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Abstract. Adaptive learning systems that monitor emotions have attracted interest due to their 

capabilities to customize educational experiences. The process of selecting optimal emotion 

recognition models faces challenges due to discrepancies in accuracy levels along with 

computational constraints and requirements for real-time learning capabilities. The researchers 

conduct a comparative evaluation between existing AI emotion recognition approaches for 

adaptive learning which includes deep learning models and traditional machine learning 

methods alongside multimodal fusion techniques. 

This research examines various methodologies starting with CNNs used to detect facial 

expressions followed by LSTM and transformer methods for physiological and textual analysis 

together with hybrid approaches that merge multiple modalities. An evaluation of each technique 

relies on accuracy, computational efficiency, scalability, and real-time capability within e-

learning systems. The research also investigates both ethical standards and privacy challenges 

that emerge from using AI emotion analysis in educational contexts. 

By providing a benchmark analysis of AI-driven emotion recognition models, this paper aims to 

guide future research and development in adaptive learning systems. Our finding identified key 

strengths and limitations of different approaches that can lead to effective integration of emotion 

analysis within personalized learning modules across STEM education. 
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1 Introduction 

AI-enabled education has revolutionized the personalization and adaptation of learning 

experiences, especially for STEM teaching. Adaptive learning environments design 

content and pace based on learner preferences to enhance engagement and maximize 

learning outcomes. Conventional systems usually rely on cognitive or behavioral 

indices, such as performance metrics or response times, without taking into account 

the learners' emotional states, which greatly affect their motivation, attention, and 

retention [1]. 

That void is filled by emotion-aware adaptive learning systems that employ 

affective computing techniques for detecting and reacting to students' emotional cues 

in real time. The development of AI, especially from the disciplines of deep learning 

and multimodal data fusion, has made the recognition of emotions increasingly 

capable, scalable, and diversified across different modalities such as facial expressions 

and physiological signals (e.g., EEG, ECG), and textual cues [2, 3]. This scenario 

paints a favorable option for making adaptive learning systems more enriched by 

adapting pedagogical strategies, feedback, and content delivery dynamically based on 

learners' emotional states. 

Choosing the right emotion recognition models remains a very serious challenge, 

despite all these advances. Existing approaches being considered in the past range 

widely with respect to accuracy, computational cost, modality of data accepted, and 

degrees of appropriateness to real-time pedagogical settings [2]. Also, they lack an 

extensive comparison of these choices in the context of adaptive learning for STEM 

education, where cognitive load and motivation are attributed to affective states [1, 4] 

This paper looks at the AI-powered emotion recognition techniques and their 

applications to adaptive learning systems via a structured conceptual analysis. It 

proposes a taxonomy of models, sorting them according to input modalities and 

algorithmic approaches, and discussing their pros and cons from the educationally 

relevant criteria, along with talking about important ethical and design implications 

that result from this. The research and implementation of emotion-aware models in 

support of increased engagement and performance in STEM environments is thereby 

hoped to be aided by this framework. 

2  Background and Related Work 

Artificial intelligence technology enables adaptive learning methods that respond to 

individual emotions in STEM education to boost student participation and academic 

achievement [5, 6].The connection between student emotions and attention as well as 

motivation and cognitive functions creates significant potential for using affective 

feedback in intelligent systems [7, 8]. 
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2.1 Emotion Recognition in Adaptive Learning 

Researchers have been investigating how emotion detection systems can be integrated 

into adaptive learning systems through recent research.  Bala et al. developed an 

adaptive electronic learning system which uses facial emotion detection for on-the-fly 

content  modifications that resulted in better student involvement and content 

satisfaction [5]. Salloum et al. examined the possibilities of artificial  intelligence in 

recognizing emotions from facial expressions to optimize learning effectiveness 

through emotional response systems [6]. 

2.2 AI Frameworks for Emotion Detection 

Educational settings require robust AI frameworks to achieve effective detection of 

emotions. A new AI framework called  Emotion AWARE enables adaptable and 

explainable detection of multi-granular emotional expressions to handle the complex 

digital emotion expressions in learning environments [8]. The researchers behind the 

study conducted by Vistorte et al. performed a systematic literature review to evaluate 

artificial intelligence applications in educational emotion assessment while examining 

present obstacles and their practical implementations [7]. 

2.3 Multimodal Emotion Recognition 

AI progress brought about the development of multimodal emotion recognition 

systems, which combine facial expressions with speech and physiological responses 

and behavior logs. Through deep learning models that include convolutional and 

recurrent neural networks, these systems analyze emotional data in real-time with high 

dimensionality [6]. The integration of different input sources enables these systems to 

detect complex emotional states, which leads to better educational content adjustment. 

2.4 Ethical Considerations 

Emotion-aware systems create multiple educational advantages but generate important 

ethical issues when they are implemented in learning institutions. The implementation 

of AI in educational settings requires addressing four core problems, which are data 

privacy violations, informed consent issues, emotional manipulation risks and 

algorithmic bias challenges [7, 8]. Organizations must develop systems, which provide 

transparency and understandability to users while allowing regulatory control to 

achieve stable operational deployment. 

3 Taxonomy of Emotion Recognition Models 

The classification of emotional data interpretation systems for adaptive learning occurs 

through the alignment of three main factors which  include input modality, algorithmic 

approach and fusion level.  The analysis framework establishes an organized method 

for studying how learning systems collect and analyze emotional information to 

improve individualized learning and student involvement [3, 9, 10]. 
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As presented above in Figure 1, this taxonomy has been visually summarized to 

illustrate the relationships between data types, model architectures, and some of the 

fusion strategies frequently used in emotion-aware educational systems. 

3.1 Classification by Input Modality 

Emotion recognition systems base their operations on various learner data types: 

• Facial Expression: Computer vision systems detect emotions through 

muscle movement analysis and facial landmark evaluation. Real-time 

facial expression detection benefits from the superior accuracy of CNN 

models that identify minor facial expression details [9]. 

 

• Speech and Audio: The detection of emotional content in speech depends 

on analyzing pitch changes along with tone variations and tempo 

fluctuations. The combination of BiLSTM and CNN models demonstrates 

strong performance in vocal emotion recognition tasks [11]. 

 

• Textual Data: Natural language processing models including BERT 

analyze learner text input from chats, essays and discussion forums to 

detect both sentiment and emotional tone [12]. 

 

• Physiological Signals: Bio-signals like EEG, ECG, and EDA provide 

detailed information about emotional states. Time-series data analysis 

benefits from LSTM models as their main tool of choice [13]. 

 

3.2 Classification by Algorithmic Approach 

Models fall into groups based on their input characteristics and system objectives: 

• Traditional Machine Learning: The performance of Support Vector 

Machines (SVM) and k-Nearest Neighbors (k-NN) algorithms remains 

steady for basic features, but they show limitations in recognizing intricate 

emotional patterns [14]. 

 

• Deep Learning:  Through the development of CNNs for visual data and 

LSTMs for sequences and transformers for text input, recognition 

performance dramatically improved across multiple domains [15, 16]. 

 

• Hybrid Architectures: Multimodal systems use the integration of CNN 

with LSTM and attention-based models to process various input types and 

complex time-dependent relationships [3]. 

 

3.3 Classification by Fusion Strategy 

Combining different emotion channels becomes essential when developing 

multimodal systems: 

• Early Fusion: Systematically integrates raw features from multiple 

modalities through the learning process. This method maintains simplicity 

yet struggles to keep specific modal characteristics intact [17]. 

 



 

 

 

     

• Late Fusion: The system deals with every modality separately by unifying 

their results. This approach proves valuable in contexts where modalities 

operate at different times [18]. 

 

• Intermediate (Deep) Fusion: Hidden layers inside deep networks enable 

the integration of various modalities. The system delivers improved 

performance while requiring additional complexity to operate [10]. 
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Figure 1: Taxonomy Recap: Emotion Recognition Models in Adaptive Learning 

4 Comparative Analysis Framework 

Emotion recognition models in adaptive learning systems can be evaluated across 

multiple dimensions to determine their suitability for educational applications. This 

section presents a comparative analysis based on four key frameworks: Technical 

Performance, Educational Utility, Multimodal Integration Capability, and 

Ethical and Practical Feasibility [12, 19–21]. 

4.1 Evaluation Frameworks 

• Technical Performance: Analyzes the model's precision and operational 

speed alongside its ability to function in real-time situations [19, 20]. 

 

• Educational Utility: The method assesses how well the model helps 

students learn better while improving their participation and educational 

context flexibility [12, 21]. 

 



 

Table 1. Summary of dataset features and metrics. 

 

• Multimodal Integration Capability: The evaluation measures how well 

the model can handle processing different types of data, such as facial 

expressions and speech, along with physiological signals [19, 22]. 

 

• Ethical and Practical Feasibility: The evaluation process involves 

analyzing privacy risks along with intrusive elements as well as 

deployment costs and real-world implementation simplicity [21, 23]. 
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4.2 Comparative Analysis Table 

Model Modality Technical 

Performance

Educational 

Utility  

Multimodal 

Integration 

Ethical &

Practical 

Feasibility 

References 

CNN 

(Convolution

al Neural 

Network) 

Facial 

Expressions

High 

 

Medium Low Medium [22, 24] 

LSTM (Long 

Short-Term 

Memory) 

EEG/Physio

logical 

Signals 

Medium High Medium Low [20, 25] 

Transformer 

(e.g., BERT) 
Textual 

Data 

High High Medium High [12, 21] 

CNN-LSTM 

Hybrid 
Facial +

EEG 

High  High High Medium [19, 26] 

Multimodal 

Transformer 
Facial +

Audio +

Text 

High  

 

High High Medium [19, 22] 

4.3 Observations 

The real-time facial emotion recognition capability of CNNs exists but they cannot 

effectively detect complex emotional states through visual data processing alone [9, 

24]. 

LSTM models demonstrate superior performance in analyzing sequential 

physiological data to provide internal emotional state insights but their implementation 

requires specific sensor technologies [20, 25] 

The BERT model among other Transformers delivers exceptional results in 

emotional text analysis especially in situations with abundant textual data [12, 21]. 

The integration of facial and physiological signals through CNN-LSTM Hybrid 

models results in superior emotion recognition accuracy by combining spatial and 

temporal data processing techniques [19]. 

The integration of multiple data modalities through Multimodal Transformers 

ensures complete emotion analysis but requires extensive computational power and 

privacy protection measures [22, 27]. 
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5 Ethical and Practical Challenges 

The combination of emotion recognition technologies with adaptive learning systems 

generates both technical capabilities and considerable ethical and practical obstacles. 

The implementation of these systems needs proper handling of technical and ethical 

matters because they operate in educational settings where learners' rights to privacy 

and autonomy should receive top priority. 

5.1 Privacy and Consent 

Adaptive learning systems need emotional data, including facial images and voice 

patterns, and physiological signals (e.g., EEG, heart rate) to function. The collection 

and processing of these data types generate substantial privacy challenges. Learners 

face the danger of surveillance and personal information misuse without receiving 

proper consent and adequate data governance frameworks that protect their rights [28, 

29]. 

School administrators face major difficulties when trying to receive proper 

authorization from students as well as informing parents about these systems [30]. 

5.2 Bias and Fairness 

Artificial intelligence emotion recognition models develop biases that emerge from 

gender, race, and cultural disparities within their training datasets. The combination of 

Western facial expression norms with non-Western faces causes misclassification in 

datasets that contain an excessive representation of Western facial expressions [31]. 

The unequal distribution of educational support and feedback becomes intensified 

when certain groups experience marginalization through these disparities [32]. 

5.3 Intrusiveness and Psychological Impact 

Learners might feel uncomfortable and develop performance-related anxiety when 

they encounter physiological sensors such as EEG headsets and webcams. The benefits 

of adaptive learning are nullified when students face over-monitoring, which leads to 

autonomy reduction and stress while suppressing their intrinsic motivation [33]. 

5.4 Cost and Infrastructure 

System deployment for multimodal emotion recognition systems demands expensive 

hardware such as wearable sensors and high-resolution cameras, and powerful 

computational backends. Educational institutions operating under budget constraints 

find it challenging to implement these systems in their infrastructure, especially in 

areas with limited resources [34]. 
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5.5 Explainability and Transparency 

All educators and students need to comprehend the methods used to adjust learning 

materials according to emotional states. The inner workings of many deep learning 

models, such as transformers and multimodal fusion systems, remain mostly unknown 

to users. When systems lack explainability, students and teachers lose trust in the 

model, and teachers become unable to react to model errors [35]. 

6 Discussion and Conclusions 

Various educational systems can experience improved responsiveness and adaptability 

through the application of emotion recognition technologies. Real-time identification 

of emotional states enables these systems to adapt their content delivery process while 

delivering instant feedback along with motivational support in demanding STEM 

subjects. These systems require pedagogically sound design alongside meaningful 

learning outcome focus rather than relying on brief emotional triggers as their design 

principle [36]. 

The implementation of facial expressions together with speech and physiological 

data in multimodal systems shows better performance results than systems, which 

deploy only single modalities.  The implementation of these systems presents various 

technical issues alongside hardware requirements and deployment scalability obstacles 

for schools with limited resources [3]. Any educational environment that implements 

emotional analysis tools must assess the value of integrating these assessments with 

respect to their costs. 

The systems present severe ethical challenges because they handle sensitive 

emotional and biometric data. The implementation of emotional learning technologies 

demands the strongest possible privacy protection together with explicit user 

agreements and transparent data handling methods to prevent monitoring practices 

while maintaining learner independence [37]. Educational institutions need to establish 

AI guidelines for ethical design practices along with clearly specified boundaries 

regarding emotion detection technology in educational environments. 

Another challenge involved in this case is the biases inherent in training datasets. In 

general, any emotion recognition procedures, especially those based on facial 

expression or speech; replicate the constraints of culture and demographics inherent in 

the basis itself. Hence, the chance of such systems incorrectly labelling emotions from 

underrepresented backgrounds increases, which further impairs the fairness of the 

adaptive response [38]. Such a problem must therefore be addressed with both diverse 

datasets and fairness-aware training algorithms. 

Finally, for emotion-aware systems to see wide and responsible adoption, 

explainability and human-AI collaboration stand out as two critical approaches in 

future work. Teachers need to understand how emotion-based recommendations are 

derived while granting learners control over the use of their emotional data. Integration 

of these technologies into the learning process in support of not in place of human 

judgment will require interpretable models and transparent adaptation mechanisms 

[39]. 
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