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SUMMARY: In smart classrooms, learners engage with the instructor, peers, technological 

systems, and learning devices using multiple sensory modalities, resulting in massive 

multichannel data. In this paper, the fusion of intelligent classroom systems and multi-source 

learning data analysis is employed to establish a processing architecture for educational 

information in university-level smart teaching environments. In order to prove the empirical 

soundness of the framework, firstly, the cooperative learning participation assessment model 

for intelligent classrooms was designed, and then it was applied in real classroom teaching. 

Secondly, the SDM model is improved, and an ALSL1 method that introduces self-attention into 

short- and long-term user interest learning is proposed. The results show that the multi-source 

data, encompassing video recordings, audio, system logs, biometric signals, and self-reported 

information gathered from cooperative learning sessions within intelligent classrooms, function 

as characteristic indicators associated with student engagement. The evaluation based on 

multimodal data can comprehensively reflect the state of learning engagement of the students, 

thus enabling the teacher to implement targeted intervention in collaborative learning. 

Moreover, in contrast to alternative approaches, the ALSLI model exhibits superior 

performance in terms of interaction rate and retrieval accuracy indicators. 

 

KEYWORDS: multimodal learning analytics; data processing methods; smart classroom; 

learning engagement; deep sequence recall model; learning resource recommendation 

1 Introduction 

Technological innovations have brought about major changes within several spheres of 

contemporary life. One such sphere where technological developments have had a major impact 

is the realm of education. The adoption of technological devices for instructional purposes has 

been widely recognized and acknowledged on a global scale as a major breakthrough in terms 

of the way in which education has been approached historically [1]. Indeed, some of the key 

indicators of this revolution have been the emergence of smart classrooms that represent an 

entirely new type of learning spaces[2, 3]. 

First of all, smart classrooms involve the use of highly advanced devices such as machine 

learning and educational analytics in order to evaluate learner performance and allocate 

educational resources in accordance with the learners' needs. Such capabilities effectively 

remove the boundaries that once confined education to rigid, location-dependent formats, 
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giving rise to a "cloud + endpoint" ecosystem in which learning experiences are continuously 

documented and the full spectrum of student competencies can be systematically evaluated[4-

7]. Apart from these features, special emphasis is made on ensuring a balanced fusion of 

modern digital methods and chemistry-based educational techniques. The use of innovative 

digital instruments such as multimedia resources, networking of smart technologies, and 

cyberspace technology makes teachers redesign traditional learning models in order to enhance 

the efficiency of education [8-10]. On the other hand, intelligent learning models place 

importance on interactions and collaborative learning activities between teachers and students. 

With a variety of communication channels such as online chat groups, one-on-one messages 

and comments, they provide more flexible communications for teachers and students to better 

understand the learning progress of students to offer relevant instructions to solve problems 

encountered in study together [11-14]. In addition, smart classrooms stress student participation 

in order to develop their potential by stimulating their interests and enthusiasm[15-19]. 

Through gathering, examining, and extracting pedagogical resources, teaching information, 

and learner progress records, intelligent classrooms can form academic progression summaries 

and competency mastery reports tailored to learners, providing evidence-based instructional 

assistance for educators in managing teaching progress and adjusting instructional strategies. 

Students can obtain timely feedback about their learning process and adjust their learning 

methods, thus improving learning efficiency [20-24]. In the backdrop of intelligent technology 

development, the processing of learning data, which is the essential technology of smart 

classrooms, has undergone many changes and technological developments. 

In intelligent classrooms, a wide range of information is gathered on an ongoing basis, 

which includes the logs of interactions between learners, which include in-class activity 

behavior, together with assessments performed as well as basic demographics data. Given the 

type of information involved, one can be certain that the information falls under Big Data 

category. To address the computational demands associated with processing information of this 

magnitude, [25] introduces a comprehensive suite of methodologies capable of handling high-

volume data scenarios, ranging from sequential batch-oriented processing and uninterrupted 

stream-based computation to graphical visualization, user-driven manipulation, processing via 

directed acyclic structures, and network topology-driven approaches, all organized around a 

systematic six-stage workflow covering collection, structuring, input, analysis, delivery, and 

long-term preservation. Reference [26] makes breakthroughs in big and streaming data 

processing technology, developing Stream Cube, and proposes a new method for instantaneous 

intelligent data handling using massive datasets, analytical instruments, and machine learning 

techniques, making live data acquisition, computation, evaluation, and informed decision 

execution possible. Reference [27] compares large-scale data handling frameworks utilizing 

sequential and continuous flow computation within IoT networks and continuous data handling 

frameworks through distributed mist and edge computation. There are defects in scale, speed, 

diversity, precision and dynamism in these processing systems. Reference [28] summarizes big 

data real-time management utilities involving thirteen data handling solutions such as Flume, 

Kafka, and Nifi that are capable of ingesting, storing, transmitting, evaluating, and generating 

reports for data. Nevertheless, privacy security, incompleteness, inconsistency, heterogeneity, 

and diversity remain challenges. 

In terms of smart education, many studies provided different views concerning various 

problems like data confidentiality, incompleteness, inconsistency, heterogeneity, diversity, 

scaling, velocity, precision, and dynamics within educational information management. 

Reference [29] proposed a multi-dimensional learning preference framework for the 

recognition and integration of heterogeneous data modalities related to learners' body posture, 

facial expressions, and interactive conduct during sessions in order to evaluate their level of 
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participation in learning. Reference [30] uses the graph-based topological methodology 

approach to obtain multi-source learning data of learners through academic performance 

platforms and visual surveillance devices. This method uses an attention-based fusion approach 

in order to integrate multimodal learning data by calculating the weights of each modality in 

the process, which supports the prediction of teaching quality. Reference [31] takes advantage 

of linguistic processing techniques, vocal recognition, visual computing, and biological signal 

identification to collect multi-dimensional features spanning acoustic, visual, textual, 

physiological, and psychological data modalities. Multimodal data analysis along with data 

mining techniques is employed to obtain information about student learning. An intelligent 

education management platform built upon cloud computing technology is presented in [32], 

prioritizing scalable and efficient data governance. In embracing service-oriented architecture-

based design, this methodology will ensure that any data storage and processing processes stay 

concurrent and scalable in response to institutional needs. Reveals [33] how edge computing 

provides a feasible way around latency issues since data processing near the data source is likely 

to increase information processing speed and minimize communication costs. Extending this 

concept further, [34] uses cloud-edge computing and secure multi-party computation 

methodologies to analyze student learning behavior data obtained from several educational 

service platforms. Aggregation of cross-user data occurs in the course of the research, thereby 

providing privacy-aware multimodal monitoring in the educational environment. Study [35] 

investigates various strategies for enhancing computational efficiency, energy consumption, 

and privacy while processing data through the edge. Study recommendations include multi-

source AI-enabled and distributed edge computation methodologies for instantaneous data 

processing. Suggested strategy [36] for improving smart education systems relies on the 

integration of 1D convolutional neural networks and LSTM networks. It can be applied to 

analyzing data on instructional interactions between teachers and learners collected via edge 

computing technology. The use of edge computing technology allows gathering real-time data 

and processing it locally. Study [37] suggests an approach based on compressed sensing 

methodology that leverages the use of blockchain technology. Machine learning-based 

biometric approaches enhance this methodology and bring notable benefits to security 

assurance and accessibility of online learning services for learners. In terms of data processing 

ability, deep learning frameworks constructed using multi-layer neural networks enable 

significant scalability of hierarchical data processing [38]. They appear to be especially useful 

in the real world of education due to the unpredictable nature of data patterns and sudden 

occurrences of abnormalities. 

This study analyzes the problem of learning data processing in the domain of digitally-

driven educational advancement. By incorporating the attributes of smart classroom and the 

theory of multimodal learning analysis, the present research creates a knowledge-oriented data 

processing model that is specifically applied to university smart classrooms. The validity of this 

model will be demonstrated from two perspectives: heterogeneous data integration and adaptive 

instructional content suggestion. On one hand, a cooperative learner participation evaluation 

model of smart classroom is established using the theory of multi-source data integration, which 

discusses the connection between the multi-dimensional data characteristic indicators and 

student involvement. On the other hand, an ALSLI-based educational resource suggestion 

system is presented, which integrates self-attention mechanisms together with user preferences. 
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2 Advances in Learning Data Processing Approaches for 

Intelligent Classrooms in Tertiary Education 

2.1 Intelligent Learning Environments and Multimodal Instructional 

Analysis 

In other words, intelligent classrooms adopt massive datasets, distributed cloud services, IoT 

sensors, and cellular network infrastructures so as to establish novel forms of adaptive 

educational settings and individualized instructional platforms. This makes it possible to 

conduct intelligent classroom instruction and intelligent learning experiences to improve 

educational quality. Due to their continuous development, smart classrooms can monitor the 

learning process and conduct real-time evaluation and assessment of learning performance, 

mine and analyze the learning performance of learners. The basic principle of smart classrooms 

is that data changes the future of education. In smart classrooms, learners engage with teachers, 

other learners, technologies, and traditional learning materials through multimedia channels and 

produce large volumes of multi-modal data to reflect the learners' current statuses and behaviors 

in classrooms. New technologies like IoT, big data, and artificial intelligence also give technical 

support for the collection and integration of multi-modal data. 

Multi-modal learning analytics is an overall method to integrate various sources and types 

of data for getting holistic insight on learners' cognitive, emotional and behavioral performance 

during the process of learning to promote personalized education and learning support. Multi-

modal data synthesis enables a thorough understanding of learner states and behavioral patterns 

across multiple dimensions, thereby providing the educational sector with more precise and 

well-rounded support for informed decision-making. Given this potential, applying multi-

modal learning analytics to process and interpret the diverse data streams gathered from smart 

classroom environments emerges as a promising direction. This approach facilitates intelligent 

monitoring of instructional activities and yields deeper, more comprehensive insight into how 

learners progress through complex and technology-enriched educational settings. Thus, it is 

able to reveal multiple characteristics of learning and give timely assessment and responsive 

instructional support to smart classrooms. 

The collaboration of intelligent teaching platforms and multi-modal learning analytics can 

facilitate customized adjustment and improvement within instructor-learner interactions, peer-

to-peer exchanges, and learner-content engagement. 

2.2 Design of the Smart Classroom Learning Data Processing Framework 

Information handling refers to the conversion of unprocessed input into meaningful knowledge 

via technical instruments. The main steps involved in data processing include data acquisition, 

cleaning, processing, storage, analysis, and visualization. This study will use the principles of 

cognitive science, systemic thinking, and educational data analytics, combined with the features 

of technologically enhanced learning spaces, to gather and analyze multichannel learner activity 

records in three phases: "preparatory instruction, classroom inquiry, and follow-up 

consolidation." The intelligent classroom information management model is presented as 

illustrated in Figure 1. 

(1) Preparatory Stage Learning Data Acquisition and Processing 

Educators retrieve student information from digital instructional portals, encompassing 

academic progression records, guided activity logs, evaluation results, and learner profile and 

grade management repositories. Through the use of machine learning technology and 

educational analytic approach, the common features and unique features of individual students 

can be examined. By evaluating students' background knowledge, interests, favorite learning 
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styles, academic levels at present, and self-study path, a complete situational assessment report 

is compiled. Based on the findings above, the teacher can accurately estimate students' capacity 

of comprehension and motivation level, and make reasonable forecasts on possible issues that 

may occur during the learning process, which helps adjust curriculum design and teaching 

strategies. This promotes learners to take initiative to conduct self-assessment and optimize 

study approaches. 

(2) Classroom Inquiry and Knowledge Building Phase Data Processing 

With the assistance of IoT sensory function, video recording, and visual recognition, the 

heterogeneous behavior data of learners are obtained in physical classrooms. The learning 

management tool is used to collect information about the learning behavior of retrieving activity, 

communication, cooperation, and immediate assessment. Preparatory processes, such as 

duplication exclusion, noise elimination, conversion of format, and filling of empty values are 

conducted prior to deep analytical process. Methods such as clustering analysis, association 

analysis, and sequence analysis are adopted to mine the patterns of learning behavior data. For 

example, association rules-based approach can discover the relationships between learner 

attributes, behavior, and educational resources, thus personalizing the selection of material for 

students. Sequence analysis focuses on analyzing the process of learner's behavior in order to 

create personalized learning path for each learner based on his/her attribute. In conclusion, both 

instructors are granted with the ability to offer personalized instruction, and learners can engage 

in appropriate learning process accordingly. 

(3) Post-Class Extension Phase Data Processing 

Information gained through the online instruction system regarding the post-class extension 

activity, utilization of materials, course evaluation, live evaluation, and the student 

records/grading management system will be processed efficiently. This makes it possible to 

analyze learner performance alongside contributing variables, creating instructional diagnostic 

summaries, incremental learning progress reports, and academic achievement outcome 

assessment reports. 

Data mining and 

learning analysis

Cluster analysis, association 

analysis, sequence analysis

Data mining, 

regression analysis

Data cleaning, data integration, data reduction, format conversion and 

discretization

Online platform collection Offline smart classroom collection

Student situation 

analysis report

Recommend 

personalized 

learning resources

Learning 

Assessment Report

Collection from 

other systems

Offline smart 

classroom collection

Collected through online 

learning platforms

Before class In class After class

Data application

Data Mining Analysis

Data processing

Data collection

Data source

 

Figure 1: Smart classroom learning data processing framework 
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3 Evaluation of Cooperative Learner Participation within 

Intelligent Classrooms Utilizing Heterogeneous Data 

Sources 

The section focuses on analyzing heterogeneous data obtained during the instructional process 

within the smart classroom in universities to assess the extent of student engagement in 

collaborative learning processes in such environments, all the while proving that the data 

processing model is feasible. 

3.1 Building Multimodal Data Fusion Models 

The heterogeneous data integration framework proposed in the current study addresses the 

weaknesses inherent in the use of unimodal information and multi-source data combination, 

providing a holistic view regarding students' academic engagement status within 

technologically enhanced educational settings. Student involvement includes emotional, 

motivational, and intellectual participation. Motivational participation primarily concerns the 

degree to which learners are actively involved throughout instructional activities. Emotional 

participation includes the emotional state of the learners such as interest, joy, anxiety, and anger 

about achievement-based activities; the emotional state can be subdivided into positive, mixed, 

and negative emotions. Cognitive engagement can be mainly seen in the learning strategy 

employed by the learners; self-regulation is included in the learning strategies used. As it is 

hard to determine the use of learning strategies through observation, the physiological state of 

the learners in learning will provide insights into their intellectual participation. 

Consequently, in the proposed framework, automatic behavioral event detection, face 

expression recognition, and physiology signal monitoring are applied to study data along the 

trio of engagement dimensions, which include behavior, emotion, and cognition. To minimize 

disruption to ongoing learning processes, the model incorporates distributed IoT infrastructure 

alongside an open-source Django web server deployment. This configuration gives rise to a 

layered architecture that sequentially handles the automated collection, analysis, fusion, 

assessment, and feedback of data pertaining to learner states throughout the educational process, 

as illustrated in Fig. 2. 

In pursuit of broad and thorough data coverage, the data collection layer is designed to 

capture multichannel multimodal information simultaneously. The biometric signal collection 

module uses a generalizable, expandable IoT framework to handle low-power human body 

sensing devices and collect cable-free physiological signals from multiple devices and store 

them. The analysis layer organizes the different temporal sequences derived from the trio of 

input channels. In the fusion layer, these temporal sequences are synchronized and integrated. 

The assessment layer does the layered and incremental diagnoses and assessments of the three 

factors. Lastly, the responsive output layer uses pattern-based grouping methods to display the 

states of the instructional activity occurring inside the intelligent classroom. The main data 

archiving and access framework follows a B/S structure, involving the web application platform 

and MySQL database. In the browser end, the architecture is implemented according to 

RESTful principles using Python to execute the business logic. The client allows for the use of 

ECharts visualizations on web pages. 
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Figure 2: Multimodal data fusion model 

3.2 Learning Investment Evaluation Framework for Multimodal Data 

Representation 

Multimodal data analysis broadly follows a four-phase workflow encompassing data collection, 

data processing, data fusion, and data application. Drawing upon this structure, the present 

study constructs an evaluation framework for multimodal learning engagement, as illustrated 

in Figure 3. 

(1) Data Collection 

Student engagement is defined as a construct that incorporates behavioral, cognitive, and 

affective aspects into one entity. In order to obtain a holistic picture of each dimension of student 

engagement, several different approaches to multimodal data collection are utilized such as 

questionnaire, video recording, audio capture, learning platform usage logs, and physiological 

measures. Each particular approach is dedicated to collecting data on a particular aspect of a 

learner profile, thus capturing learners' observable behavior, psychometrics, and physiometrics. 

More precisely, questionnaire is mostly used for acquiring information on self-regulation and 

learning motivation, whereas video is most frequently used for measuring body position and 

facial expressions. Audio is mostly used for acquiring conversational information. Learning 
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platform usage logs are mostly used for acquiring the number of times, as well as duration and 

accuracy of responses. Physiological sensors are used to measure biometric indicators, which 

include skin conductance, heartbeat, and brain activity. 

(2) Data Processing 

Data processing includes four major steps, namely, cleaning, denoising, dimensionality 

reduction, and multimodal data annotation. Cleaning and denoising are aimed at addressing 

consistency problems between the collected data types and invalidation issues with certain 

records, respectively. Dimensionality reduction is a procedure that focuses on improving 

robustness and generalizability of multimodal data models, and there is a plethora of approaches 

in the area that ranges from linear to nonlinear dimensionality reduction methods as well as 

manifold-based techniques. Annotation is necessary in preparing multimodal data for fusion, 

and many annotation techniques are offered for this purpose. 

(3) Data Fusion 

In data fusion, the processed multimodal streams will come together for analysis, taking 

advantage of both space and time dimensions to build a model that will help in the triangulation 

of multi-source data. In contrast to conventional single-modal models, the key benefit of data 

fusion is that it enables a higher degree of accuracy and increased information content by 

utilizing multiple independent sources at once, thus producing more substantial findings. 

Additionally, data fusion serves as an integral component in analyzing learning engagement 

when multimodal data representations are applied. 

(4) Data Application 

The results obtained from data fusion form a foundation for identifying each student’s 

engagement level in their learning process. Data collected using a learning motivation scale, 

facial expressions gathered using video technology, peer interactions gathered using acoustic 

recording, and physiological data including galvanic skin reaction and heart rate gathered using 

sensor technology could all be incorporated to provide an analysis of the learner’s emotional 

state. Hence, the three types of engagement, i.e., affective, cognitive, and behavioral 

engagement, altogether give an account of learners’ engagement levels in learning. 

Undoubtedly, there is a “many-to-one” relationship between the data and education indicators 

in the context of data application. 
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Figure 3: Learning engagement assessment Framework for multimodal data representation 

3.3 Case Study 

The empirical study to be discussed below will utilize the multimodal data integration approach 

to evaluate collaborative learning engagement in smart classrooms. Using this framework, the 

research aims to extend existing knowledge on collaborative learning engagement in terms of 

its pedagogical evaluation. 

3.3.1 Experimental Design 

An experiment was conducted using the course of "Chemistry Pedagogy," more specifically, 

the session called "High School Chemistry Model Construction." The experiment was 

conducted in the smart classroom that provided the entire complex of modern technology, which 

includes the recording equipment, screen casting systems, interactive group learning equipment, 

interactive electronic whiteboards, mobile terminals, and intelligent teaching platform. The 

teaching procedure consisted of four parts, namely, pre-class preparation, theory explanation, 

practice, and summarization. The practice stage particularly featured collaborative learning 

activities. 

3.3.2 Experimental Procedure 

The research trial mainly centered on the cooperative instructional stage in intelligent classroom 

settings. Specifically, the experiment gathered heterogeneous data for every student team, 

conducted the encoding of each type of data, statistical analysis of each kind of data, and then 

did comprehensive data analysis. 

Data collection during the experiment spanned multiple modalities, encompassing audio 

recordings, video footage, smart teaching platform logs, physiological measurements, self-

reported questionnaire responses, and rubric-based assessments of students' collaborative 
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learning outputs. The former four kinds of data were collected through the smart classroom 

recording system, cameras, the smart teaching platform, smart wristbands, respectively; while 

questionnaire self-reporting data and rubric-based data were collected using the web-based 

survey platform. 

The survey instrument consisted of three aspects, which include student participation 

patterns, intellectual involvement, and emotional engagement. Behavioral engagement mainly 

involves group learning role-playing, collaborative tasks, and class interactions. Cognitive 

engagement consists of knowledge as well as competency and skill advancement. Affective 

engagement mainly measures the students' inclination toward group-based learning. Evaluation 

based on SPSS showed a Cronbach's Alpha value of 0.859, which indicates a strong validity 

degree of this instrument. At the same time, the questionnaire was submitted to experts, who 

all agree that the survey tool has strong construct validity. 

An assessment rubric was employed to gather evaluative information on learners' 

cooperative learning results. The scoring tool is collaboratively compiled by three experienced 

teachers in the field of chemistry pedagogy. Using this rubric, we assessed each team's 

collaborative learning effect, computed the total score for each group, and identified high-

achieving groups (the top 25%) and low-achieving groups (the bottom 25%). 

3.3.3 Experimental Data Analysis 

A random sample of the high-achievers labeled groups was taken as the high achievement group 

while a random sample of the low-achievement labeled groups was taken as the low 

achievement group. Contrastive evaluation was done on the participation levels of these two 

samples. 

(1) Audio Data Analysis 

The figure below shows the time taken by the top-performing and underperforming student 

clusters in terms of three states: silent/disruptive state, course-related discussion, and non-

course related discussion. In the graph above, A, B, and C represent the "quiet/chaotic state," 

"course-related discussion," and "non-course related discussion" respectively. This shows that 

both groups took nearly an equal amount of time in discussion/disruptive state. However, the 

high achievement group took more time in course-related discussion than the low achievement 

group and less time in non-course related discussion. 

 

Figure 4: Comparison and analysis of audio data 

This section reports the findings derived from the analysis of video recordings, intelligent 

teaching platform logs, physiological data, and questionnaire responses. A comparative 



INGEGNERIA SISMICA – INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING 

11 

summary of outcomes for the high achievement group and the low achievement group is 

presented in Table 1. 

Table 1: Data analysis of high and low achievement groups 

Data type Dimension Variable 
Mean 

value 

Standard 

deviation 

Mann-

Whitney U 

test 

Video data 

Confusion 
HAG 26.00 17.524 

0.039 
LAG 97.00 54.215 

Fatigue 
HAG 21.83 14.612 

0.022 
LAG 103.41 26.031 

Concentration 
HAG 352.36 87.435 

0.022 
LAG 181.62 99.713 

There are hand movements when 

communicating with peers 

HAG 248.84 82.539 
0.041 

LAG 129.67 52.716 

Intelligent 

teaching 

platform data 

Task completion degree 
HAG 87.64 14.041 

0.026 
LAG 54.32 20.083 

Discussion 
HAG 3.25 1.302 

0.037 
LAG 1.50 0.968 

Physiological 

data 

Range of heart rate changes 
HAG 48.50 3.027 

0.022 
LAG 23.50 18.542 

Range of pressure changes 
HAG 9.42 3.028 

0.041 
LAG 26.34 18.925 

Questionnaire 

self-reported 

data 

Clarify the division of labor within 

the group 

HAG 1.50 0.513 
0.024 

LAG 3.25 0.825 

All the group members 

participated in the discussion 

HAG 1.50 0.513 
0.032 

LAG 3.00 0.948 

The resources pushed before class 

provide me with ideas for 

collaborative discussions 

HAG 1.75 0.584 

0.034 
LAG 3.25 0.825 

Enjoy interactive screen projection 

and sharing of achievements 

HAG 2.00 0.513 
0.042 

LAG 3.25 0.827 

The recording and broadcasting 

system can urge learning 

HAG 1.75 0.586 
0.034 

LAG 3.50 0.965 

 

(2) Video Data Analysis 

Facial expressions, posture of head and hands were observed in terms of joy, bewilderment, 

disengagement, astonishment, exhaustion, focus, self-assurance, upward gaze, downward gaze, 

head tilting and gestural movements during peer interaction respectively. Nonparametric 

statistical comparisons were performed using SPSS software to compare 11 above factors 

related to collaboration learning between high achievement and low achievement. Table 1 

indicates that there is a difference (P<0.05) between high achieving and low achieving groups 

in four factors including confusion, fatigue, concentration and gestures in discussion. 

(3) Data analysis on intelligent teaching platform 

Task completion rate, time spent on learning process, self-learning videos watching, 

assignments, discussions and in class test scores were analyzed through SPSS using Mann-

Whitney U test between high achieving and low achieving students on intelligent teaching 

platform. From table 1, it can be seen that there is a difference (P<0.05) between two groups in 



Zhang et al. 

12 

two variables including task completion rate and discussions with significantly higher rate of 

high achieving group than low one. 

(4) Physiological data analysis 

Six physiological indicators were measured, comprising heart rate variability range, stress 

variability range, high stress, medium stress, normal stress, and relaxation. Mann-Whitney U 

tests were conducted via SPSS software to examine group differences between high 

achievement and low achievement students. As shown in Table 1, notable discrepancies were 

observed between high- and low-performing learners in cardiovascular fluctuation magnitude 

and psychological pressure variation range (P<0.05). Students with better performance results 

showed higher amplitudes of heart rate variability compared to poorer performers; at the same 

time, they had lower stress variation levels. 

(5) Survey-Based Data Analysis 

The Wilcoxon rank-sum tests were conducted on 24 questions of the questionnaire for both 

groups of students. The differences between the performances of high- and poor-achievers were 

found among behaviors: "Tasks clearly defined for group members" and "Everyone participated 

in group discussion" (P<0.05), among cognition: "Information from pre-class resources was 

helpful in collaborative discussions" (P<0.05). Statistically significant differences were also 

detected concerning affects: "I enjoyed interactive screen sharing to share results" and 

"Learning became more interesting due to the presence of the recording system" (P<0.05). 

3.3.4 Findings and Discussion of Experimental Outcomes 

Based on the outcomes of data examination, the correlation between multi-dimensional data 

feature metrics and learner engagement intensity is systematically presented in Table 2, where 

"↑" denotes a favorable association and "↓" reflects an inverse relationship. 

Findings from the data examination indicate the following: To begin with, the degree to 

which learners' conversational contributions recorded in acoustic data align with the 

instructional subject matter has a direct impact on their level of participation. Subsequently, 

visual recording information reflects elevated involvement when learners exhibit attentive 

focus or reinforce verbal exchanges with gestural movements during cooperative tasks. On the 

other hand, low engagement is marked by instances where facial expressions of confusion and 

tiredness occur. Thirdly, based on log data, completing assignments and participating in 

discussions in the course platform indicate high learning engagement. Fourth, from 

physiological data, high learning engagement is indicated by marked variation in heartbeat 

while low engagement is indicated by high variation in stress levels. Lastly, survey-based 

findings show that within cooperative learning settings, well-defined team responsibilities, 

involvement of every group participant, provision of learning resources before class, interactive 

screen sharing to show results, and the use of recording devices to monitor learners' activities 

promote learning engagement. It is clear that learning engagement in smart classrooms involves 

a number of factors. This analysis model identifies the key factors involved scientifically. 

Within smart classroom environments, multimodal data representations serve as the primary 

instrument through which instructors assess the degree of collaborative learning engagement, 

enabling timely and well-informed adjustments to group-based instructional activities. Certain 

observable signals function as reliable indicators of diminished engagement, among them the 

manifestation of facial cues associated with confusion or fatigue, considerable fluctuations in 

physiological stress measurements, and student participation in conversations unrelated to the 

learning task at hand. On the other hand, focused facial expressions, hand gestures among peers, 

marked heart beats variation, and course-related discussion among learners indicate 

engagement. Furthermore, in cooperative learning contexts, strengthening advance preparation 

guidance, delineating team responsibilities, promoting comprehensive member involvement, 
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employing intelligent classroom tools such as wireless projection for outcome presentation, and 

making use of activity-tracking recording systems can substantially elevate learner participation. 

Instructors ought to endeavor to create a supportive collaborative learning environment that 

incorporates these elements. 

Table 2: Relationship between multimodal data feature variables and learning engagement 

Data type 

(Data content) 
Characteristic variables 

Learning 

engagement 

Audio data 

(Discussion content) 

The discussion content is related to the course ↑ 

The discussion content has nothing to do with the course ↓ 

Video data 

(Facial expressions) 

Confusion ↓ 

Fatigue ↓ 

Concentration ↑ 

Video data 

(Hand movements) 
Hand movements when communicating with peers ↑ 

Physiological data 

(Heart rate, stress) 

Range of heart rate changes ↑ 

Range of pressure changes ↓ 

Log data 
Task completion degree ↑ 

Discussion ↑ 

Questionnaire self-

reported data 

Pre-class preview resource push ↑ 

Clarify the division of labor within the group ↑ 

Each member participates in group study ↑ 

Share your achievements through wireless screen 

projection 
↑ 

The recording and broadcasting system monitors the 

learning process 
↑ 

4 Construction of an Instructional Material Suggestion 

Approach Grounded in Data Handling 

The present chapter introduces an Adaptive Instructional Material Suggestion framework 

incorporating Self-Attention and Long-Short-Term User Preference (ALSLI) built upon learner 

behavioral data analysis within intelligent teaching environments. Through augmenting the 

Sequential Decision Model (SDM), it incorporates self-attention mechanisms  [39] alongside 

learner sustained and immediate preferences. This methodology improves the model's 

applicability for tailored instructional content delivery in web-based learning contexts inside 

intelligent classrooms, thereby putting into practice the data utilization stage of the constructed 

information handling architecture. 

The ALSLI model uses  , 1,2, ,u

iC c i n    tto represent the sequence of educational 

material interactions by learner u . Based on the long-term and short-term thresholds t  within 

the behavior sequence, it is divided into the long-term learning behavior sequence 

 1 2, , ,u

tL c c c   and the short-term learning behavior sequence  1 2, , ,u

t t nS c c c  . The 

behavior sequence  , 1,2, ,u

iC c i t    represents the learner's past learning behavior 

sequence, which is used by the model to predict the probability of the learner interacting with 

learning resource 1tc  . The overall structure of the ALSLI model is shown in Figure 5. 
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Figure 5: The overall structure of the ALSLI model 

4.1 Vectorized Encoding for Student Profiles and Academic Content 

Within online learning platforms, student attention extends beyond the content of learning 

resources themselves to encompass associated contextual details, such as the identity of the 

resource publisher and the broader knowledge domain to which a given resource belongs. This 

reality exposes a fundamental shortcoming in conventional sequence recommendation 

algorithms, which restrict their modeling scope to item ID features alone and thus fail to capture 

the full complexity of learner interaction patterns. 

To overcome this limitation, behavioral sequences are examined through multiple 

dimensions, from which representations encapsulating distinct characteristics are derived. The 

totality of these representations is collectively defined as the aspect information set . For 

each input item u u

ti  , it is converted into a dense vector 1
u

de


  through an embedding 

layer. This vector can then be directly fed into a deep learning network for processing: 

 ({ | })u

f

ie concat e f


   (1) 

In this formulation, fd If f f

i ie W x


   denotes the embedded representation of feature 

f  of item i  within the embedding space of dimensionality 
fd . 

fW  refers to the projection 

matrix corresponding to feature f , whereas f

ix  constitutes the one-hot encoded input. 

Regarding the vectorized encoding pertaining to individual learner characteristics, an 

analogous approach is adopted, characterizing each user through a range of demographic and 

academic descriptors including academic year, biological sex, field of study, and so forth. For 

each user-specific attribute supplied as input, it is transformed into a compact dense vector 
1d

uE  . The user attribute vectors obtained through this process are subsequently fed into 

both the long-term and short-term learning interest extraction modules, where they serve as the 

basis for deriving individual interest preferences from each learner's accumulated behavioral 

history. 
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 ({ })|p

u uE concat e p   (2) 

Here,  denotes the set of attribute features, and p

ue  represents the vector representation 

of feature p . 

4.2 Short-Term Learning Interest Extraction Module 

Regarding the brief-duration activity sequence 
1 2{ , ,..., }u

tS s s s  of a given user, the one-

dimensional sequential records are initially transformed into a high-dimensional dense vector 

format via an Embedding layer. A GRU network  [40] is subsequently applied to capture 

temporal dependencies inherent in the activity sequence. The computation proceeds as follows: 

 ( )s

i ie Embedding S  (3) 

 ( )s s

i ih GRU e  (4) 

In these expressions, iS  refers to the learner's recent behavioral activity chain, s m es

ie R   

denotes the encoded representation produced by the embedding layer, where es  specifies the 

dimensionality of each item's feature encoding, s es hs

ih R 
 
constitutes the latent state 

representation vector, and hshs hs designates the size of the latent state space.. 

Having obtained the latent representation s

ih , it is supplied as input to the weight matrices 

, ,q k vW W W  to derive Q (Query), K (Key), and V (Value) projections. These projections are 

subsequently passed into the self-attention component to evaluate relevance scores among all 

sequence positions, which are then combined with the projected V for each position to yield 

iM : 

 ( , , ) ( )
T

k

QK
Attention Q K V softmax V

d
  (5) 

 ( , , )s s s

i q i k i v iM Attention W h W h W h  (6) 

Subsequently, within the attention-based pooling mechanism, the output U obtained from 

the learner attribute encoding module acts as Q. The intermediate representations iM  

generated in the preceding stage are adopted as revised iK  and iV  to execute a weighted 

aggregation, ultimately producing the user's near-term preference representation uS : 

 

1

( , , ) ( )
Ti
i

i i i

n k

QK
AttentionPooling K Q V softmax V

d



   (7) 

 ( , , )u i iS AttentionPooling K Q V  (8) 

In this context, kd  denotes the dimensionality of a query representation, and the softmax 

function serves as a computational operator that converts a high-dimensional numerical array 

into a normalized probability output, ensuring that all resulting values collectively sum to unity. 
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4.3 Long-Term Learning Interest Extraction Module 

With respect to the prolonged engagement sequence 
1 2 4{ , ,...,uL L L L

 
captured across various 

dimensions to represent individual learning tendencies, the extended behavioral trajectory 
uL  

is decomposed into separate attribute subsets: u

tdL  refers to the set of learning material 

identification codes, u

sourceL  encompasses the set of originating publisher identification codes, 

and 
u

majorL  captures the set of academic discipline classification labels. 

Longer periods of activity series hold comparatively lesser importance with regard to the 

instantaneous preferences of users than recently generated behavioral patterns. Moreover, the 

huge number of documents that will be presented during the retrieval process may weaken the 

model's performance when complex network architectures are applied. Thus, we obtain 

preference representations through direct modeling of long-term interests of users by using an 

aggregation network based on attention mechanism. The learner attribute vector ue  functions 

as the query input to evaluate relevance weightings, producing representations for the sustained 

activity chain: 

 | |

1

exp( )

exp( )
f

uT

k u
k

uT

k u

k

g e

g e









 (9) 

 

| |

1

f

u u

f k k

k

z g


   (10) 

Subsequently, the aggregated collection { | }u

fz f   is channeled into a concatenation 

layer for consolidation. Through the tanh activation function, this produces the vector uL  

encoding the user's sustained learning preferences: 

 ({ | })u u

fZ concat z f   (11) 

 tanh( )p u

uL W Z b   (12) 

4.4 Sustained and Immediate Preference Consolidation Component 

Upon completing learner attribute encoding alongside the derivation of extended and near-term 

preference representations, the subsequent step involves merging these sustained and 

immediate interest vectors. The sustained preference representation uL , near-term preference 

representation uS , and learner profile encodings uE  are unified via a Concat operation. The 

conclusive suggestion output uO  is subsequently derived through a fully connected network. 

The detailed computation is as follows: 

 ( , , )x u u uF concat L S E  (13) 

 ( )u xO Dense F  (14) 
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4.5 Model Training 

In the prior phase, we derived the learner's extended and near-term preference encodings uO . 

During the optimization stage, we treat the learner's activity chain as { , 1,2,..., }u

iC c i t   as 

the chronological record of the learner's interactive engagement. The item associated with the 

interaction at time step 1ic   (the immediately subsequent time step following t) is designated 

as the positive sample. The negative instance is obtained by removing the negative label from 

the learner's interaction history uC . Class-level predicted probabilities are computed via the 

softmax function, with cross-entropy adopted as the designated loss function. The overarching 

training objective is formulated as the minimization of the loss function's output value: 

 ˆ ( )y softmax z  (15) 

 ˆlog( )i i

i K

loss y y


   (16) 

Here,   denotes the number of categories. z  represents the learner's interest score 

calculated by the inner product between the learner's interest representation and each learning 

resource. 
1 | |

ˆ ˆ ˆ[ ,..., ]y y y  denotes the model's predicted values, and ˆ
iy  is the actual category 

label value of learning resource 1ic  . 

4.6 Practical Validation of the Model 

The present section performs benchmarking trials on the real-world applicability of the 

developed ALSLI instructional content delivery framework for intelligent classrooms and 

verifies the contribution of each component via ablation analysis. 

4.6.1 Experiment-Related Configuration 

(1) Experimental Setup Details 

The hardware and software specifications adopted for this chapter's experiments are detailed 

in Table 3. 

Table 3: Configuration of the ALSLI experimental environment 

Environment name Parameter information 

Operating system Windows 11 

GPU RTX 4070 

CPU Intel i7-13700F/AMD Ryzen 7 7700X 

Memory 64GB 

Development tools Visual Studio Code 

Programming language Python3.13.7 

Deep learning framework TensorFlow 

 

(2) Benchmark Dataset Setup 

The present section employs AmazonBooks and MoocData as benchmark corpora to assess 

the proposed model's effectiveness. 

The AmazonBooks collection is an exhaustive database of literary recommendations, 

complete with extensive bibliographic information and feedback from readers that seeks to 

provide a benchmark for various forms of personalized recommendations. The features of the 



Zhang et al. 

18 

database match well with the educational context. 

The MoocData collection refers to a freely available database designed for examining 

MOOC-related data. It is extensively used in various fields such as text understanding, 

relational knowledge representation, and intelligent content recommendation systems. The 

corpus includes authentic e-learning content, multimedia resources, and interaction records 

among participants in online courses. This information can be utilized across three core levels, 

namely, concepts, courses, and learner journeys, to facilitate different types of inquiries. 

This study primarily focuses on learners' demographic profile data as well as their 

participation record data. Post cleaning and preprocessing of the data, the specifications of the 

processed experimental data are provided in Table 4. 

Table 4: Dataset information 

Dataset name Number of users Number of projects Number of user-project interactions 

AmazonBooks 447252 359874 8637563 

MoocData 46530 37496 661984 

 

(3) Comparison Model Setup 

The current chapter compares the ALSLI model to previously existing sequential suggestion 

techniques that have been proven to be valid and accepted within the relevant fields, in an 

attempt to assess the performance of the suggested system in terms of ranking quality and 

superiority. Below, a description of the baseline models used is provided: 

1) FM Model: It combines the advantages of linear models and matrix factorizations, 

gaining popularity across recommendation systems and advertisement click-through rate 

prediction, among others. 

2) DSSM Model [41]: Semantic model based on deep learning, first developed by Microsoft. 

3) YouTubeDNN Model: Embeddings for users and items are obtained using deep neural 

networks. 

4) MIND Model: Category-sensitive attention model based on proportional interaction 

numbers. 

5) Comirec model: Incorporates a diversified preference module designed to extract mixed 

user inclinations derived from behavioral sequences and identifies relevant candidate items 

from extensive item repositories. 

6) SDM model: Applies a selective merging strategy that unifies long-range and immediate 

user requirements, achieving superior accuracy over prior approaches that directly concatenate 

the two. 

7) MIRTD model: Sequence-based suggestion with multiple interest modeling built upon 

time-aware convolutional structures and dynamic routing. 

(4) Evaluation Metrics 

In order to evaluate the model effectively, the present chapter employs two criteria 

frequently adopted in ranking-based retrieval systems, specifically Hit Rate @ K and Recall @ 

K. Here, K represents the total number of items selected from the ranked output generated by 

the system, reflecting the K highest-relevance materials recommended to the target learner. 

4.6.2 Examination of Benchmarking Outcomes 

(1) Hit Rate Performance Comparison on the AmazonBooks Corpus 

Figure 6 presents the Hit Rate evaluation outcomes achieved by the ALSLI system and its 

competing methods on the AmazonBooks benchmark dataset. 

When the top 30 resources were retrieved for users, the ALSLI model achieved a click-

through rate of 44.77%. This figure surpassed those of the conventional FM and YoutubeDNN 
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architectures by margins of 21.98% and 15.92%, respectively. Against the DSSM and MIND 

baselines, the proposed model demonstrated hit rate improvements of 16.41% and 17.56%. 

Among methods that similarly incorporate user preference modeling, namely Comirec, SDM, 

and MIRTD, the ALSLI approach recorded gains of 14.11%, 0.92%, and 12.34%, respectively. 

At a retrieval depth of 50 items, the ALSLI model posted a click-through rate of 63.30%. 

Measured against FM, DSSM, YoutubeDNN, MIND, Comirec, SDM, and MIRTD, the 

performance gains stood at 15.26%, 11.88%, 12.84%, 11.44%, 11.04%, 1.02%, and 10.46%, 

respectively. The model's ability to simultaneously capture both prolonged and immediate user 

preference patterns, while integrating their respective contribution weights into the final 

ranking process, accounts for its consistent advantage in sequential learning resource 

recommendation tasks. 

 

Figure 6: Results of the HitRate metric in the AmazonBooks dataset 

(2) Hit Rate Performance Comparison on the MoocData Corpus 

Figure 7 displays the evaluation results pertaining to the engagement rate indicator within 

the MoocData benchmark. With the aim of more transparently illustrating the extent of 

improvement in system performance, proportional growth ratios and proportional decline ratios 

are adopted. 

Upon retrieving the 30 highest-ranked resources for users, the proposed ALSLI system 

achieved a click-through rate of 0.172%. Relative to rival methods encompassing FM, DSSM, 

YoutubeDNN, MIND, Comirec, SDM, and MIRTD, the engagement ratio of the present system 

exceeded theirs by margins of approximately 438%, 266%, 282%, 266%, 258%, 136%, and 

18%, respectively. 

Upon retrieving the 50 highest-ranked resources for users, the proposed system recorded a 

click-through rate of 0.462%. Compared to the baseline SDM architecture, the engagement ratio 

of the present system expanded by approximately 189%. With regard to the MIRTD method, 

the corresponding metric of this framework increased by roughly 63%. When benchmarked 

against the FM, DSSM, YouTubeDNN, MIND, and Comirec architectures, the current model 

demonstrated considerable performance gains across different magnitudes of interaction rate 

improvement. 

On the whole, the model shows weak sensitivity to changes in the data set, demonstrating 

good recommendation quality on several benchmark repositories. 
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Figure 7: Results of the HitRate metric in the MoocData dataset 

(3) Recall Coverage Evaluation on the AmazonBooks Benchmark 

In Figure 8, we see how our model performs in terms of the Recall metric within the 

AmazonBooks experimental corpus. 

Upon selecting the top 30 highest-relevance resources for learners, the proposed framework 

achieves a retrieval coverage of 25.65%. This indicates that, relative to competing approaches 

such as FM, DSSM, YoutubeDNN, MIND, Comirec, SDM, and MIRTD, the current framework 

delivers a superior retrieval coverage of 15.44%, 8.88%, 10.35%, 9.75%, 7.78%, 2.05%, and 

6.70%, correspondingly. 

At the same time, upon selecting the top 50 highest-relevance resources for learners, the 

retrieval coverage of the proposed framework reaches 32.88%. That is why, in comparison with 

the same set of models mentioned above, this one provides the following improvements: 

approximately 18.05%, 10.68%, 12.57%, 11.88%, 9.08%, 0.77%, and 9.15%, respectively. 

It should be noted that a careful analysis of this figure allows us to make the following 

conclusion: a transition from recommending the top 30 most interesting items to the top 50 ones 

leads to the increase of the recall metric improvement. In other words, our model is able to 

recommend a larger variety of items to the user. This will make it possible for students to find 

interesting recommendations within the list of recommendations. 

 

Figure 8: Results of the Recall metric in the AmazonBooks dataset 
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From above, it can be seen that the ALSLI learning resource recommendation model 

exhibited the best performances in all the metrics. 

4.6.3 Ablation Experiment 

In order to demonstrate the contributory role of the constituent units within the ALSLI 

framework, a component removal study was conducted utilizing the MoocData repository. The 

ablation experiment outcomes are illustrated in Fig. 9. In particular, ALSLI-ltm refers to the 

ALSLI framework without the sustained preference retrieval component (LTM), ALSLI-stm 

refers to the ALSLI framework without the near-term preference capture component (STM), 

and ALSLI-ifm refers to the ALSLI framework without the sustained and immediate preference 

consolidation component (IFM). 

It can be observed from Fig. 9 that each module in ALSLI plays a positive role in boosting 

the sequential recommendation performance of the model. 

(1) HitRate@30: Exclusion of the ALSLI long-term preference retrieval module resulted in 

a CTR decline to 0.088%, representing a reduction of 48.84% relative to the baseline figure of 

0.172%. This outcome affirms the central role of the LTM component in extracting extended 

historical behavioral signals within the long-term preference modeling process. When the short-

term preference capture module was removed instead, the click-through rate fell to 0.107%, 

reflecting a relative decrease of 37.79%. This finding suggests that STM exhibits greater utility 

in contexts involving condensed interaction sequences. Elimination of the combined long- and 

short-term preference fusion component produced a CTR of 0.168%, corresponding to a 2.33% 

relative deterioration against the configuration that retained IFM. The result substantiates the 

role of IFM in achieving more balanced and effective weight allocation between extended and 

immediate user preference signals. 

(2) HitRate@50: Individual removal of the LTM, STM, and IFM modules yielded system 

click-through rates of 0.223%, 0.228%, and 0.439%, respectively. Against the full model 

baseline of 0.462%, these values translate to relative performance decreases of 51.73%, 50.65%, 

and 3.71%, respectively. 

 

Figure 9: Ablation experiment 
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5 Conclusion 

The present study combines intelligent classroom environments with heterogeneous data 

analytics to establish a systematic architecture for handling educational information in 

university-level smart teaching settings. The framework is empirically validated through multi-

source data integration and adaptive instructional content delivery. 

Through an examination of how heterogeneous data representations influence cooperative 

learner participation in intelligent classroom settings, several conclusions can be drawn. 

(1) The extent to which conversational content captured in acoustic data corresponds to the 

subject matter under instruction bears a direct relationship to the learner's level of participation. 

(2) Visual recording data reflects heightened involvement when learners maintain attentive 

focus during cooperative tasks or accompany verbal contributions with gestural expression. The 

opposite holds when facial cues indicative of confusion or fatigue are observed. 

(3) Evidence from system log data suggests that task completion and active discourse on 

the course platform are reliable markers of elevated learner participation. 

(4) Biometric measurements reveal that discernible fluctuations in participants' cardiac 

rhythm tend to coincide with heightened learning engagement, while pronounced variations in 

physiological stress indicators are associated with reduced involvement. 

(5) Survey-based findings confirm that within cooperative instructional settings, clear role 

assignment in groups, full participation of all team members, provision of materials before the 

class starts, screen sharing to present results of the activity, and tracking students by using the 

recording system increase learning engagement. 

Taken together, these findings demonstrate that the multimodal data representation model 

proposed in this study offers a viable and objective means of assessing collaborative learning 

engagement, shedding light on the differential influence of various contributing factors. Within 

smart classroom environments, instructors are positioned to introduce precisely calibrated 

intervention measures for group activities by drawing upon data-informed assessments of the 

collaborative learning situation. At the level of personalized resource recommendation, the 

ALSLI model consistently outperformed established benchmark methods including FM, DSSM, 

YoutubeDNN, MIND, Comirec, SDM, and MIRTD in terms of recommendation efficiency. 

Moreover, when an increase in the number of recommendations from 30 to 50 occurred, a 

positive change in recall was noted. Component removal trials further confirm that all three 

constituent units within the framework make positive contributions to elevating overall 

effectiveness, substantiating the model's validity. 
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