

monitoring parameter taxonomy. Autonomy, 

Relatedness, and Competence are used to measure 

MOOC engagement, and SDT components predict 

active and inactive students for the following week. 

Gabriel et al. [14] shown students’ academic success, 

employability, and professional advancement depend on 

their ability to self-regulate their learning. To make the 

most of Advanced Learning Technologies (ALTs), one 

must engage in cognitive, emotional, metacognitive, and 

motivational processes. Affective and motivating 

mechanisms in self-regulated learning with different 

ALTs are the subject of this chapter. The complexities of 

ALT-assisted learning have been uncovered by 

developments in educational data mining and learning 

analytics. To identify, monitor, and support students’ 

emotional and motivational processes while they learn, 

solve problems, and reason, new methods have been 

developed. 

Zhu [32] designed an educational resource system 

based on collaborative filtering algorithm, Mahout to 

enhance personalized learning resource recommendation 

and educational content delivery in smart learning 

environments. This study showed that intelligent 

recommendation systems make learning more efficient 

and resources more accessible. In a similar way, Chen 

[8] suggested a fuzzy control algorithm to increase 

student participation in college education by adaptive 

teaching methods and dynamic classroom interaction 

management. The results indicated that fuzzy-based 

adaptive systems make significant contribution to the 
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participation, motivation and responsiveness of learners. 

All these studies emphasize intelligent recommendation 

system and fuzzy-based adaptive learning methods, both 

of which have a strong supporting effect on the proposed 

CFALA personalized and responsive university English 

smart classroom education. 

3. Proposed Methodology 

A systematic approach to designing, implementing, and 

evaluating the CFALA is used in the study methodology 

for the proposed smart classroom system. A first data 

gathering phase collects information from several 

sources, including student interactions, performance 

indicators, and ambient sensors in the classroom. To 

make this data usable, it is pre-processed by doing 

things like resolving missing values, normalizing it, and 

encoding it. To represent skill acquisition and replicate 

human-like decision-making, the cognitive processing 

module applies theories of cognitive learning to the 

processed data. At the same time, the Fuzzy Inference 

Engine creates adaptive strategies and handles 

uncertainty with the help of the ANFIS. By using 

interactive technology like digital whiteboards and 

student tablets, the Smart Classroom Interface puts these 

tactics into action, which address material delivery, 

pace, and feedback protocols. 
Adaptability to individual demands, learning results, 

and engagement levels are compared to assess the 
system’s success. The suggested approach is tested 

against data from actual classrooms and current 
frameworks to ensure it works. The system’s resilience 
and efficacy in many educational contexts are 
guaranteed by the repeated optimization and refinement 
of adaptive techniques based on metrics such as student 
satisfaction, learning improvement rates, and reaction 
times. 

A dynamic and individualized learning environment 
is created by implementing the CFALA, a suggested 
algorithm that combines cognitive learning theories with 
fuzzy logic principles. The system’s architecture 
comprises 5 numerous modules connected: a Data 
Collection Module, a cognitive processing module, a 
fuzzy inference engine, an adaptive strategy generator, 
and a smart classroom interface. 

The smart classroom system would capture learning 
patterns (such as time spent on activities and preferred 
learning resources), environmental data (such as 
classroom lighting, temperature, and noise), and 
performance metrics. Processing these information 
influences student behavior, engagement, and classroom 
dynamics.  

System outputs include learning enhancement 

methods. Giving students’ immediate feedback (by 

pointing out mistakes or encouraging them) and tailoring 

lectures to their speed, topic, and delivery style are 

examples. Changing the classroom lighting or sound 

system to accommodate student needs is another 

example. According to the findings, instructors may 

improve student engagement, retention, and academic 

achievement by changing their instructional practices. 

 

Figure 1. Block diagram of CFALA. 

As shown in Figure 1, the entire CFALA system is 

capable of being implemented in an intelligent 

classroom environment for the purpose of teaching 

English at the university level. Information regarding 

the environment, student interactions, and performance 

indicators are gathered by the data collection module, 

which serves as the operation’s head. The information 

is subsequently transmitted to the cognitive processing 

module and the fuzzy inference engine, two crucial 

processing units. While ANFIS is used to fuzzify and 

infer rules, ACT-R is used by the former to examine 

skill growth and learning. All of these parts integrate at 

the adaptive strategy generator, the system’s brain. 

Material selection, delivery optimization, tempo 

modification, and feedback mechanisms are all covered 

here. The smart classroom interface, which integrates 

interactive whiteboards, student devices, and a teacher 

control panel, is used to apply these methods, creating a 
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dynamic learning environment. The interface itself is 

connected to the data gathering module through an 

important feedback loop, which ensures that the system 

is continuously being developed. Metrics for evaluation 

keep tabs on everything from user satisfaction to system 

responsiveness, engagement levels to learning 

outcomes, and the time it takes to master a task. This 

networked system provides an effective and 

personalized approach to learning English in a digital 

classroom by drawing on cognitive science and fuzzy 

logic. All aspects of adaptive learning are addressed by 

this method. 

In Algorithm (1), CFALA uses cognitive modeling 

and fuzzy logic to personalize smart classroom learning. 

The study collects and preprocesses student data on 

interactions, performance, and patterns. Data is 

processed by the cognitive model, and fuzzy inference 

handles ambiguity. The classroom uses an adaptable 

learning technique with content, delivery, pacing, and 

feedback. Students’ performance is evaluated and the 

method optimized via reinforcement learning. 

Iteratively updating student data improves learning 

strategies and outcomes. 

Algorithm 1: Proposed CFALA 

Input: student_data1 (interactions, performance, patterns, 

environment) 

 Output: adaptive_strategy1 (content, delivery, pacing, 

feedback) 

function CFALA(student_data1): 

 initialize cognitive_model1, fuzzy_system1, 

strategy_generator1 

 while learning_session_active1 do 

  current_data1 = collect_and_preprocess1(student_data1) 

  cognitive_output1 = 

process_cognitive_model1(current_data1, cognitive_model1) 

  fuzzy_output1 = apply_fuzzy_inference1(cognitive_output1, 

fuzzy_system1) 

  adaptive_strategy1 = 

generate_strategy1(cognitive_output1, fuzzy_output1) 

  apply_strategy_to_classroom1(adaptive_strategy1) 

  performance_metrics1 = evaluate_student_performance1() 

  optimize_strategy1(performance_metrics1, 

strategy_generator1) 

  student_data1 = update_student_data1(current_data1, 

performance_metrics1) 

  return adaptive_strategy1 

function collect_and_preprocess1(data): 

 return processed_data1 

function process_cognitive_model1(data, model): 

 return cognitive_analysis1 

function apply_fuzzy_inference1(cognitive_data1, 

fuzzy_system1): 

 return fuzzy_output1 

function generate_strategy1(cognitive_data1, fuzzy_data1): 

 return strategy (content, delivery, pacing, feedback) 

function evaluate_student_performance1(): 

  return performance_metrics1 

 

function optimize_strategy1(metrics, generator): 

function update_student_data1(current_data1, 

performance): 

 return updated_data1 

3.1. Data Collection and Pre-Processing 

The system collects and analyzes classroom and student 

progress data, providing insights into academic 

performance, engagement, learning pace, and 

personalized learning goals through assessments and 

participation tracking. This data measures student 

involvement with course materials, performance 

markers, learning patterns, and classroom conditions. 

These help paint a complete picture of student 

performance. 

3.1.1. Data Sources 

The system gathers data from various sources within the 

smart classroom. These sources include: the data is 

probably maintained in a central database or cloud 

system and updated continuously because it is either 

collected in real-time or at preset intervals. Data in real-

time may be kept in time-series databases, although 

generally it is stored in organized formats like SQL 

databases, JSON, or CSV. 

Table 1 contains information about students, their 

interactions, performance, learning habits, and 

surroundings. It provides real-time data from IoT 

sensors on classroom environment, student interactions, 

performance, and learning patterns. These data types 

help track the classroom environment and how it affects 

learning, assess students’ learning styles, provide 

frequent feedback on progress, and capture real-time 

student interactions. 

Table 1. Data sources. 

Data Type Source Frequency 

Student interactions Touchscreens, keyboards, voice Real-time 

Performance metrics Quizzes, assignments, participation Daily/Weekly 

Learning patterns Task logs, resource access Continuous 

Environmental data IoT sensors (temperature, noise) Real-time 

3.1.2. Data Preprocessing 

Data preprocessing is essential for the success and 

precision of the cognitive-fuzzy learning system in 

university smart classrooms teaching english. there are 

a number of essential steps in this process. 

Handling Missing Values 

Errors in data collection or partial responses might result 

in missing values in datasets; therefore, processing the 

data properly is essential to prevent biased outcomes. 

There are two popular methods: imputing missing 

values (where missing data is inferred based on existing 

data) and deleting instances with missing values (useful 

when such occurrences are small but may result in loss 

of information). Mean imputation is a widely used 

technique that substitutes the feature’s mean for missing 

values, and the corresponding Equation (1) is given in 

the following:  

𝑥
𝑚𝑖𝑠𝑠𝑖𝑛𝑔=

1
𝑛

∑ 𝑥𝑖
𝑛
𝑖=1

 

Where the missing value is represented by xmissing, the 

(1) 
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number of non-missing values for the feature is denoted 

by n, and the non-missing values are represented by xi. 

Utilize the accessible features to substitute the absent 

values with the mean of the K-Nearest Neighbours 

(KNN). For KNN imputation, Equation (2) gives the 

following formula.  

𝑥
𝑚𝑖𝑠𝑠𝑖𝑛𝑔=

1
𝑘

∑ 𝑥𝑖
𝑘
𝑖=1

 

Here, 𝑘 is the count of closest neighbours taken into 

account, and𝑥𝑖 stands for the values of the relevant 

feature in those KNNs. The number of nearest 

neighbours estimates the missing value, where 𝑘 is this 

function’s value. The dataset and imputation objective 

dictate the hyper parameter 𝑘, which is not fixed 

worldwide. Experimental tuning or cross-validation is 

used to find the ideal 𝑘 value to improve downstream 

objectives like prediction accuracy or model 

generalizability. A large 𝑘 value can provide an overly 

smooth estimate, whereas a lower number highlight data 

noise. In educational datasets like the CFALA 

framework in the article, imputation must represent 

contextually relevant peer actions. This done by 

choosing 𝑘 based on the number of students with similar 

performance, interaction, or environmental conditions. 

Data attributes and validation performance determine 

the number of adjacent data points to estimate a missing 

feature value, 𝑘. 

Normalize the Data 

By bringing all numerical features into a consistent 

range, normalization guarantees that each feature has an 

equal impact on the model. Two ways often used for 

normalization are: Min-Max Scaling: Reduce the size of 

the features to a predetermined interval, usually from 0 

to 1. For min-max scaling, the Equation (3) is as 

follows:  

𝑥𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
 

Where the normalized value is represented by xnormalized, 

the original value is represented by x, the minimum 

value of the feature is represented by xmin, and the 

maximum value of the feature is represented by xmax. 

To normalize Z-scores, it is necessary to scale the 

characteristics such that they have a mean of zero and a 

variance of one. To normalize Z-scores, the following 

(4) is used,  

𝑥𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =
𝑥 − 𝜇

𝜎
 

In which the normalized value is represented by 

xnormalized, the original value is represented by x, the mean 

of the feature is denoted by 𝜇, and the standard deviation 

of the feature is denoted by 𝜎. 

Encoding Categorical Variables 

Machine learning can only process categorical variables 

after they are numerically represented. When using one-

hot encoding, category A, B, and C become A (1, 0, 0), 

B (0, 1, 0), and C (0, 0, 1), respectively; label encoding, 

on the other hand, assigns a distinct numerical value for 

each category; for example, A turns into 0, B becomes 

1, and C becomes 2. 

3.2. Cognitive Processing Module: Simulating 

Human Cognition for Adaptive Learning 

The CFALA Cognitive Processing Module simulates 

human cognition, storing knowledge, modeling skill 

acquisition, and personalizing learning experiences 

effectively. In the CFALA framework, the Cognitive 

Processing Module is an essential part. It is based on the 

ACT-R cognitive architecture. In order for the system to 

efficiently digest data and comprehend student learning 

patterns, this module is built to mimic human cognitive 

processes. Also, want to enhance the personalization 

and efficacy of education by creating a learning 

environment that replicates human-like cognitive 

functioning. 

3.2.1. ACT-R Implementation 

The four main modules that make up the CFALA 

system are the following: procedural memory, 

declarative memory, goal buffer, and perceptual-motor 

modules. These modules work together to implement 

the ACT-R model. Every one of these parts is essential 

to the cognitive architecture and helps the system work 

as a whole. The ACT-R Implementation model is shown 

in the Figure 2. 

 

Figure 2. Adaptive control of thought rational (ACT-R) model. 

Declarative memory: vocabulary, rules, and concepts 

are examples of factual knowledge that are stored in 

declarative memory. Knowledge units, or “chunks,” are 

the building blocks of the CFALA system. To construct 

a network, each chunk is linked to every other chunk. At 

any given moment, the activation of each chunk is 

dictated by its base-level activity, the activation of 

similar chunks, and the intensity of the linkage. The 

activation of chunk i at time 𝑡 is denoted by:  

𝐴𝑖(𝑡) = 𝐵𝑖 + ∑ 𝑊𝑗

𝑗

× 𝑆𝑗𝑖 

In Equation (5), The base-level activation of chunk i is 

represented by Bi, the source activation from chunk j is 

denoted by Wj, and the degree of association between 

chunks j and i is denoted by Sji. Equation (1) reflects the 

(2) 

(3) 

(4) 

(5) 
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way human memory is organized to make related or 

regularly used material easier to recall by making sure 

the system gives priority to information that is strongly 

related to other relevant knowledge or used frequently. 

Procedural production rules, similar to cognitive 

processes, are stored in procedural memory and dictate 

how activities are executed. For the system to solve 

problems or make decisions, these rules are utilized. The 

utility of a production rule i is calculated by the 

following Equation (6):  

𝑈𝑖 = 𝑃𝑖 × 𝐺 − 𝐶𝑖 

In Equation (6), Pi is the probability of success for rule 

i. G is the goal value or importance of the current task, 

Ci is the cost (usually time or effort) to execute the rule. 

The system is able to choose the most efficient and 

effective rules through this computation, just like 

humans do when deciding on methods based on 

predicted outcomes and effort. 

Goal buffer: The goal buffer saves the active goal and 

directs cognitive resources to specific tasks. Like 

working memory, it temporarily stores pertinent 

information. Goal buffer chunks contain tasks, phases, 

and intended outcomes. It aligns the system’s activities 

with the student’s learning objectives to keep the 

emphasis on the goal.  

Perceptual-motor modules replicate human 

perception and motor functions, allowing the system to 

respond to external stimulation from outside. Based on 

actual data from human research, these modules contain 

unique temporal properties that provide correct and 

realistic environmental interactions, improving the 

learning experience.  

3.2.2. Knowledge Representation 

The system’s knowledge is organized using chunks, 

which offer a scalable and adaptable approach to store 

information. Each piece might stand in for a different 

kind of information, such rules of grammar, problem-

solving techniques, or vocabulary. Example: Consider a 

vocabulary chunk: 

 

Figure 3. Example of knowledge representation. 

Figure 3 representation allows the system to manage 

complex information, facilitating more effective 

learning and recall. 

Skill acquisition model: A well-known notion in 

cognitive psychology, the power law of practice, 

represents the system’s skill growth process. The given 

framework illustrates that more practice trials lower task 

completion time, indicating learning and skill mastery. 

In Equation (7), 𝑇 is the task time, N is the number of 

practice trials and 𝑎 is the asymptotic performance time 

(the best performance after extensive practice), 𝑏 is the 

difference between the initial and asymptotic 

performance times, and 𝑐 is the learning rate. Equation 

(7) shows when a learner learns a skill and when they 

need more practice. Learning curve visualization: Rapid 

improvement, moderate improvement, and mastering 

plateau.  

𝑇 = 𝑎 + 𝑏𝑁−𝑐 

Memory retrieval: To learn, the system must be able to 

retrieve data from memory. The activation level, 

retrieval threshold, and noise in the activation levels 

determine the likelihood of recalling a chunk of 

information. 

In Equation (8), τ is the retrieval threshold, Ai is the 

activation level of chunk i, and s is the noise in the 

activation levels.  

𝑃𝑖 =
1

1 + 𝑒
(𝜏 − 𝐴𝑖)  

𝑠
 
 

3.3. Fuzzy Inference Engine 

The fuzzy inference engine uses ANFIS to handle 

uncertainties in the learning process. It combines neural 

networks with fuzzy logic to create a robust system 

capable of learning and adapting. Figure 4 illustrates the 

basic components of a fuzzy logic system. The ANFIS 

is an essential component of the smart classroom 

CFALA that is being designed. With the complexity and 

unpredictability of learning processes in mind, it makes 

decisions and adapts accordingly. As it gains experience 

with student data, on: integrating neural networks and 

fuzzy logic adjusts its structure to make better 

predictions and judgments. Addresses data ambiguity 

and uncertainty (such as incomplete concept knowledge 

or varied degrees of involvement). Due to its ability to 

dynamically infer judgments, ANFIS is well-suited to 

use in real-time educational settings. 

Fuzzification is the first step in a fuzzy logic system. 

It uses membership functions to transform crisp inputs 

into fuzzy values. The inference engine processes these 

fuzzy inputs according to a rule base, creating fuzzy 

output subsets. The knowledge base stores the output 

variables and the associated decision rules. Finally, 

Defuzzification is the last step, and it turns the fuzzy 

output from the inference system into a crisp, user-

friendly value. Collaboratively, these parts process 

fuzzy input with uncertainty and imprecision, yielding 

useful results.  

(6) 

(7) 

(8) 
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Figure 4. Components of fuzzy logic system. 

Many real-time inputs pertaining to the student’s 

learning environment and development are taken into 

account by ANFIS: 

Students interaction: how often and what kinds of 

activities students engage in on these platforms (e.g., 

discussion boards, quizzes, etc.). 

Measures of performance: accuracy in the 

application of knowledge (e.g., vocabulary, grammar), 

performance on assessments, and grades. 

Methods of learning: how long it takes to do tasks, 

how many resources are used, and how quick tasks are 

completed. 

Considerations of the surrounding environment, 

including the temperature and noise level of the 

classroom. 

Fuzzification: the specified membership functions 

transform input values into membership degrees in their 

corresponding fuzzy sets. Rule evaluation: Use the 

AND/OR logical operators on the membership degrees 

of the antecedent propositions to evaluate each fuzzy 

rule.  

A collection of fuzzy rules that tie different student-

related factors to suitable instructional approaches are 

used to analyze fuzzy input data in the evaluation. The 

standard format for each rule is as follows: IF condition 

1 AND/OR condition 2 THEN outcome 

 Rule 1: IF student engagement is low AND 

performance is declining, THEN reduce the learning 

pace. 

 Rule 2: IF the environment is noisy AND 

comprehension is moderate, THEN activate noise 

masking strategies. 

The system’s knowledge base contains these guidelines 

that have been designed by educational specialists. The 

input values’ level of membership in their respective 

fuzzy sets determines the rule’s evaluation. 

The firing strength (α) of the rule is determined by 

the following Equation (9),  

𝛼𝑖 = min (𝜇𝐴1
(𝑥1), 𝜇𝐴2

(𝑥2), … … 𝜇𝐴𝑛
(𝑥𝑛) 

In this case, αi is the firing strength of rule i. 𝜇𝐴𝑗
  (xj) 

represents the degree to which input xj is a member of 

the fuzzy set Aj. Implication rate: To get the inferred 

fuzzy set for every rule, apply the firing strength (α) to 

the subsequent fuzzy set.  

𝜇𝐵𝑖
(𝑦) = min (𝛼𝑖 , 𝜇𝐶𝑖

(𝑦)) 

In (10), 𝜇𝐵𝑖
(𝑦) is the membership function of the 

implied fuzzy set 𝐵𝑖  for rule 𝑖, and 𝜇𝐶𝑖
(𝑦) represents the 

membership function of the subsequent fuzzy set Ci. 

Aggregation: Gather and combine all the rules’ inferred 

fuzzy sets into one big one.  

𝜇𝐵(𝑦) = max (𝜇𝐵1
(𝑦), 𝜇𝐵2

(𝑦), … … … … 𝜇𝐵𝑚
(𝑦) 

In the above Equation (11), the number of rules is 

denoted by m, while the membership function of the 

aggregated fuzzy set B is denoted by 𝜇B(y). 

When the system has calculated the firing strengths 

for all relevant rules, it: combines all of the fuzzy results 

by using the union (MAX) operator and Defuzzifies the 

aggregated fuzzy set-typically using the centroid 

method-to provide a clear, useful result. 

Rule Evaluation 

The input associations are inferred using predefined 

fuzzy rules. To illustrate: 

 Rule 1: slow down the learning pace if engagement 

is low and performance is declining. 

 Rule 2: suggest noise masking if environment is 

distracting and comprehension is moderate. 

Professional educators built the system’s knowledge 

base, which is represented by the ruleset. 

Defuzzification: This process involves making a clean 

output value out of the combined fuzzy set; the centroid 

method is a common tool.  

𝑦∗ =
∫ 𝜇𝐵(𝑦). 𝑦 𝑑𝑦

∫ 𝜇𝐵(𝑦) 𝑑𝑦
 

In (12), the defuzzified crisp output value is represented 

by y*. CFALA uses cognitive learning theories and 

English teaching skills to develop fuzzy rules that 

capture complicated student factor-optimal teaching 

strategy interactions. These criteria are used by fuzzy 

inference to establish smart classroom content, delivery, 

pacing, and feedback adjustments. Student outcomes 

are used to enhance the rules, improving the system’s 

ability to personalize English language education. 

3.4. Adaptive Strategy Generator 

The cognitive-fuzzy adaptive learning algorithm uses 

the adaptive strategy generator. the cognitive processing 

module and fuzzy inference engine work together to 

create personalized learning strategies. Each student’s 

needs, learning style, and performance will be 

considered to personalize learning. The adaptive 

strategy includes content selection, delivery, 

positioning, and feedback. Content selection selects the 

best learning resources for the student, distribution 

method chooses the optimum presenting technique, 

positioning regulates learning speed and intensity, and 

(9) 

(10) 

(11) 

(12) 
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feedback mechanism determines feedback kind and 

frequency. 

3.4.1. Decision-Making Process 

A decision-making process for an adaptive learning 

system is shown in this Figure 5. Assessing students’ 

levels, learning styles, engagement, and environmental 

elements are just a few of the many phases that begin 

with data entry from students. Based on these 

assessments, an adaptive approach is created and 

implemented in a smart classroom setting. After that, it 

determines the method’s efficacy by monitoring the 

student’s progress. The question of whether to keep or 

alter the present strategy has been finally resolved. 

 

Figure 5. Decision-making process. 

This looping procedure embodies a responsive and 

individualized method of instruction by continuously 

optimizing the learning experience in light of real-time 

student data and performance feedback. Strategy 

optimization: to optimize strategy selection over time, 

the system makes use of reinforcement learning, more 

especially the Q-learning algorithm:  

𝑄(𝑠, 𝑎)  ←  𝑄(𝑠, 𝑎)  +  𝛼[𝑟 +  𝛾 𝑚𝑎𝑥 𝑄(𝑠′, 𝑎′)  −  𝑄(𝑠, 𝑎)] 

In Equation (13), 𝑄(𝑠, 𝑎)is represented as the Q-value 

for state s and action a, α is represented as the Learning 

rate, r is represented as the Reward, γ is represented as 

the Discount factor, s’ is represented as the next state, a’ 

is represented as the next action. 

3.5. Smart Classroom Implementation 

The smart classroom interface represents cognitive-

fuzzy adaptive learning algorithm. It seamlessly 

integrates many technologies to create an immersive 

and customizable learning environment. Interactive 

whiteboards deliver content, student tablets personalize 

activities, environmental sensors monitor classroom 

conditions, a teacher control panel manages systems, 

and an audio system clarifies communication. A 

complete software stack includes the CFALA core 

engine, database management system, user interface 

layer, analytics dashboard, and content management 

system. These components work together to run the 

system smoothly. Real-time adaptability is crucial to the 

system’s success after a continuous cycle of data 

gathering, processing, and modification based on 

predefined thresholds. Changing the user interface, 

information, pace, and feedback is part of this dynamic 

process. This keeps the learning experience fluid and 

tailored to each student. 

4. Result Analysis 

To illustrate its effectiveness in an intelligent classroom, 

the CFALA method is contrasted with established 

educational frameworks. This investigation aims to 

determine if the CFALA system can enhance student 

engagement, learning outcomes, and customization to 

specific learning requirements in university English 

language education. The findings indicate that the 

CFALA system is reliable, efficient, and surpasses 

existing approaches in crucial domains. 

Dataset description: Kaggle’s classroom monitoring 

dataset [19] is essential for CFALA system assessment. 

Real-world student interactions, performance 

measurements, and environmental elements reveal 

classroom dynamics. It contains complete examples, 

qualities, and categories for learning English, allowing 

broad testing of the CFALA system in diverse 

educational settings. The dataset shows student 

behavior and classroom characteristics, making it 

appropriate for assessing the system’s ability to 

customize learning experiences is shown in Table 2. 

Table 2. Dataset description. 

Characteristic Description 

Number of students 500 

Number of classes 20 

Number of staff 25 

Time period 1 academic semester (16 weeks) 

Subject focus English Language Learning 

Data types 
Student interactions, performance metrics, 

environmental conditions 

Interaction data 
Classroom participation, online activity, peer 

collaborations 

Performance metrics 
Quiz scores, assignment grades, language 

proficiency tests 

Environmental data Classroom temperature, noise levels, time of day 

Student demographics 
Age range, language backgrounds, prior English 

proficiency levels 

Sampling frequency 
Daily for interactions and environment, weekly for 

performance 

4.1. Comparison Study 

CFALA is compared to Data Analytics Approach for 

University Competitiveness (DAA-UC) [12], Cognitive 

Fuzzy-Based Behavioral Learning System (CFBLS) 

[24], and Adaptive Neuro-Fuzzy Learning Method 

(ANFLM) [25]. CFALA is unmatched in smart 

classroom modification and adaption. ANFLM 

prioritizes online learning with neural networks and 

fuzzy logic for adaptation. In e-commerce, CFBLS uses 

fuzzy logic like CFALA, but DAA-UC’s data-driven 

approach tests its real-time flexibility. CFALA’s 

(13) 
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adaptability to changing classrooms stands out among 

the frameworks’ many advantages. 

4.2. Student Engagement 

The level of attention, interest, and active participation 

that students demonstrate during learning activities.  

𝐸𝑛𝑔𝑎𝑔𝑒𝑚𝑒𝑛𝑡 = 𝑤1 × 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑟𝑎𝑡𝑒 + 𝑤2 × 𝑇𝑖𝑚𝑒𝑜𝑛𝑡𝑎𝑠𝑘

+ 𝑤3 × 𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛_𝑠𝑐𝑜𝑟𝑒 

In Equation (14), w1, w2, and w3 are weights 

representing the importance of each factor. 

In terms of overall student participation, Figure 6 for 

CFALA demonstrates that it is always at the top, 

whereas DAA-UC is usually at the bottom. Interactions 

between DAA-UC and CFALA typically exhibit 

modest levels of engagement in ANFLM and CFBLS. 

For each strategy, the amount of engagement varies 

among classes. The graph backs up the claims that the 

CFALA approach can improve smart classroom 

technologies by showing how effective it is at increasing 

student engagement. Additional research is needed 

because the graph reveals that there are variables in the 

levels of involvement, which could be caused by factors 

like the topic content or student demographics. The 

results of the study and Figure 6 strongly indicate that 

the CFALA method is useful for customization and 

adaptability. 

 

Figure 6. Student engagement. 

4.3. Learning Outcome Improvement 

The percentage of students who show measurable 

improvement in specific English language skills is given 

in Equation (15) as follows.  

𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡𝑟𝑎𝑡𝑒 = (
𝑆𝑡𝑢𝑑𝑒𝑛𝑡𝑠𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑

𝑇𝑜𝑡𝑎𝑙𝑠𝑡𝑢𝑑𝑒𝑛𝑡𝑠
 ) × 100 

Figure 7 examines the percentage of students who 

learned various English language skills using four 

different pedagogical approaches: DAA-UC, ANFLM, 

CFBLS, and CFALA. English as a whole, as well as 

reading comprehension, writing abilities, and 

vocabulary, are tested. With percentages ranging from 

approximately 90% to over 100%, CFALA consistently 

demonstrates the best learning outcomes across all 

skills. Typically, DAA-UC produces the worst results, 

with ANFLM and CFBLS occupying the middle ground 

and frequently exhibiting comparable performance. 

Reading and Overall English are two areas where the 

graph shows that CFALA performs far better than 

competing methods. This graphical representation 

strengthens the argument that the CFALA technique 

improves several facets of ESL instruction. 

 

Figure 7. Learning outcome improvement. 

4.4. Time to Skill Mastery 

The duration required for students to reach proficiency 

in a particular language skill is given in Equation (16) 

as follows:  

𝑀𝑎𝑠𝑡𝑒𝑟𝑦_𝑡𝑖𝑚𝑒 = 𝑇𝑖𝑚𝑒_𝑎𝑡_𝑚𝑎𝑠𝑡𝑒𝑟𝑦_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
− 𝑇𝑖𝑚𝑒_𝑠𝑡𝑎𝑟𝑡_𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔 

In Figure 8, Time to skill mastery (in percentage terms) 

for five English language skills is compared across four 

different teaching methodologies in this line graph: 

DAA-UC, ANFLM, CFBLS, and CFALA. There are 

five areas of English proficiency that will be tested: 

vocabulary, grammar, reading comprehension, writing, 

and overall proficiency. It takes the greatest time to 

master CFALA skills across all sectors, since it 

regularly exhibits the highest %. Around 100% is when 

it reaches its pinnacle for Reading Comprehension. In 

most cases, DAA-UC has the lowest percentage, which 

means that mastering the skill takes the least amount of 

time. In the middle ground are ANFLM and CFBLS; on 

average, ANFLM performs somewhat better than 

CFBLS across the board. Reading Comprehension takes 

slightly more time than other skills across all 

techniques. Based on the evidence we have, it appears 

that CFALA is associated with the better learning 

outcomes, even if it may be more time-consuming. 

 

Figure 8. Time to skill mastery. 

(14) 

(15) 

(16) 
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4.5. User Satisfaction 

The degree to which students are satisfied with different 

aspects of the learning system is given in Equation (17) 

as follows:  

𝑆𝑎𝑡𝑖𝑠𝑓𝑎𝑐𝑡𝑖𝑜𝑛_𝑠𝑐𝑜𝑟𝑒 =
∑𝐶𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡_𝑠𝑎𝑡𝑖𝑠𝑓𝑎𝑐𝑡𝑖𝑜𝑛_𝑠𝑐𝑜𝑟𝑒𝑠

𝑁𝑢𝑚𝑏𝑒𝑟_𝑜𝑓_𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠
 

Figure 9 shows user satisfaction across five 

components: ease of use, perceived effectiveness, 

support for learning, feedback quality, and overall 

satisfaction. Four metrics are compared: DAA-UC, 

ANFLM, CFBLS, and CFALA. The stacked chart 

allows for individual and cumulative comparisons, with 

CFALA consistently showing the highest satisfaction 

levels. The proportions of each metric vary between 

components, indicating different levels of satisfaction 

for each aspect of the system or service being evaluated. 

 

Figure 9. User satisfaction. 

4.6. System Responsiveness 

The speed and accuracy with which the system adapts 

to student needs is given in Equations (18), (19) and 

(20).  

𝐴𝑑𝑎𝑝𝑡𝑎𝑡𝑖𝑜𝑛_𝑆𝑝𝑒𝑒𝑑 = 𝑇𝑖𝑚𝑒_𝑎𝑑𝑎𝑝𝑡𝑎𝑡𝑖𝑜𝑛_𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒
− 𝑇𝑖𝑚𝑒_𝑛𝑒𝑒𝑑_𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 

𝐴𝑑𝑎𝑝𝑡𝑎𝑡𝑖𝑜𝑛_𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (
𝐶𝑜𝑟𝑟𝑒𝑐𝑡_𝑎𝑑𝑎𝑝𝑡𝑎𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙_𝑎𝑑𝑎𝑝𝑡𝑎𝑡𝑖𝑜𝑛𝑠
) × 100 

𝑅𝑒𝑎𝑙 − 𝑡𝑖𝑚𝑒𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘𝐷𝑒𝑙𝑎𝑦
 

= 𝑇𝑖𝑚𝑒𝑓𝑒𝑒𝑑𝑏𝑎𝑐𝑘𝑝𝑟𝑜𝑣𝑖𝑑𝑒𝑑
− 𝑇𝑖𝑚𝑒𝑎𝑐𝑡𝑖𝑜𝑛𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑒𝑑

 

Table 3. System responsiveness. 

System 

responsiveness 

CFALA 

(proposed) 
DAA-UC ANFLM CFBLS 

Adaptation speed < 1 second 1.5 seconds 2 seconds 3 seconds 

Accuracy of 
adaptation 

92% 88% 85% 80% 

Real-time 

feedback 
Immediate 1-2 seconds 2-3 seconds 3-5 seconds 

Environmental 

adjustments 
Automatic 

Semi-

automatic 
Manual Manual 

Overall 
responsiveness 

High Moderate Moderate Low 

According to the statistics on system responsiveness in 

Table 3, the suggested CFALA system outperforms 

DAA-UC, ANFLM, and CFBLS on all measures. In 

terms of adaptation speed (<1 second), adaption 

accuracy (92%), and rapid real-time feedback, CFALA 

is the best. It has excellent overall responsiveness and 

can automatically adapt to its surroundings. The other 

systems, on the other hand, exhibit delaying feedback, 

worse accuracy, and progressively slower adaption 

rates. In terms of overall reactivity, DAA-UC and 

ANFLM are in the middle, and CFBLS is at the bottom, 

performing poorly across the board. By contrasting the 

two, the study can see that CFALA excels at making 

smart classrooms more responsive and adaptive, which 

could result in better, more tailored lessons for students. 

4.7. System Scalability 

The system’s ability to handle a rising number of users, 

devices, or courses without sacrificing responsiveness 

or speed. Test the system’s accuracy and responsiveness 

in different environments, such as those with fluctuating 

user loads or a flood of simultaneous demands for 

adaptive methods. The system’s capacity to manage 

larger-scale deployments without sacrificing 

performance may be confirmed through scalability 

testing. Peak class utilization simulations allow us to do 

this. The scalability of the proposed CFALA system is 

measured by how effectively it can manage rising loads 

(e.g., more students, more devices, or more concurrent 

work) without affecting performance. Even the most 

complicated courses are no match for the state-of-the-

art cognitive and fuzzy logic models used by the 

CFALA system. These models can adjust to new input 

in real time. With its efficient data processing 

capabilities, rapid strategy generation, and ability to 

effectively evaluate massive amounts of real-time 

inputs, CFALA outperforms other frameworks like 

DAA-UC, ANFLM, and CFBLS in terms of scalability. 

Consider the following table, which provides a 

comparison of CFALA to the other systems with regard 

to essential scalability metrics. 

Based on the data in the Table 4, it is clear that 

CFALA is the most scalable model when compared to 

others in terms of classroom capacity, reaction time, 

adaption accuracy, management of resources, and 

overall scalability. 

Table 4. System scalability. 

Scalability 

metrics 

CFALA 

(Proposed) 
DAA-UC ANFLM CFBLS 

Max number 
of users 

500+ 
students/class 

300 
students/class 

350 
students/class 

250 
students/class 

Response time 

(latency) 
< 1 second 2–3 seconds 1.5–2 seconds 3–4 seconds 

Adaptation 

accuracy (%) 
92% 85% 87% 80% 

Resource 

utilization 

Optimized (< 

80%) 

Moderate 

(~90%) 
High (~95%) High (~95%) 

Scalability 

rating 
Excellent Moderate Good Low 

4.8. Real-Time Feedback Accuracy (%) 

Real-time feedback accuracy is a key indicator for how 

fast and precisely a system can give pupils performance 

feedback. Using this statistic in the CFALA system 

(17) 

(18) 

(19) 

(20) 
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ensures students receive timely, personalized feedback. 

Complex cognitive processing and fuzzy logic provide 

real-time study of student performance, learning 

patterns, and behavior. Students may reflect on their 

performance, learn from their mistakes, and develop 

their skills since CFALA provides quick, accurate, and 

situationally appropriate feedback. 

Traditional systems like DAA-UC, ANFLM, and 

CFBLS can offer input, but they are less exact and 

adaptive. DAA-UC cannot immediately respond to 

student behavior changes since it is primarily data-

driven. Feedback is slower and less accurate [30]. 

ANFLM, like CFALA, uses neuro-fuzzy systems for 

reliable feedback. However, CFBLS use cognitive 

fuzzy logic, which may not be able to provide fine-

grained real-time change based on each student’s 

learning progress. In comparison to more conventional 

models, CFALA’s real-time feedback accuracy is 

summarized in the following Table 5. 

Table 5. Real-time feedback accuracy (%). 

Methods Real-time feedback accuracy (%) 

DAA-UC 79.23 

ANFLM 83.28 

CFBLS 87.49 

CFALA (Proposed) 95.43 

CFALA leads the way in precise real-time feedback, 

which improves learning by taking into account each 

student’s progress. Ability to make quick changes is 

essential for children’s intellectual growth. Traditional 

techniques can be effective, but their feedback is not 

dynamic and personalized enough for real-time adaptive 

learning settings. 

CFALA improves adaptive learning in smart 

classrooms more than alternative solutions, according to 

comparison tables and performance graphs. A hybrid 

architecture using fuzzy logic and cognitive learning 

theory gives CFALA higher engagement rates, better 

learning results, and precise real-time feedback. The 

ACT-R cognitive model mimics human memory recall, 

skill development, and decision-making, thus the 

system may adjust information nuancedly according to 

each student’s learning trajectory. Meanwhile, the 

ANFIS-based fuzzy inference engine analyzes noisy or 

ambiguous input data like changing classroom 

conditions or aberrant student behavior using a 

structured set of adaptive rules and membership 

functions. This dual-process design is supplemented by 

a Q-learning mechanism that optimizes teaching 

techniques based on student answers and performance 

measurements to ensure that learning interventions 

adjust over time. CFALA offers faster remediation for 

struggling students, more relevant content, and better 

instructional alignment with student needs than rule-

based, analytics-driven, or single-layer adaptive 

systems. Therefore, CFALA overcomes practical 

concerns with classroom flexibility and responsiveness 

while achieving technical performance criteria. 

4.9. Discussion 

A ground breaking development in adaptive learning 

systems, the CFALA framework combines cognitive 

architectures (ACT-R) with fuzzy logic (ANFIS) to 

build smart classrooms that are responsive to students in 

real time. With its help, English classes at the university 

level are able to boost student engagement, enhance 

learning results, and personalize instruction. The use of 

cognitive modeling to mimic student thought processes 

and fuzzy inference to deal with ambiguity enables 

sophisticated pedagogical choices based on each 

student’s unique needs. 

The system performance data show that CFALA is 

better than the current approaches, with more accurate 

feedback, faster adaptation (<1s), and wider scalability 

(>500 users/class). The optimization process is based on 

reinforcement learning, thus it can continuously 

improve its teaching tactics. 

The present use of CFALA is in English language 

instruction, although its modular architecture allows for 

domain-specific modification. By adjusting models to 

meet the needs of early childhood education, social 

science, and STEM-related cognitive tasks and 

engagement profiles, cognitive rules and fuzzy sets may 

be tailored to certain domains. Engagement, learning 

outcome improvement, system responsiveness, and user 

happiness are some of the important measures that 

CFALA beats rival models in, according to the 

experimental data. The algorithm’s implementation of 

Q-learning permits iterative optimization according to 

trends in student performance and behavior, and its 

dual-processing architecture for fine-grained control 

over adaptive methods. 

A wide range of fields can benefit from the system 

because of its modular nature. While the current 

research is limited to English courses at the university 

level, CFALA’s domain-specific cognitive models and 

fuzzy rules may be easily adjusted to apply to STEM 

fields and beyond. Early childhood education might 

benefit from developmental learning activities that are 

made easier with simpler modules for perceptual and 

declarative memory. The stability and accuracy of real-

time data streams greatly impact CFALA’s efficiency, 

despite its many advantages. Without further 

automation, scalability may be limited due to the subject 

expertise required for manual setup of fuzzy rules. 

Deploying at scale also necessitates addressing ethical 

concerns including transparency, feedback bias, and 

data privacy. 

5. Conclusion and Future Work 

The research introduces CFALA, a mix of cognitive and 

fuzzy adaptive learning algorithms, as a powerful tool 

for smart classrooms to deliver individualized, in-the-

moment lessons. for better responsiveness, engagement, 

and learning results than traditional methods, CFALA 

dynamically adjusts to student demands by combining 
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ACT-R-based cognitive modeling with ANFIS-driven 

fuzzy logic and reinforcement learning. It shows 

potential for other educational uses and can be easily 

scaled up or down depending on the need, making it 

ideal for use in university-level English courses. Future 

work should concentrate on automating the 

development of fuzzy rules, developing subject-specific 

modifications, and resolving ethical problems 

connected to data openness and privacy, even though 

the system shows great flexibility and performance. 

CFALA lays a solid groundwork for intelligent tutoring 

systems of the future, which will better adapt to the 

unique learning styles and contexts of each student. 
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