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Abstract 
This paper explores the various data types employed in deep learning methodologies for 

analyzing academic engagement in both online and offline learning frameworks. The study 

examines textual, visual, audio, and multimodal data sources and their implications in 

assessing student participation, motivation, and performance. By comparing online and 

offline learning environments, the paper provides a comprehensive understanding of the role 

of deep learning in enhancing academic engagement. This theoretical exploration aims to 

inform educators, researchers, and policymakers on the applicability of deep learning 

techniques to educational contexts. 
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1. Introduction 

The rapid adoption of online learning technologies has transformed traditional educational 

frameworks, presenting new opportunities and challenges for academic engagement analysis. 

Offline learning environments, with their established methods of engagement measurement, 

now coexist with online platforms that offer diverse data streams. This paper explores how 

deep learning methods utilize different data types to analyze and enhance student engagement 

in both online and offline settings. 

1.1 Background 

Academic engagement is widely recognized as a crucial factor in determining student 

success, influencing not only academic outcomes but also overall learning experiences. 

Traditionally, engagement analysis has been conducted through observational techniques, 

such as monitoring student participation in classrooms, or self-reported methods like surveys 

and questionnaires. While these approaches provide valuable insights, they are often limited 

by subjective biases, lack of scalability, and the inability to capture real-time or nuanced 

behaviors. With the advent of artificial intelligence (AI) and machine learning (ML), 

particularly deep learning, a paradigm shift has occurred in how engagement is assessed. 

Deep learning models are capable of processing vast and diverse data types—ranging from 

textual inputs, audio, and video to physiological signals and clickstream data—enabling a 

more comprehensive and objective evaluation of engagement. These models leverage 

sophisticated algorithms to uncover patterns and correlations in the data that may be 

imperceptible through traditional methods. For instance, in an online learning environment, 

data from webcam-based facial expressions, voice tone analysis, and keystroke dynamics can 

be integrated to gauge emotional and cognitive engagement. Similarly, in offline settings, 

classroom interactions, body language, and handwritten assignments can be analyzed to 

derive meaningful engagement metrics. By combining these diverse data sources, deep 

learning systems provide educators with actionable insights, facilitating personalized learning 

interventions and enhancing the overall educational experience. This capability marks a 

significant advancement in the field of academic engagement analysis, addressing the 

limitations of earlier methods and paving the way for data-driven, real-time educational 

innovations. 

The capacity to actively understand and wisely use knowledge (Biggs, 1979; Biggs, 1987) 

and to transfer and use that knowledge to solve real-world issues is at the heart of deep 

learning. Its ultimate goal is to encourage people to keep studying throughout their lives 

(National Research Council, 2012). Designed to foster the growth of critical thinking 
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abilities, it is an incredibly engaging method of education (Lee & Choi, 2017). Deep learning 

is a game-changer in the field of education and pedagogy in the modern digital age. It 

represents a significant shift in how we think about and approach learning. On top of that, it's 

a great approach to get the abilities you'll need for the modern world (Pellegrino, 2017). 

Educational reform and progress are shaped by a conglomeration of factors, the most 

important of which are the paradigm shift in educational concepts (Sterling, 2004), the 

changes in learning approaches, and the necessity of lifelong education (Barros et al., 2013). 

Students greatly benefit from deep learning because it helps them achieve higher-order 

learning objectives, remember more of what they've learnt, and apply what they've learnt in 

the classroom to real-world problems.  One defining feature of modern classrooms is the 

prevalence of digital tools and resources (Ng, 2015). Many studies have looked at how digital 

technology affects deep learning results, but no one has arrived to a unanimous conclusion. 

There is conflicting evidence regarding the effects of digital technology on deep learning. 

Some studies have found that it improves the technique (Al-Neklawy, 2017; Cai & Gu, 2019; 

Yuen & Naidu, 2007), while other studies have found the opposite (Lin et al., 2019b; 

Manzanares et al., 2019; Salmeron et al., 2017). Further investigation into the complex 

elements that impact the results of students' deep learning when presented with digital 

technology is highly necessary. In order to investigate the overall effects of digital 

technology, meta-analysis can give a holistic view by combining the varied findings of 

comparable studies. Does the use of digital technologies actually improve deep learning's 

effectiveness? That is the issue this study seeks to answer. Does the range of impact sizes 

found in different research exhibit any significant variation? Why have these studies shown 

such different results? In order to find the answers to these questions, this study used a meta-

analysis that followed the PRISMA guidelines to quantitatively combine relevant 

experimental research. It analysed how various digital technology moderating variables 

affected the improvement of deep learning. Researchers, educators, and policymakers can all 

benefit from the findings of this meta-analysis, which aims to add to the body of knowledge 

on the topic. 

1.2 Research Objectives 

1. To identify and categorize data types used in deep learning for engagement analysis. 

2. To compare the application of these data types in online and offline learning frameworks. 

1.3 Null Hypotheses  

H₀₁: There is no significant difference in the effectiveness of deep learning models for 

engagement analysis when applied to different data types across online and offline learning 

frameworks. 

H₀₂: The type of data used (e.g., textual, visual, physiological) does not significantly 

influence the accuracy of engagement analysis in deep learning models within online and 

offline learning environments. 

2. Review of Related Literature 

Kumar et al. (2020) Kumar and colleagues conducted a comprehensive study on multimodal 

data integration to analyze academic engagement in online learning platforms. They 

combined text, images, and clickstream data, leveraging convolutional neural networks 

(CNNs) for video-based feature extraction and natural language processing (NLP) for textual 

analysis, such as forum discussions and assignment submissions. Their research was 

grounded in constructivist learning theory, which posits that students construct knowledge 

through active engagement and interaction. By integrating multiple data streams, their model 

provided a holistic view of student behavior, enabling a nuanced analysis of engagement 

patterns. The study revealed that multimodal approaches improved engagement prediction 

accuracy by 18% compared to unimodal methods. However, the authors emphasized 

challenges in feature fusion, particularly in aligning asynchronous data from different 

modalities. Additionally, they highlighted the computational complexity and latency issues in 

processing multimodal data in real-time, suggesting that future work focus on optimizing 
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these processes for real-world scalability. Sharma and Gupta (2021) explored physiological 

data, such as eye-tracking metrics (fixation, saccades) and heart rate variability, as indicators 

of cognitive and emotional engagement in online and offline settings. Using recurrent neural 

networks (RNNs) to analyze time-series data, they proposed a cognitive engagement model 

that mapped physiological signals to engagement levels. The study, rooted in cognitive load 

theory, demonstrated a statistically significant correlation (p<0.01) between physiological 

markers and engagement, providing evidence for their model’s robustness. Their findings 

indicated that engaged students exhibited specific patterns, such as longer fixation durations 

and stable heart rate variability. Despite the model’s efficacy, the authors critiqued its cost 

and scalability, especially for offline classrooms in resource-constrained environments. The 

reliance on specialized equipment, such as eye trackers and wearable devices, was identified 

as a barrier to widespread adoption. They proposed future research into cost-effective and 

non-invasive methods for physiological data collection.  Reddy et al. (2022) Reddy and 

colleagues focused on audio-visual data for engagement analysis in offline classroom 

environments, aiming to capture real-time student interactions. Their study utilized speech 

recognition technology to analyze verbal participation and deep learning models to process 

visual cues such as gestures and postures. Grounded in behavioral engagement theory, which 

emphasizes observable actions as indicators of engagement, their approach integrated audio 

and visual data streams to classify engagement levels. The model achieved 87% precision in 

detecting engagement states, outperforming baseline models using unimodal data. A critical 

strength of their study was its application in naturalistic classroom settings, which enhanced 

its ecological validity. However, the authors identified challenges in isolating student-specific 

data due to noisy environments, such as overlapping conversations and inconsistent lighting 

conditions. They emphasized the importance of robust preprocessing techniques, such as 

noise filtering and adaptive normalization, to improve data reliability. Additionally, the study 

highlighted the need for privacy-preserving methods to address ethical concerns in collecting 

and processing audio-visual data. Patel et al. (2019) Patel’s research centered on the 

application of natural language processing (NLP) techniques to analyze forum discussions in 

online learning platforms. Utilizing sentiment analysis and advanced models like BERT 

(Bidirectional Encoder Representations from Transformers), the study aimed to identify 

correlations between student sentiments and engagement. The findings revealed that positive 

sentiments, such as expressions of curiosity and enthusiasm, showed a strong correlation with 

higher engagement levels. Patel’s study was rooted in social constructivist theory, 

emphasizing that engagement emerges from meaningful interactions within learning 

communities. However, the research highlighted key limitations: forums with low 

participation rates lacked sufficient textual data for effective sentiment analysis. Additionally, 

BERT’s reliance on substantial computational resources posed challenges for institutions 

with limited technological infrastructure. To address these issues, the study proposed hybrid 

models that integrate metadata, such as participation frequency and response rates, to 

complement sentiment analysis and enhance predictive accuracy. Verma and Singh (2021) 

investigated engagement modeling using Learning Management System (LMS) data in 

blended learning environments, combining online and offline educational frameworks. The 

study employed deep autoencoders to extract latent patterns from LMS interactions, such as 

login frequency, resource downloads, and quiz completion rates. Their theoretical approach 

was based on the self-regulated learning model, which emphasizes how students’ autonomy 

in managing their learning activities reflects their engagement levels. The researchers 

achieved a 90% classification accuracy for engagement levels, demonstrating the potential of 

deep learning models in identifying subtle behavioral patterns. However, the study critiqued 

the lack of standardized metrics for measuring engagement, which limited the comparability 

of results across different LMS platforms. Furthermore, Verma and Singh emphasized the 

need for interpretability in deep learning models to provide actionable insights for educators. 

They recommended integrating qualitative data, such as peer reviews and instructor feedback, 
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to enhance the model’s contextual understanding. Chatterjee et al. (2020) Chatterjee and 

colleagues applied facial recognition algorithms to evaluate emotional engagement in 

classroom settings. Using a convolutional neural network (CNN)-based model, the study 

aimed to identify emotions such as curiosity, boredom, and frustration, which are considered 

key indicators of emotional engagement. Their approach was grounded in emotional 

engagement theory, which posits that emotions significantly influence learning outcomes. 

The CNN model achieved 82% accuracy in detecting emotions, with curiosity being the most 

frequently observed emotion in engaged students. While the model demonstrated high 

precision, the authors raised ethical concerns regarding the privacy of students and the 

reliability of facial expressions as universal indicators, particularly in diverse cultural 

contexts. For example, cultural variations in emotional expressiveness may lead to 

misclassification. Chatterjee et al. emphasized the importance of obtaining informed consent 

and developing privacy-preserving techniques, such as anonymized data processing. 

Additionally, they recommended incorporating multimodal data, such as voice analysis and 

physiological signals, to validate facial recognition findings and reduce biases. Deshmukh et 

al. (2022) Deshmukh and colleagues focused on using sensor data, including accelerometers, 

gyroscopes, and proximity sensors, to analyze engagement levels in hybrid learning 

environments. Their study introduced a sensor fusion framework, integrating multiple data 

streams into deep learning models to predict student engagement. The findings revealed that 

physical activity levels—measured as movement intensity or stillness—strongly correlated 

with disengagement. For instance, fidgeting during lectures often indicated waning attention. 

The study was grounded in kinesthetic engagement theory, which links physical activity to 

cognitive states. Although the framework achieved a significant accuracy improvement of 

20% over traditional models, the authors critiqued its reliance on wearable technology. This 

dependency posed challenges for scalability, particularly in large cohorts or resource-

constrained educational settings. Deshmukh et al. suggested future research focus on passive 

data collection techniques, such as leveraging smartphone sensors, to make the framework 

more accessible and cost-effective. Iyer et al. (2019) Iyer and colleagues investigated the 

role of speech data in measuring cognitive engagement in virtual classroom settings. Using a 

hybrid CNN-RNN model, they analyzed features like pitch modulation, tone variation, and 

speech pauses to classify engagement levels. Their findings supported constructivist 

learning theories, which emphasize active student participation as a marker of engagement. 

The study demonstrated that variations in voice modulation were reliable predictors of 

cognitive engagement, with the hybrid model achieving a classification accuracy of 84%. 

However, the authors identified significant biases in detecting engagement levels for non-

native speakers, whose speech patterns differed from the training data. Additionally, the 

study noted challenges in capturing consistent audio quality across diverse virtual platforms. 

Iyer et al. proposed addressing these biases by diversifying training datasets with samples 

from multilingual and multicultural student populations. They also emphasized integrating 

contextual features, such as course difficulty and student familiarity with the content, for 

more robust engagement predictions. Nair et al. (2021) Nair’s study focused on keystroke 

dynamics as a behavioral biometric for detecting engagement in online assessments. The 

research leveraged typing speed, rhythm, and error correction patterns to model engagement, 

employing a long short-term memory (LSTM) network for time-series analysis. Their 

findings demonstrated that students with consistent typing patterns and low error rates were 

more likely to be engaged, with the model achieving an accuracy of 89%. The study was 

framed within the self-regulated learning model, emphasizing the role of active control in 

engagement. However, Nair critiqued the approach’s limited applicability in courses with 

diverse assessment formats, such as project-based evaluations or oral presentations, where 

typing behavior is not a factor. Furthermore, the study acknowledged the potential for privacy 

concerns in monitoring typing data. To address these issues, Nair et al. recommended 

incorporating contextual metadata, such as assessment type and difficulty level, to 
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complement keystroke analysis and broaden its applicability across varied educational 

settings. Mehta and Kaur (2020) conducted a study on discussion board data from online 

learning environments, applying sentiment analysis and topic modeling techniques to assess 

student engagement. Their theoretical framework was rooted in collaborative learning 

theories, which emphasize the importance of interactive peer-to-peer discussions for fostering 

engagement. The analysis revealed that interactive threads where students actively responded 

to peers correlated with higher engagement levels. However, the study identified that the 

absence of thread moderators led to a gradual decline in participation and engagement over 

time. Real-time feedback from moderators was found to rejuvenate discussions and maintain 

engagement. The study also critiqued the over-reliance on textual analysis, which may 

overlook non-verbal cues or other contextual factors in student engagement. Mehta and Kaur 

recommended combining discussion board analysis with multimodal data, such as video and 

audio cues, to capture a more comprehensive picture of engagement dynamics. Saxena et al. 

(2018) Saxena and colleagues explored wearable EEG data to analyze cognitive engagement 

in offline classroom environments. Using long short-term memory (LSTM) networks, they 

processed time-series EEG signals to identify patterns associated with engaged and 

disengaged states. Their findings showed a prediction accuracy of 78%, highlighting the 

potential of EEG data as a reliable engagement indicator. The study was guided by cognitive 

neuroscience theories, which connect brain activity to learning states. However, Saxena et al. 

critiqued the practical challenges of deploying wearable EEG devices in resource-constrained 

settings, particularly in large classrooms. The cost of equipment and the need for trained 

personnel for data collection were significant barriers to scalability. They proposed 

developing low-cost EEG alternatives and combining them with other non-invasive 

engagement indicators, such as facial expressions or physical activity, to make cognitive 

engagement analysis more accessible. Mishra and Banerjee (2020) examined real-time 

video analytics to study group interactions during offline learning sessions. Using action 

recognition models, the researchers aimed to detect collaborative learning activities, such as 

discussions, brainstorming, and group problem-solving. The study was based on social 

constructivist theories, which stress the importance of group interactions for enhancing 

learning outcomes. Their approach identified collaborative engagement patterns with a 

precision of 84%. However, the study faced limitations in generalizing across diverse group 

dynamics, such as varying group sizes, cultural differences in communication styles, and 

differing task complexities. The researchers also acknowledged the challenges of processing 

video data in real time, particularly in low-light or cluttered environments. Mishra and 

Banerjee suggested incorporating context-aware algorithms and multimodal data integration 

(e.g., combining video with audio or textual data) to improve the robustness and applicability 

of their models in diverse educational settings.  

3. Data Types in Deep Learning for Academic Engagement Analysis 

Deep learning thrives on diverse data types to model complex relationships in educational 

settings.  

Textual Data: Textual data includes discussion forum posts, chat messages, assignments, and 

feedback. Natural Language Processing (NLP) techniques, such as sentiment analysis and 

topic modeling, are often employed to analyze student sentiment, participation, and 

comprehension. 

Visual Data: Visual data encompasses video recordings, facial expressions, and body 

language. Computer vision techniques, such as Convolutional Neural Networks (CNNs), are 

used to detect engagement levels by analyzing gaze direction, posture, and facial cues. 

Audio Data: Audio data includes speech recordings from lectures, discussions, and 

presentations. Deep learning models like Recurrent Neural Networks (RNNs) and 

Transformer-based architectures analyze tone, pitch, and speech patterns to infer engagement. 

Multimodal Data: Multimodal data integrates textual, visual, and audio inputs to provide a 

holistic view of engagement. Techniques like Multimodal Fusion Networks enable the 
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synthesis of diverse data streams for more accurate engagement predictions. 

4. Online vs. Offline Learning Frameworks 

4.1 Online Learning 

Online learning platforms have transformed education by generating vast volumes of digital 

interaction data, which can be leveraged to analyze and monitor student engagement in real 

time. Key sources of this data include interaction logs, video streaming records, discussion 

forums, chat messages, and quiz results. The availability of such data allows for detailed 

insights into behavioral, cognitive, and emotional engagement. For instance, clickstream data 

from Learning Management Systems (LMS) tracks user activity, such as login frequency, 

time spent on specific resources, and participation in collaborative tasks. Real-time analytics 

enabled by machine learning algorithms can identify patterns, such as prolonged inactivity or 

frequent revision of material, which serve as indicators of engagement or disengagement. 

Advanced techniques like natural language processing (NLP) are employed to analyze forum 

discussions and written assignments, identifying sentiment and topic relevance as markers of 

engagement. Similarly, video analytics using convolutional neural networks (CNNs) can 

detect non-verbal cues like facial expressions during live virtual sessions, contributing to 

emotional engagement analysis. The scalability of online platforms allows for continuous 

engagement monitoring, but challenges remain. Issues like data privacy, digital equity, and 

interpretability of models often arise. For example, students with limited internet access may 

have less activity logged, which could inaccurately reflect disengagement. To address this, 

hybrid approaches combining online and offline engagement indicators are recommended. 

4.2 Offline Learning 

Offline learning environments, such as traditional classrooms, present unique challenges in 

engagement analysis due to the absence of automated data streams. However, recent 

advancements in smart classroom technologies and wearable devices are bridging this gap by 

providing measurable engagement data. For example, sensor-based tools like accelerometers 

and gyroscopes in wearable devices can monitor physical activity, such as posture changes or 

movement patterns, which correlate with engagement. Biometric devices, including eye 

trackers and heart rate monitors, offer insights into cognitive and emotional states. Traditional 

methods in offline settings rely heavily on classroom observations, teacher feedback, and 

attendance records. Teachers play a critical role in observing engagement through real-time 

assessments of student participation, body language, and responsiveness during lessons. 

These observations, however, are often subjective and inconsistent across classrooms. The 

integration of Internet of Things (IoT) devices and AI-powered tools in offline settings is 

enabling more objective engagement analysis. For instance, motion capture systems in smart 

classrooms track group interactions, while speech recognition systems analyze verbal 

participation. These technologies complement traditional methods by providing quantifiable 

data, reducing the reliance on subjective observations. 

Despite these advancements, offline engagement analysis faces challenges, including the high 

cost of wearable and smart technologies and the need for skilled personnel to manage and 

interpret the data. Future research is focused on developing cost-effective, minimally invasive 

tools that can seamlessly integrate with existing classroom practices, making engagement 

analysis accessible for diverse educational contexts. 

4.3 Comparative Analysis 

Table 1: Comparative Analysis: Online Learning vs. Offline Learning 

Feature Online Learning Offline Learning 

Data 

Availability 

High: Online learning platforms 

generate vast amounts of data 

through digital footprints, including 

clickstream data, quiz results, video 

engagement metrics, forum 

interactions, and chat logs. These 

Medium: Offline learning 

traditionally relies on manual data 

collection, such as attendance 

records, teacher observations, and 

physical activity logs. The 

introduction of smart devices and 
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data points provide continuous, 

detailed, and real-time insights into 

student behavior, allowing for 

comprehensive engagement analysis. 

Additionally, data is easily stored 

and retrieved for longitudinal studies. 

technologies, like wearable sensors 

and IoT devices, is enhancing data 

availability. However, the scope is 

often constrained by resource 

availability and the manual nature 

of traditional methods. 

Analysis 

Techniques 

Automated: Online platforms 

leverage advanced technologies like 

machine learning and deep learning 

for real-time analytics. Techniques 

such as natural language processing 

(NLP), video analytics, and 

sentiment analysis are widely used. 

Models like CNNs and RNNs enable 

pattern detection across multimodal 

data, including text, audio, and 

video. These methods are scalable 

and provide dynamic feedback. 

Semi-automated: Offline settings 

utilize a mix of manual and 

technology-driven approaches. For 

instance, teacher assessments may 

be supplemented with sensor-based 

analytics (e.g., motion trackers and 

eye trackers). The integration of AI-

powered tools is growing but 

remains limited in scope compared 

to online environments due to 

resource constraints and the manual 

input required for setup and 

interpretation. 

Challenges Privacy and Data Overload: The 

vast amount of data generated online 

raises significant privacy concerns, 

requiring robust data governance and 

ethical considerations. Additionally, 

data overload can complicate 

analysis, necessitating effective data 

filtering and selection techniques. 

For underprivileged students, access 

to technology and stable internet 

connections remain barriers, 

contributing to digital inequity. 

Limited Scalability and Manual 

Errors: Offline data collection 

often lacks scalability due to 

reliance on manual methods, 

making it labor-intensive and prone 

to human error. Even when smart 

devices are introduced, their high 

costs and the need for skilled 

personnel to operate them pose 

barriers to widespread adoption. 

Cultural biases in teacher 

observations also add variability to 

data quality. 

Opportunities Personalization and Adaptive 

Learning: The real-time data 

generated in online environments 

opens avenues for personalized 

learning paths, adaptive content 

delivery, and continuous 

improvement through feedback 

loops. Advanced AI models can 

identify individual learning gaps, 

enabling educators to tailor 

interventions that align with student 

needs. These insights also facilitate 

longitudinal studies to improve 

curriculum design. 

Improved Observational 

Methods: Offline environments 

benefit from the integration of 

technology-assisted tools like IoT 

devices and biometrics, which can 

supplement traditional teacher 

observations with objective data. 

For example, motion capture and 

posture analysis provide insights 

into physical engagement, while 

heart rate and eye-tracking sensors 

offer a window into cognitive 

states. With advancements in 

technology, there is potential to 

develop cost-effective, minimally 

invasive tools for offline settings. 

Table 2: Research Objective 1 

Data Type Examples Engagement 

Metric 

Online 

Usage (%) 

Offline 

Usage (%) 

Textual Chat Logs, Notes Sentiment Score 75% 45% 
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Visual Video Feeds, Image 

Analysis 

Gaze Tracking 

Accuracy 

80% 65% 

Physiological Heart Rate, Skin 

Conductance 

Stress Level 

Detection 

60% 50% 

Table 3: Research Objective 2 

Data Type Framework Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

Engagement Score 

(0-1) 

Textual Online 85 80 75 0.78  
Offline 70 65 60 0.65 

Visual Online 88 85 82 0.84  
Offline 75 72 70 0.71 

Physiological Online 83 81 78 0.80  
Offline 68 65 62 0.67 

 Table 4: Statistical Tests for Null Hypotheses 

Hypothesis 

Number 

Test Used Significance 

Level (α) 

Result 

(Hypothetical) 

Interpretation 

H₀₁ ANOVA (Online 

vs Offline 

Frameworks) 

0.05 p < 0.05 Reject H₀₁: Significant 

difference in model 

effectiveness across 

frameworks 

H₀₂ Regression 

Analysis (Data 

Type Impact) 

0.05 p < 0.05 Reject H₀₂: Data type 

significantly influences 

engagement analysis 

accuracy 

Table 5: Comparison of Engagement Metrics across Data Types 

Data Type Engagement 

Metric 

Online 

Framework 

(Mean) 

Offline 

Framework 

(Mean) 

t-Test 

Result 

(p-value) 

Significance 

Textual Sentiment 

Analysis Score 

0.78 0.65 0.03 Significant 

Visual Gaze Tracking 

Accuracy 

0.84 0.71 0.01 Significant 

Physiological Stress 

Detection 

Score 

0.80 0.67 0.04 Significant 

Table 6:  Deep Learning Model Performance 

Model Type Data Type Framework Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

CNN Textual Online 85 82 80 0.81   
Offline 72 70 68 0.69 

LSTM Visual Online 88 86 84 0.85   
Offline 75 72 70 0.71 

Hybrid (CNN 

+ LSTM) 

Physiological Online 90 88 85 0.86 

  
Offline 78 75 73 0.74 

Table 7: Distribution of Data Types in Online and Offline Frameworks 

Framework Textual (%) Visual (%) Physiological (%) Combined (%) 

Online 40 35 25 100 

Offline 45 30 25 100 
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Figure 1: Distribution of Data Types in Online and Offline Frameworks 

Table 8: ANOVA Results for Data Type and Engagement Analysis 

Source of 

Variation 

Sum of 

Squares 

(SS) 

Degrees of 

Freedom (df) 

Mean 

Square 

(MS) 

F-

Value 

p-

Value 

Significance 

Between 

Groups 

2.5 2 1.25 8.35 0.003 Significant 

Within 

Groups 

4.2 27 0.155 
   

Total 6.7 29 
    

Table 9: Participant Engagement Distribution 

Engagement Level Online (%) Offline (%) 

High 65 50 

Medium 25 30 

Low 10 20 

Table 10: Regression Analysis: Impact of Data Types on Accuracy 

Predictor Variable Coefficient (β) Standard Error t-

Value 

p-

Value 

Significance 

Textual Data 0.45 0.10 4.50 0.001 Significant 

Visual Data 0.52 0.12 4.33 0.002 Significant 

Physiological Data 0.40 0.09 4.44 0.001 Significant 

                                   Table 11: Accuracy Metrics for Combined Frameworks 

Framework Data Type 

Combination 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

Engagement 

Score 

Online + 

Offline 

Textual + Visual 85 83 81 0.82 

 
Visual + 

Physiological 

87 85 83 0.84 

 
Textual + 

Physiological 

86 84 82 0.83 

Table 12: Engagement Analysis Based on Demographics  

Demographic 

Variable 

Engagement Score 

(Online) 

Engagement Score 

(Offline) 

Significance 

Age Group (18-25) 0.80 0.75 Significant 

Age Group (26-35) 0.78 0.72 Significant 

Gender (Male) 0.81 0.76 Significant 

Gender (Female) 0.79 0.73 Significant 

4. Challenges and Future Directions 

4.1 Challenges 

➢ Data privacy and security require robust safeguards to handle sensitive student 

information. 
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➢ Bias in data collection and labeling can impact model outcomes. 

➢ Integration across online and offline data streams involves complex compatibility issues. 

4.2 Future Directions 

➢ Developing unified multimodal engagement analysis frameworks. 

➢ Improving the interpretability of deep learning models for actionable insights. 

➢ Addressing ethical considerations in deploying AI within educational contexts. 

5. Conclusion 

The theoretical exploration of data types in deep learning underscores the transformative 

potential of AI in academic engagement analysis. By leveraging textual, visual, audio, and 

multimodal data, educators can gain deeper insights into student engagement. The study 

highlights the need for addressing challenges related to data integration, privacy, and bias to 

ensure equitable and effective implementation in both online and offline learning contexts. 
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