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Abstract 

This paper presents E-MOTE (Emotion-aware Teacher Education Framework), a conceptual framework 

designed to enhance teacher education through the integration of the Facial Action Coding System 

(FACS), Artificial Intelligence (AI), and Virtual Reality (VR). Grounded in neuroscientific and 

educational research, the proposed framework aims to strengthen teachers' emotional awareness, 

teacher noticing, and social and emotional learning (SEL) competencies. E-MOTE outlines a design-

based approach to addressing persistent gaps in current teacher preparation programs, which often 

lack tools for practicing real-time recognition of subtle emotional cues. As a theoretical and design-

oriented proposal, it provides a structured foundation for developing emotionally responsive 

teaching and inclusive classroom management, while outlining essential ethical safeguards and 

scalable validation strategies for diverse educational contexts. 

Keywords: teacher training; teacher noticing; social and emotional learning (SEL); facial action 

coding system (FACS); artificial intelligence (AI); virtual reality (VR); micro-expressions 

 

1. Introduction 

Teaching is one of the most emotionally complex and interpersonally demanding professions. 

Educators operate in environments where subtle emotional cues significantly influence student 

motivation, attention, and learning outcomes (Damasio, 1994; Hargreaves, 2000; Immordino-Yang, 

2016b). The ability to perceive and respond to students' emotional states, especially micro-

expressions lasting less than half a second, is a critical competency for classroom management and 

inclusive pedagogy (Porter & Ten Brinke, 2018). 

Despite extensive research on social and emotional learning (SEL) for students, teacher 

preparation programs still rarely provide systematic training in emotional perception. Most existing 

approaches emphasize theoretical understanding of emotional intelligence but do not offer 

structured opportunities to practice real-time recognition and adaptive responses in safe, feedback-

rich contexts (Jennings & Greenberg, 2009; Liu & Wang, 2023). This gap is mirrored in educational 

technology: while AI and VR show promise for teacher training, current systems primarily focus on 

macro-behaviors and scripted interactions. They lack the granular, validated, and real-time feedback 

on micro-expressions necessary for training the subtlest aspects of emotional perception (Billingsley 

et al., 2023a; Chiu et al., 2023b). 

Empirical research has consistently shown that teachers often struggle to accurately recognize 

students' emotional states, which can negatively affect classroom climate and learning outcomes. For 

instance, Zurbriggen et al. (2023) reported low levels of accuracy in teachers' judgments of students' 

well-being, while Halberstadt et al. (2022) provided experimental evidence that preservice teachers 

often commit systematic errors when decoding children's facial expressions. 

This paper proposes the E-MOTE (Emotion-aware Teacher Education Framework), a novel 

conceptual framework that integrates three complementary components to address this specific gap: 
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• FACS (Facial Action Coding System) for scientifically validated decoding of subtle facial cues; 

• Artificial intelligence (AI) for automated analysis and adaptive, real-time feedback; 

• Virtual reality (VR) for immersive, controlled environments in which teachers can safely 

experiment with emotionally complex classroom situations. 

Conceptually, the proposed E-MOTE framework builds on three complementary foundations: 

1. the ability-based model of emotional intelligence (Mayer et al., 2016); 

2. design-based research (DBR) methodologies (McKenney & Reeves, 2012); 

3. simulation-based teacher-training environments such as SimSchool (Gibson et al., 2007; Clift & 

Choi, 2020). 

E-MOTE is presented as a research-informed conceptual proposal, bridging interdisciplinary 

theory and educational practice. It functions as a conceptual model and a protocol for future pilot 

implementations, remaining open to iterative refinement and empirical validation. 

State of the art: AI and VR in teacher training 

Although interest in technologies supporting emotion recognition in education is growing, 

current literature remains fragmented. Most contributions investigate emotion recognition separately 

from artificial intelligence (AI) and virtual reality (VR), with only a few attempts at systematic 

integration. Bibliometric and visual analyses confirm this fragmented landscape, showing both rapid 

growth and persistent silos in research on AI in education. 

AI-based emotion recognition has been applied in educational contexts for emotion 

classification, learning analytics, and adaptive instruction (Luckin et al., 2016; Luckin, 2018). Luckin 

and colleagues argue that AI should be designed not to replace human intelligence but to augment 

it, fostering the development of ethical, emotional, and cognitive skills in teachers and learners. In 

line with this perspective, D’Mello et al. (2017) and Chiu et al. (2023c) highlight AI’s potential to 

personalize learning based on students’ affective states. However, most systems still function as black 

boxes, offer limited actionable feedback, and rarely employ validated decoding tools such as FACS. 

VR shows strong potential for cultivating teachers’ socio-emotional competencies through high-

fidelity simulations. Research by Rodríguez-Andrés et al. (2022) demonstrates VR’s effectiveness in 

simulating complex classroom dynamics that foster empathy, classroom management and reflective 

capacity. Yet current VR applications rarely incorporate instant emotion recognition or AI-driven 

feedback, limiting their contribution to training teachers’ perceptual micro-skills for decoding subtle 

expressions during live instruction. 

Recent work has attempted to integrate AI-driven affective feedback into VR-based teacher 

training. For instance, Zhang et al. (2023) explore hybrid environments where teachers interact with 

AI-powered avatars capable of emotional responsiveness. While promising, these models generally 

omit validated decoding systems like FACS and do not address the need for systematic micro-

expression analysis. To the best of our knowledge, no replicable and systematically documented model 

currently integrates these elements into a coherent, ethically grounded framework. The proposed E-

MOTE framework explicitly employs FACS to decode emotional micro-expressions, embeds AI-

powered real-time feedback into VR training scenarios, grounds implementation in ethical standards 

(General Data Protection Regulation, GDPR) and articulates pedagogical pathways for professional 

development and classroom application. 

Table 1 provides a descriptive overview of representative studies on AI and VR in teacher 

training. The studies selected for comparison were chosen for being both recent (published within 

the 2022-2024 window, representing the current technological frontier) and representative of the 

dominant approaches in the literature. The selected contributions illustrate the main technological 

trends while also revealing persistent gaps. 

Studio 
FACS 

decoding 

AI real-time 

feedback 

VR 

immersion 

Pedagogical 

integration 

Ethical 

safeguards 

Chiu et al. (2023) ✘ ✔ ✘ ✘ ✘ 
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Studio 
FACS 

decoding 

AI real-time 

feedback 

VR 

immersion 

Pedagogical 

integration 

Ethical 

safeguards 

Rodríguez-Andrés 

et al. (2022) 
✘ ✘ ✔ Partial ✘ 

Makransky & 

Mayer (2022) 
✘ ✘ ✔ ✔ ✘ 

Zhang et al. (2023) ✘ ✔ ✔ Partial ✘ 

E-MOTE  ✔ ✔ ✔ ✔ ✔ 

Legend: ✔ = present and explicitly implemented; ✘ = absent; Partial = included but not central or lacking 

methodological clarity. 

For the purpose of this analysis, "Pedagogical Integration" is assessed based on the explicit and 

central connection between the technological tool and a defined pedagogical theory or a structured 

pathway for professional development. A rating of '✔' (Present) indicates that the study explicitly 

grounds its application in educational theory (e.g., experiential learning, reflective practice) and 

outlines how the technology leads to the development of specific, transferable teaching competencies. 

A rating of 'Partial' indicates that while educational benefits are mentioned, the paper lacks a clear, 

methodological link to a pedagogical framework or a detailed model for how the tool fosters 

professional growth. 

For example, Chiu et al. (2023a) emphasize AI's potential to personalize learning, though their 

systems remain focused on student modelling rather than teacher training. Rodríguez-Andrés et al. 

(2022) demonstrate the effectiveness of VR for simulating classroom dynamics but without AI-driven 

feedback. Taken together, these studies highlight both the promise of AI-VR integration and the 

persistent absence of robust and ethically grounded approaches to micro-expression analysis. 

E-MOTE is presented as a research-informed conceptual framework bridging interdisciplinary 

theory and educational practice. It functions both as a conceptual model and as a protocol for future 

pilot implementations, remaining open to iterative refinement and empirical validation. The rest of 

this paper is structured to elaborate on this proposal as follows. First, Section 1 establishes FACS as 

the methodological foundation for decoding micro-expressions. Section 2 then details the integration 

of AI and VR, outlining the operational workflow (2.1) and advanced use cases (2.2) of the proposed 

AI–FACS–VR module. Next, Section 3 discusses the core professional competencies E-MOTE aims to 

cultivate, followed by an analysis of their projected pedagogical impacts in Section 4. Section 5 then 

examines application prospects and systemic integration, situating E-MOTE against existing models 

like SimSchool. Finally, the paper concludes by outlining limitations and a future research agenda in 

Section 6. 

2. FACS as a Tool for Decoding Emotional Micro-Expressions in Educational 

Contexts. 

The E-MOTE framework begins with the Facial Action Coding System (FACS), a standardized 

and validated methodology for objectively decoding the brief, involuntary micro-expressions that 

reveal authentic emotional states during teacher-student interactions. These micro-expressions, 

lasting between 1/25 and 1/4 of a second (Ekman & Friesen, 1978; Porter & Ten Brinke, 2018), are 

critical in educational settings, as students may attempt to conceal feelings of confusion, frustration, 

or anxiety. FACS enables the identification of specific facial muscle movements, termed Action Units 

(AUs), which serve as reliable indicators of these underlying emotions. For educators, training in 

FACS provides a scientific lens to sharpen their perception, moving from a general impression of a 

student's state to a precise, actionable understanding. 
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Research has demonstrated that with proper training, observers can significantly improve their 

ability to detect and interpret these subtle facial cues (Matsumoto & Hwang, 2011). For a teacher, this 

skill is not about becoming a clinical diagnostician, but about gaining a more accurate and timely 

understanding of the classroom climate and individual student needs. 

Table 2. Pedagogically relevant facial action units (aus) and their implications. 

AU code & 

name 

Muscle 

movement 

Inferred 

emotional state 

Potential pedagogical significance 

& response 

AU1: inner brow 

raiser 

Eyebrows raised 

inward 

Worry, sadness, 

concentration 

May indicate a student is struggling 

with a concept. A teacher could 

respond with a clarifying question, 

offer encouragement, or check for 

understanding 

AU4: brow 

lowerer 

Eyebrows 

lowered/drawn 

together 

Frustration, anger, 

intense focus 

Signals rising frustration or 

cognitive load. This is a key moment 

to intervene with scaffolding, a short 

break, or by re-framing the task to 

prevent disengagement. 

AU5: upper lid 

raiser 

Upper eyelid 

raised, eye 

widening 

Upper eyelid 

raised, eye 

widening 

Fear, surprise, vigilance  

It is crucial to note that emotions are typically expressed through the co-occurrence of multiple 

AUs rather than single markers. For instance: 

• Sadness often involves AU1, AU4, and AU15 (lip corner depressor), signalling a need for 

empathetic connection or support. 

• Genuine happiness or engagement is reflected in the concurrent activation of AU6 (cheek raiser) 

and AU12 (lip corner puller), the "Duchenne smile," which can serve as positive feedback for a 

teacher's instructional approach. 

• Boredom or disengagement is often signaled by AU17 (chin raiser) and AU25 (lips part), 

indicating a need to increase the lesson's pace, interactivity, or relevance. 

By focusing on these targeted combinations of AUs, educators can learn to recognize nuanced 

emotional cues with greater accuracy. This enables them to foster more empathetic and pedagogically 

responsive interactions, such as providing timely support to a frustrated student before they give up, 

or recognizing when a quiet student's expression indicates confusion rather than comprehension. 

This perceptual skill is both contextual and holistic. It arises from the interplay between local 

facial cues and global perceptual organization, shaped by neural and sociocultural factors (Adolphs, 

2002, 2009; Wagemans et al., 2012). Neuroaesthetic studies, such as those on the expressive ambiguity 

of Leonardo's portraits, reinforce that meaning is derived from the dynamic interaction of unstable 

facial cues within a whole (Soranzo & Newberry, 2015, 2016; Soranzo, 2022; 2024). This aligns with 

the dynamic integration of perceptual and emotional processing in the brain (Zeki, 1999). 

Furthermore, cross-cultural research shows that identical facial configurations can elicit divergent 

interpretations, revealing differences in recognition thresholds and affective meanings (Jack et al., 

2012b; Chen & Jack, 2017). This variability underscores the critical importance of interpreting facial 

cues through culturally responsive lenses (Immordino-Yang et al., 2016a; Ting-Toomey, 1999), a 

principle that is foundational to the adaptable design of the E-MOTE framework. 
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3. Integrating AI with VR into Teacher Training 

Building on the FACS foundation, this section details how E-MOTE leverages AI and VR to 

create a responsive training ecosystem. The framework moves beyond theoretical knowledge by 

providing teachers with immersive practice and granular feedback on the perceptual micro-skills of 

emotion recognition. The integration is designed to bridge the gap between knowing about emotions 

and expertly perceiving them in the dynamic, fast-paced context of a classroom. 

Affective computing, defined by Picard (1997) as the use of computational systems to recognize, 

interpret, and influence emotions, provides the interdisciplinary backbone for this integration. By 

leveraging FACS and computer vision, AI can automate facial expression analysis with high 

accuracy. A significant advance has been the integration of FACS with deep learning architectures, 

which enables the rapid decoding of facial muscle activations. Within teacher education, these 

technologies are harnessed not just for analysis, but to promote reflective practice and self-regulated 

professional growth through targeted feedback. 

Recent research highlights the benefits of combining VR with affective computing. Building on 

these insights, the E-MOTE framework aims to offer a comprehensive, culturally calibrated approach 

designed for scalable application in both pre-service and in-service teacher training. 

3.1. Operational Workflow of the AI-FACS-VR Module 

The following workflow outlines the core AI-FACS-VR component of E-MOTE, illustrating how 

raw facial data from a VR simulation is processed and transformed into actionable pedagogical 

feedback for the teacher-in-training. 

Step 0 – Ethical and privacy safeguards: before any data processing, E-MOTE requires explicit 

ethical safeguards. This includes informed consent, data minimization, pseudonymization, and bias 

audits, in compliance with GDPR and United Nations Educational, Scientific and Cultural 

Organization (UNESCO, 2023) recommendations. Crucially, participants are informed that the 

system is a training tool for use only within controlled simulations. Building on recent advances in 

explainable artificial intelligence, E-MOTE ensures algorithmic transparency and interpretability, so 

that analytical and feedback processes remain understandable and accessible to educators (Adadi & 

Berrada, 2018). 

Step 1 – Data acquisition: within the VR environment, virtual student avatars are equipped with 

realistic, FACS-compliant facial rigging. The system generates and records the corresponding AU 

configurations for these avatars based on the pre-programmed emotional responses to the teacher-

trainee's actions. 

Step 2 – Identification of AUs: computer vision algorithms, specifically Convolutional Neural 

Networks (CNNs) trained on annotated datasets like CK+ (Lucey et al., 2010), analyze the avatar's 

facial expressions in real-time to identify the activated AUs. 

Step 3 – Processing and classification of emotions: the system maps the identified AUs to inferred 

emotional states (e.g., AU1+AU4 → sadness/worry; AU6+AU12 → genuine engagement). Deep 

neural networks (DNNs) enhance the accuracy of interpreting these AU combinations within the 

specific context of the classroom scenario. 

Step 4 – Real-time feedback to the teacher-trainee: this is the critical pedagogical step where data 

becomes coaching. The AI integration provides feedback to the teacher in two primary, non-intrusive 

forms: 

In-simulation cue: a subtle, color-coded halo or icon appears above the avatar's head (e.g., amber 

for "frustration" indicated by AU4, blue for "confusion" indicated by AU1). This allows the teacher to 

practice recognizing cues and adjusting their approach during the interaction. 

Post-simulation debriefing dashboard: after the scenario, the teacher reviews a timestamped log 

of the emotional states they encountered, paired with video clips of their interactions. This dashboard 

highlights moments where key micro-expressions were present and allows for reflection on their 

responses, directly fostering the "reflective growth" competency. 
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This pipeline constitutes the core of E-MOTE's training process, transforming a VR simulation 

into a reflective learning experience. Empirical evidence supports this pedagogical potential: 

immersive virtual reality environments have been shown to enhance learners’ sense of presence and 

engagement, fostering deeper emotional and cognitive processing during simulation-based activities 

(Makransky & Mayer, 2022). 

3.2. Advanced Use Cases of the AI-FACS–VR Integration 

Building on the operational workflow, this subsection presents advanced use cases, 

demonstrating how the framework can be applied to complex, authentic teacher education scenarios. 

• Practicing inclusive classroom management: VR enables the creation of highly realistic 

simulations that replicate the complexities of diverse classrooms. These immersive 

environments foster reflective awareness by allowing teachers to observe their own behavioral 

responses in emotionally charged situations. 

o Scenarios may include mediating interpersonal conflicts or de-escalating a frustrated 

student (practicing responses to sustained AU4 and AU7). Teachers can interact with avatars 

representing students with emotional regulation difficulties, allowing them to practice co-

regulation strategies in a safe space. 

o Pedagogical transfer: the immediate feedback on AUs helps teachers calibrate their ability 

to detect early signs of disengagement (e.g., AU17) or anxiety (AU1+AU20), enabling them 

to make timely instructional decisions like reframing a task or offering validation before a 

student fully disengages. 

• Developing culturally responsive cue recognition: simulations can be designed to model 

culturally specific nuances in emotional expression, training teachers to avoid 

misinterpretations. The AI feedback can be calibrated to different cultural datasets, making the 

teacher aware that the intensity or meaning of an AU configuration (like AU12 for a smile) can 

vary. 

• Formative assessment of teacher noticing: the system provides aggregated, objective data on a 

teacher's "noticing" skills. For example, a post-session report could reveal that a teacher 

consistently missed subtle cues of confusion (AU1) in a particular student avatar, indicating a 

specific area for growth in their perceptual acuity. 

In this context, the synergistic use of AI and VR provides an advanced technical-pedagogical 

solution for simulating and analyzing complex educational scenarios (Holmes et al., 2019). These 

experiences foster the metacognition and self-regulated learning essential for developing 

transferable, context-sensitive teaching skills. 

4. Core Professional Competencies and Ethical Foundations 

Having introduced the technological integration of AI and VR, this section shifts to the 

professional competencies that E-MOTE is designed to cultivate. Specifically, the framework fosters 

four core teaching competencies, developed through AI–FACS feedback and VR simulations and 

framed within ethical and pedagogical principles. They are: 

• Emotional attunement: the ability to accurately recognize students’ facial cues, including micro-

expressions, with the support of AI-based detection systems, and to integrate this information 

to adapt communicative tone and teaching strategies in real time. This aligns with the ability 

model of emotional intelligence, which defines EI as a set of cognitive-emotional skills including 

perception, understanding, and regulation of emotions (Mayer et al., 2008; 2016). 

• Empathic responsiveness: practiced through immersive VR scenarios that allow teachers to 

simulate context-sensitive reactions and emotionally supportive behaviors, a process shown to 

enhance learning outcomes through emotionally engaging and cognitively structured 

experiences (Makransky & Petersen, 2021a; Parong & Mayer, 2018), and supported by evidence 
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on the role of presence and immersion in fostering psychological engagement in VR 

environments (Slater, 2018). 

• Reflective growth: fostered through self-assessment dashboards and post-simulation analytics 

that translate micro-expression data into personalized development goals, in alignment with a 

vision of teacher learning as inquiry-based and situated within communities of practice 

(Cochran-Smith & Lytle, 1999). 

• Ethical inclusion: grounded in Nussbaum's (2010) capabilities approach, which emphasizes 

justice, empathy, and respect for the dignity and potential of every learner. 

Trained iteratively through the AI-FACS-VR pipeline, these competencies align with evidence 

that SEL programs improve classroom climate and outcomes (Durlak et al., 2011). Beyond individual 

competencies, E-MOTE emphasizes a broader ethical stance toward the design and adoption of 

educational technologies. Zawacki-Richter et al. (2019) observed that excluding teachers from AI 

system design creates a risk of pedagogical misalignment. Subsequent literature confirms this risk, 

noting consequences such as mistrust, poorly aligned tools, and missed educational objectives. 

Accordingly, the ongoing shift toward human-centred AI in education emphasizes participatory 

design approaches that prioritize safety, reliability, and trustworthiness (Alfredo et al., 2024). 

5. Projected Pedagogical Impacts and Classroom Implications 

Building on the core competencies and the AI-FACS-VR workflow outlined previously, this 

section examines the projected pedagogical impacts of the E-MOTE framework. The central 

proposition is that the repeated, deliberate practice of identifying specific Action Units (AUs) within 

immersive VR scenarios will build the mental models and perceptual automaticity necessary for 

improved teacher responsiveness in real classrooms. 

This capacity is projected to emerge from the framework's unique combination of granular 

feedback and high-fidelity simulation. The AI-FACS-VR module is designed to train educators to 

detect fleeting non-verbal cues—such as the subtle activation of AU1 (inner brow raiser) indicating 

worry or AU4 (brow lowerer) signaling rising frustration—that often precede disengagement or 

conflict. By providing immediate feedback on these precise cues during a simulation, E-MOTE aims 

to recalibrate a teacher's perceptual system, making them more sensitive to these signals in real time. 

The pedagogical impact lies in transforming this heightened awareness into instructional action. 

For example, recognizing the early signs of confusion (AU1) in a student may guide the teacher to 

provide a differentiated explanation before the student falls behind. Similarly, detecting the onset of 

frustration (AU4, AU23) during a challenging task can prompt timely intervention, such as offering 

encouragement or breaking the task into smaller steps, thus providing emotional scaffolding and 

sustaining engagement. 

These scenarios illustrate the plausible mechanisms through which E-MOTE is designed to 

strengthen reflective, affect-attuned pedagogy. The framework is theoretically expected to shorten 

the feedback loop between student expression and teacher response, enhancing interpretative 

accuracy. Insights from SEL research suggest that this level of emotionally attuned teaching 

contributes to improved classroom climate and learning outcomes, particularly for vulnerable 

students (Jennings & Greenberg, 2009; Hargreaves, 2000). More recent evidence confirms that 

mindfulness-based SEL interventions can enhance teachers’ emotional balance and foster positive, 

supportive classroom environments (Valbusa et al., 2022). These theoretical insights constitute the 

pedagogical foundation of E-MOTE, reinforcing its design as a teacher education framework that 

promotes emotionally responsive and inclusive practice. 

6. Application Prospects and Systemic Integration 

Moving from classroom practice to broader contexts, this section examines the application 

prospects of E-MOTE and situates it in relation to established approaches, most notably SimSchool. 
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While E-MOTE shares with SimSchool a foundation in simulation-based training, it proposes a 

significant evolution in scope and methodology. 

As demonstrated in Table 3, E-MOTE builds upon the established theoretical foundations of 

simulation-based training but extends them by targeting a previously unaddressed layer of teacher 

competency: the real-time perception of subtle, non-verbal emotional cues. Compared with 

SimSchool's focus on scripted scenarios and macro-behaviors, E-MOTE's integration of FACS and 

real-time feedback offers a pathway to train the rapid, subconscious perceptual processes that 

underpin empathy and attunement. 

Table 3. A comparative analysis of SimSchool and the proposed E-MOTE framework. 

Dimension                       SimSchool                  E-MOTE  

Primary training focus 

 

Classroom management and 

instructional decision-making using 

AI-driven learner profiles 

Perceptual acuity and 

emotional responsiveness 

through validated micro-

expression decoding, 

immersive VR, and AI-driven 

adaptive feedback 

Underlying approach Relies on scripted learner behaviors 

and pre-programmed scenarios, not 

real affective data 

Data-driven emotional 

analytics using FACS to 

decode authentic, non-verbal 

cues in real-time, combined 

with competency-based 

training pathways 

Feedback mechanism Primarily post-simulation analysis 

of teacher actions on student macro-

behaviors (e.g., "engagement" score) 

Real-time, granular feedback 

on perceptual performance 

(e.g., "You missed a cue of 

frustration (AU4) in Student 

A"), provided both in-VR and 

via post-simulation analytics 

Technological 

components 

AI-driven behavioral simulation of 

students 

Unified ecosystem: FACS, AI 

analytics, VR immersion, 

multimodal feedback, and 

culturally responsive 

calibration 

Scope of innovation A mature platform for simulating 

classroom dynamics and 

pedagogical strategies 

Advances the field by 

targeting the foundational skill 

of emotional perception, 

uniting validated micro-

expression analysis, immersive 

practice, and adaptive 

feedback in a single training 

ecosystem designed for 

scalability 
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Application prospects for this proposed framework can be articulated across three domains: 

• Initial teacher training: universities could integrate E-MOTE modules to provide foundational 

training in emotional competence, combining theoretical FACS instruction with immersive VR 

simulations to build perceptual skills from the outset of a teacher's career. 

• Ongoing professional development: for in-service teachers, E-MOTE could offer advanced 

modules focused on specific challenges, such as managing inclusive classrooms or recognizing 

cross-cultural emotional expressions, using the high-fidelity simulations for deliberate practice. 

• Tool for reflective inquiry: the post-simulation dashboards provide objective data on a teacher's 

"noticing," making it a powerful tool for self-assessment and coaching within professional 

learning communities. 

Looking ahead, realizing these prospects will require careful attention to teacher readiness and 

cognitive load. Avoiding overload necessitates not only technical refinements but also evidence-

based guidelines for integrating such training into existing programs, in line with neuroscience 

insights on the interplay between emotion, cognition, and learning (Howard-Jones, 2014). 

Overall, E-MOTE has the potential to evolve from a conceptual proposal into a systemic 

innovation in teacher education, provided its implementation remains participatory, ethical, and 

empirically validated. Its strength resides in its targeted integration of FACS-based micro-expression 

analysis, AI-driven feedback, and immersive VR within a unified, ethically grounded training model. 

A key priority is the active involvement of students in innovation processes. Engaging learners 

as stakeholders in the design and evaluation of educational interventions not only enhances 

effectiveness but also fosters a more inclusive and participatory culture. Systematically integrating 

student voice into educational practices reinforces the pedagogical validity by ensuring 

responsiveness to students’ experiences and evolving needs (Cook-Sather, 2006). 

7. Limitations and Future Research Agenda 

As a conceptual framework, the primary limitation of E-MOTE is that it awaits empirical 

validation. While grounded in established research from neuroscience, education, and affective 

computing, its efficacy and feasibility must be tested through rigorous implementation. Prior 

research on emotionally attuned teaching has shown clear benefits (Hargreaves, 2000), but these 

findings need to be empirically extended to the specific AI-FACS-VR training context that E-MOTE 

proposes. 

To guide this necessary transition from concept to evidence-based tool, a multi-phase research 

agenda is outlined below, designed to address the core challenges: 

Phase 1: technical validation and feasibility 

• Objective: to assess the accuracy and reliability of the AI-FACS-VR module in a controlled 

laboratory setting and establish its basic usability. 

• Research priorities: 

1. Algorithmic accuracy: evaluate the performance of the FACS-decoding AI when applied to the 

facial animations of virtual student avatars, ensuring it can accurately identify pedagogically 

relevant AUs in real-time. 

2. User experience (UX) and usability: conduct studies with pre-service teachers to assess the 

usability of the VR interface and the perceived usefulness of the feedback mechanisms (e.g., in-

VR cues, post-simulation dashboard) using think-aloud protocols and standardized UX scales. 

3. Mitigating bias: initiate the development of culturally diverse, FACS-annotated datasets of 

virtual expressions to audit and mitigate algorithmic bias, ensuring the system does not 

misclassify emotions based on avatar ethnicity or gender (Mehrabi et al., 2021). 

Phase 2: pedagogical validation and short-term efficacy 

• Objective: to evaluate the framework's impact on teacher learning and competency development 

in controlled training contexts. 

• Research priorities: 
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1. Impact on noticing skills: employ experimental designs with pre- and post-assessments to 

determine if training with E-MOTE leads to significant improvements in teachers' accuracy and 

speed in detecting micro-expressions in standardized video clips of students. 

2. Perceived utility and ethical concerns: explore teachers' perceptions of the tool's pedagogical 

integration, ethical implications, and alignment with professional values through mixed-

methods studies (surveys, focus groups). 

3. Cross-cultural calibration: initiate cross-cultural validation by testing the framework across 

diverse educational contexts, examining how cultural norms influence the interpretation of AUs 

and adapting feedback mechanisms accordingly, in line with the OECD PISA Global Competence 

Framework (Organisation for Economic Co-operation and Development, 2019). 

Phase 3: ecological and longitudinal validation 

• Objective: to assess the transfer of trained skills to real classrooms and the long-term impact on 

teaching practice and student outcomes. 

• Research priorities: 

1. Transfer to practice: conduct longitudinal studies that track teachers from VR training into their 

classrooms, using observational methods to see if improved perceptual acuity in simulation 

leads to more responsive and inclusive teaching behaviors in practice. 

2. Impact on classroom climate and student outcomes: investigate the downstream effects of E-

MOTE training by measuring its correlation with improved classroom climate, student 

engagement, and student self-reports of well-being. 

Scalability and implementation science: study the systemic requirements for large-scale 

adoption, including cost-effectiveness, institutional buy-in, and the development of sustainable 

trainer-of-trainer models. These ethical commitments are consistent with the Ethical Guidelines on 

the Use of Artificial Intelligence and Data in Teaching and Learning for Educators issued by the 

European Commission (2022). 

Addressing core challenges across phases 

This research must run in parallel with ongoing efforts to address the critical limitations 

identified: 

• Data privacy and governance: all phases must implement and refine the proposed ethical 

safeguards (granular consent, data minimization, pseudonymization) and subject them to 

independent ethical review. 

• Teacher readiness and technostress: research must investigate the optimal support structures, 

such as structured professional development and technical coaching, needed to foster 

pedagogical fluency and reduce technostress. 

• Health and safety: best practices for VR use (e.g., session limits, structured debriefings) must be 

empirically tested and integrated into the protocol to minimize simulator sickness and visual 

fatigue (Rebenitsch & Owen, 2016). 

Funding and partnerships for this ambitious agenda could be sought through European 

educational innovation programs such as Erasmus+ and Horizon Europe, in collaboration with 

teacher education institutions, AI research laboratories, and VR developers. Ultimately, the success 

of E-MOTE depends on this rigorous, iterative research process, ensuring that technological 

innovation is firmly anchored in pedagogical need and empirical evidence. 

8. Conclusions 

This paper has introduced E-MOTE, a comprehensive conceptual framework designed to 

enhance teacher education by systematically targeting the often-overlooked competency of emotional 

perception. Grounded in the ability-based model of emotional intelligence (Mayer et al., 2016) and 

design-based research methodologies (McKenney & Reeves, 2012), E-MOTE proposes a novel 

integration of three core components: the Facial Action Coding System (FACS) for validated micro-
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expression decoding, Artificial Intelligence (AI) for real-time analytics and adaptive feedback, and 

Virtual Reality (VR) for immersive, safe practice environments. 

The framework's principal contribution lies in its structured approach to bridging a critical gap 

between theoretical knowledge of emotions and the embodied skill of perceiving them in the 

dynamic flow of classroom interaction. By moving beyond the macro-behavioral focus of existing 

simulation platforms like SimSchool, E-MOTE outlines a pathway to train the perceptual micro-

skills—such as recognizing the subtle signs of confusion (AU1) or frustration (AU4)—that underpin 

emotional attunement and empathic responsiveness. 

As a conceptual proposal, E-MOTE provides a structured foundation for developing 

emotionally responsive teaching practices while explicitly embedding essential ethical safeguards 

from its inception. It functions as both a theoretical model and a practical protocol for future 

development, outlining a clear, multi-phase research agenda to guide its transition from concept to 

validated tool. This agenda prioritizes technical validation, pedagogical efficacy, and ecological 

transfer, ensuring that future iterations are grounded in empirical evidence. 

Ultimately, E-MOTE outlines a promising and ethically informed pathway for advancing 

teacher education. By uniting validated emotional decoding, immersive simulation, and adaptive 

feedback within a single training ecosystem, the framework holds significant potential to strengthen 

the socio-emotional core of teaching. Future work must now focus on the empirical validation, cross-

cultural calibration, and strategic implementation of this model, aligning it with broader European 

digital education and professional development frameworks to explore its potential for global 

adaptation. 
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