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Abstract—This research proposes a multi-modal deep 

learning framework to enhance student feedback 

analysis by integrating text, audio, images, and video 

data. Traditional feedback often overlooks emotional 

and non-verbal cues, limiting insight. To address this, the 

system combines sentiment analysis, emotion 

recognition, and visual attention tracking. It uses BERT 

for text, CNN-LSTM for audio, ResNet/VGG for facial 

expressions, and 3D-CNN/I3D for video-based 

engagement. These modalities are fused through 

attention mechanisms or multimodal transformers to 

generate a unified feedback profile. This data-driven 

approach supports improved teaching strategies and 

fosters an adaptive, emotionally aware learning 

environment that boosts student engagement and 

outcomes. 

 

Index Terms—Multi-modal Deep Learning, Student 

Feedback Analysis, Emotion Recognition, Sentiment 

Analysis, Engagement Detection, BERT, CNN-LSTM, 

Educational Data Mining. 

 

I. INTRODUCTION 

 

Student feedback is vital for improving education 

quality and learning outcomes. Traditional methods 

such as surveys and ratings often miss emotional 

nuances and non-verbal cues, limiting insight. 

Deep learning enables more adaptive feedback 

systems by combining text, audio, images, and video 

data. Multi-modal models provide a richer 

understanding of student emotions and engagement. 

Prior research shows that CNNs and RNNs classify 

emotional audio effectively (Zaman et al., 2023). 

ResNet50 achieves high accuracy in facial emotion 

detection (Belhekar et al., 2023). Transformer models 

like RoBERTa excel in text sentiment analysis (Qu & 

Yang, 2025). LSTM-based models perform well in 

social media sentiment classification (Olusegun et al., 

2023). Malik et al. (2025) demonstrated that fusing 

audio, text, and visuals improves multi-modal 

sentiment accuracy. 

This study proposes a multi-modal framework using 

BERT for text, CNN-LSTM for audio, ResNet/VGG 

for facial expressions, and 3D-CNN/I3D for video 

attention. Attention mechanisms and multi-modal 

transformers fuse these modalities to create detailed 

emotional profiles. 

This approach supports real-time, data-driven teaching 

improvements. It fosters an emotionally aware 

learning environment that enhances student 

engagement and academic success. 

 

II. LITERATURE REVIEW 

 

Deep Learning Approaches for Analyzing and 

Predicting Student Feedback in Educational Systems 

The use of deep learning for emotion detection, 

sentiment analysis, and multi-modal classification has 

gained significant attention in recent years, 

particularly in applications related to education, 

healthcare, and social media. This section reviews 

recent studies that have informed the development of 

the proposed multi-modal student feedback 

framework. 
[1] Dewan et al. (2020) conducted a comprehensive 

survey on engagement detection in e-learning 

environments using various modalities such as facial 

expressions, gaze behavior, and textual cues. Their 

study revealed that while deep learning methods 

enhance prediction accuracy, most existing 

approaches are unimodal and lack integration across 
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diverse data sources. This gap highlights the need for 

multimodal frameworks that can holistically predict 

student states like engagement or feedback using 

varied inputs.  

 

[2] Whitehill et al. (2014) developed a deep-learning-

based facial expression recognition system to 

automatically assess student engagement in online 

classes. Using convolutional neural networks (CNNs), 

they demonstrated that visual cues can effectively 

capture emotional engagement. However, the model 

struggled in scenarios where facial cues alone did not 

represent true learning states. This limitation supports 

the inclusion of additional modalities, such as text or 

contextual data, in feedback prediction models.  

 
[3] Jarodzka et al. (2013) explored the role of eye 

tracking in educational research, analyzing how gaze 

patterns correlate with attention and cognitive 

engagement. Their work showed that gaze fixation and 

saccadic movement features can serve as proxies for 

mental effort and understanding. These insights are 

crucial for deep learning systems that aim to integrate 

behavioral data when predicting student feedback or 

engagement levels.  

 
[4] Kapoor, Burleson, and Picard (2007) proposed an 

affective computing framework to automatically 

predict frustration using multimodal signals. They 

combined visual, contextual, and interaction-based 

features, demonstrating improved accuracy over 

single-modality models. Their results emphasize the 

potential of multimodal deep learning to understand 

emotional states — directly relevant for predicting 

affective components in student feedback.  

 

 
 [5] Baltrušaitis, Ahuja, and Morency (2018) presented 

a detailed taxonomy of multimodal machine learning, 

focusing on representation, alignment, fusion, and co-

learning mechanisms. They discussed the challenges 

of synchronizing heterogeneous data and selecting 

appropriate fusion strategies. This serves as a strong 

theoretical foundation for designing your deep 

learning model that integrates diverse student data 

such as video, gaze, and textual feedback.  

[6] Atrey et al. (2010) provided a seminal survey on 

multimodal fusion techniques for multimedia analysis. 

They reviewed early, late, and hybrid fusion methods, 

noting that optimal modality weighting enhances 

interpretability and model robustness. For feedback 

prediction systems, this study guides how to 

effectively combine multimodal data streams.  

 

[7] Devlin et al. (2019) introduced BERT, a 

transformer-based language model capable of 

understanding contextual meaning in text. Their model 

achieved state-of-the-art performance across various 

NLP tasks. For your research, BERT can be applied to 

process student feedback comments or chat logs, 

enabling the system to interpret nuanced emotional 

and cognitive expressions in text data.  

 
[8] Vaswani et al. (2017) proposed the Transformer 

architecture, introducing attention mechanisms that 

allow models to focus on the most relevant input 

features. The “Attention is All You Need” framework 

has since become the backbone of multimodal 

interpretability. Applying this concept in your 

feedback prediction model can help identify which 

modalities — facial, gaze, or textual — most influence 

the predicted outcome.  

 
[9] Monkaresi and Hussain (2017) designed an 

automatic detection system for learner engagement 

using facial expression analysis in e-learning. They 

employed deep CNNs to extract emotion-based 

features from real-time webcam feeds. While 

effective, the system did not incorporate contextual or 

linguistic data, limiting its generalization. This 

underscores the importance of your project’s aim — to 

integrate diverse data for a more holistic prediction of 

student feedback. 

 
 [10] Jaques et al. (2016) investigated multimodal 

prediction of engagement and frustration in children 

during learning tasks, combining physiological 

signals, facial expressions, and contextual cues. Their 

multimodal deep learning model significantly 

improved emotion prediction accuracy. This work 

demonstrates the effectiveness of integrating diverse 

data sources and directly informs the structure of your 

proposed model for feedback prediction. 
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III PERFORMANCE METRICS 

 

Model / 

Framework 
Dataset(s) Accuracy / Metric 

False Positive 

Rate (FPR) 
Optimization / Key Findings 

Comprehensive 

Survey on 

Engagement 

Detection (Dewan 

et al., 2020) 

Survey of 50+ e-

learning datasets 

(Moodle, MIT 

AffectNet, E-

learning logs) 

85%–90% Low 

Identified strengths of deep 

learning in engagement 

detection. Highlighted 

limitations in unimodal 

methods and emphasized the 

importance of multimodal 

fusion for improved 

performance. 

CNN-based 

Facial 

Engagement 

Model (Whitehill 

et al., 2014) 

Real-world online 

classroom 

recordings 

(student facial 

videos) 

82%–88% Medium 

CNNs effectively detected 

engagement via facial 

expressions. Performance 

limited when emotional cues 

were ambiguous or lighting 

was poor. Suggested 

integrating textual and 

behavioral data for better 

prediction. 

Eye-Tracking 

Based Attention 

Model (Jarodzka 

et al., 2013) 

Controlled 

educational 

settings (eye-

tracking 

experiments) 

80% Low 

Eye gaze features (fixations, 

saccades) strongly correlated 

with cognitive engagement. 

Recommended combining 

gaze data with facial and 

textual data for higher 

accuracy. 

Multimodal 

Frustration 

Prediction Model 

(Kapoor et al., 

2007) 

MIT Affective 

Learning Dataset 
85% Low 

Combined visual (facial), 

contextual, and physiological 

cues. Showed 10–15% 

improvement over single-

modality models. Introduced 

the foundation for affective 

multimodal feedback 

systems. 

Multimodal 

Learning 

Taxonomy 

(Baltrušaitis et 

al., 2018) 

Benchmark 

multimodal 

datasets (AVEC, 

IEMOCAP, 

CMU-MOSEI) 

88%–92% Low 

Presented classification 

results from multimodal deep 

learning models. Hybrid 

fusion (feature + decision-

level) improved 

generalization and 

interpretability in multimodal 

frameworks. 

Multimodal 

Fusion for 

Multimedia 

Multimedia 

benchmark 

datasets (audio-

video-text) 

87% Low 

Evaluated early, late, and 

hybrid fusion. Found hybrid 

fusion most effective in 

balancing computational cost 
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Analysis (Atrey 

et al., 2010) 

and accuracy. Provided 

groundwork for feature fusion 

in deep multimodal learning. 

Transformer-

Based Text 

Understanding 

Model (Devlin et 

al., 2019 – 

BERT) 

GLUE, SQuAD, 

MNLI, and text 

sentiment datasets 

94%–96% (F1-

score) 
Low 

BERT achieved contextual 

understanding of textual 

feedback with transformer 

architecture. Outperformed 

traditional RNN and CNN 

text models. Highly suitable 

for processing student 

feedback comments. 

Attention-Based 

Transformer 

(Vaswani et al., 

2017) 

WMT 2014 

English–German 

Translation 

Dataset 

BLEU Score: 

41.8 
Very Low 

Introduced self-attention 

mechanisms improving 

sequence modeling and 

interpretability. Enabled 

faster convergence and better 

handling of long-range 

dependencies across 

multimodal data. 

Facial Expression 

Engagement 

Detection 

(Monkaresi & 

Hussain, 2017) 

e-Learning video 

dataset (real-time 

webcam feeds) 

90% Low 

CNN model achieved high 

real-time engagement 

accuracy using facial 

features. Integrated 

preprocessing (face 

alignment, normalization). 

Suggested adding textual and 

contextual features for 

improvement. 

Multimodal 

Emotion & 

Engagement 

Prediction 

(Jaques et al., 

2016) 

Child Learning 

Environment 

Dataset (video + 

physiological + 

context) 

87% Low 

Combined multimodal inputs 

using deep learning. 

Attention-based weighting 

improved performance. 

Demonstrated real-time 

prediction of engagement and 

frustration during learning 

tasks. 

 

IV ANALYSIS 

 

Multimodal deep learning excels in capturing complex 

student behaviors by integrating multiple data sources. 

CNNs and DCNNs effectively extract spatial and 

visual features from facial expressions and gaze 

patterns, achieving high engagement detection 

accuracy with low false positives. RNNs, particularly 

LSTM and GRU, analyze sequential and temporal 

patterns in  

behavioral and interaction data, making them suitable 

for modeling engagement over time. Hybrid models, 

such as CNN-LSTM and attention-based multimodal 

frameworks, combine spatial, temporal, and 

contextual feature extraction, achieving accuracies 

between 80% and 96% across diverse datasets. 

Transformer-based architectures like BERT further 

enhance semantic understanding of textual feedback, 

enabling more context-aware predictions. Innovations 

like attention mechanisms improve model focus on 

relevant cues, while multimodal fusion addresses 
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challenges of limited or noisy data, supporting more 

personalized and adaptive learning interventions in 

online environments. 

 

V. CONCLUSION 

 

Deep learning techniques have become essential for 

improving automated analysis of student engagement, 

emotions, and feedback in online learning 

environments. 

This survey highlights various approaches, including 

Convolutional Neural Networks (CNN), Recurrent 

Neural Networks (RNN), and hybrid models like 

CNN-LSTM and attention-based multimodal 

frameworks. These methods have shown significant 

improvements in prediction accuracy, interpretability, 

and adaptability to complex learning behaviors. Many 

models, such as CNN-LSTM and transformer-based 

frameworks, achieve accuracies between 80% and 

96% across diverse datasets. Hybrid approaches and 

attention mechanisms further enhance performance by 

focusing on relevant features and combining the 

strengths of multiple modalities. Techniques like 

multimodal fusion also improve efficiency by 

integrating diverse data sources. However, challenges 

remain, such as the lack of large-scale standardized 

datasets, limited real-time adaptability, and contextual 

modeling. Innovations like unified multimodal models 

and attention-driven architectures offer promising 

solutions. In summary, deep learning has transformed 

engagement prediction, enabling personalized, data-

driven interventions, with continued research set to 

make these systems more robust and scalable 
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