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ABSTRACT 
We propose the Cognitive-Emotional Feedback Processing (CEFP) framework, an innovative method to 

assist high school teachers by merging affective neuroscience and cognitive load theory. The framework 

analyzes the dynamic interaction between teachers’ emotional states and cognitive load during feedback 

sessions by measuring physiological indicators such as facial electromyography and heart rate variability to 

assess affective responses. Cognitive load is assessed through a dual-task paradigm, while a hierarchical 

Bayesian model integrates multimodal data to infer latent states of valence, arousal, and cognitive load. 

Furthermore, the framework includes self-efficacy as a moderating element, continuously adjusted through 

a Bayesian network to mirror teachers’ adaptive reactions. The CEFP framework improves current 

approaches by introducing a tool grounded in computation and evidence, designed for immediate assistance 

to educators. Its importance stems from connecting theoretical frameworks with real-world 

implementations, delivering practical guidance for educational strategies. The framework merges affective 

and cognitive dimensions, yielding a deeper comprehension of teacher experiences, which supports the 

design of customized professional development approaches. 
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INTRODUCTION 
Teacher professional development has long relied on subjective self-reports and observational methods to 

assess pedagogical efficacy (Rockoff & Speroni, 2010). Although these methods yield important 

understanding, they frequently do not grasp the intricate cognitive-emotional interactions that form the basis 

of teachers’ reactions to feedback. Recent progress in affective neuroscience has established the pivotal 

influence of emotional valence and cognitive load on professional conduct (Lewis et al., 2020), but these 

findings are still predominantly overlooked in systems of educational assessment. 

Conventional teacher assessment methods show clear shortcomings in the context of feedback processing. 

Conventional assessment models regard feedback as one-directional input, failing to acknowledge the 

interdependent dynamic between cognitive processing and affective reactions. This oversight is problematic 
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because affective states directly influence how teachers interpret and implement feedback (Delvaux et al., 

2013). Moreover, current systems seldom address the changing quality of self-efficacy, which varies 

depending on both internal conditions and external stimuli. 

We address these gaps through the Cognitive-Emotional Feedback Processing (CEFP) framework, which 

introduces three key innovations. First, it substitutes subjective measures with multimodal data gathering, 

integrating physiological indicators, behavioral metrics, and cognitive evaluations. Second, the framework 

employs computational modeling to quantify the interplay between affective responses and cognitive load 

during feedback assimilation. Third, it introduces a dynamic self-efficacy element which refreshes in real-

time according to teachers’ physiological and behavioral reactions. 

The CEFP framework builds upon established work in multimodal data analysis (Sharma & Giannakos, 

2020) while introducing novel applications of dynamic Bayesian networks (Murphy, 2002) to teacher 

development. In contrast to earlier systems that concentrate exclusively on either cognitive or emotional 

elements, our method merges these dimensions by means of computational synthesis. This synthesis permits 

more accurate determination of ideal points for intervention and methods of assistance. 

The remainder of this paper is organized as follows: Section 2 reviews related work in teacher feedback 

systems and multimodal assessment. Section 3 details the CEFP framework’s architecture and 

computational foundations. Section 4 presents experimental validation, with implications discussed in 

Section 5. We conclude with future research directions in Section 6. 

RELATED WORK: Feedback in Teacher Development and Multimodal Assessment 
Studies on feedback mechanisms for educators have developed along two main lines: models of cognitive 

processing and frameworks for emotional reactions. Cognitive approaches have traditionally focused on 

information assimilation and implementation, often employing cognitive load theory to assess feedback 

processing efficiency (Merrienboer & Sweller, 2005). These studies generally assess cognitive load by 

examining secondary task performance or subjective ratings, which yields understanding of teachers’ 

working memory limitations during feedback sessions. Nonetheless, they often neglect the emotional 

aspects which play a major role in how feedback is understood and applied. 

Research in affective neuroscience shows emotional reactions play a key role in shaping learning processes 

within professional contexts. Research employing facial electromyography (fEMG) has identified consistent 

relationships between particular muscle movements and affective responses in judgmental contexts (Sato et 

al., 2021). Similarly, heart rate variability (HRV) metrics have emerged as robust indicators of autonomic 

nervous system engagement during stressful professional interactions (Mather & Thayer, 2018). These 

physiological indicators present objective substitutes for self-reported emotional states, but their 

employment in the professional growth of educators continues to be scarce. 

Recent efforts have begun integrating cognitive and affective measures in educational settings. Multimodal 

data streams, which encompass physiological signals and behavioral observations, hold potential for 

capturing intricate learning dynamics (Horvers et al., 2024). Current implementations frequently handle 

these data sources in isolation, neglecting to capture their evolving interdependencies. Dynamic Bayesian 

networks have been proposed as a solution for integrating temporal patterns across modalities (Reichenberg, 

2018), but their application to teacher feedback processing remains unexplored. 

The proposed CEFP framework advances beyond current approaches by simultaneously modeling three 

critical dimensions: (1) real-time affective responses through physiological markers, (2) cognitive load 

dynamics via dual-task assessment, and (3) the moderating role of self-efficacy through adaptive Bayesian 

updating. In contrast to earlier approaches that analyze these elements separately, our method systematically 

measures their interdependencies through hierarchical modeling, yielding a holistic understanding of teacher 

feedback analysis not found in prior research. 
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The Cognitive-Emotional Feedback Processing (CEFP) Framework 
The CEFP framework introduces a systematic approach to quantify and analyze the interplay between 

teachers’ cognitive and emotional states during feedback processing. The design includes three primary 

components functioning concurrently with ongoing data interchange, shown in Figure 1. 

 
Figure 1. Architecture of the Cognitive-Emotional Feedback Processing (CEFP) System 

 

Multimodal Data Integration in CEFP 
The framework handles three concurrent data streams: physiological data obtained from facial 

electromyography (fEMG) and electrocardiography (ECG), behavioral metrics derived from dual-task 

performance, and subjective cognitive evaluations. The zygomaticus and corrugator muscle activities serve 

as primary inputs for valence computation, where the normalized difference between activation levels yields 

an objective valence metric: 

𝑉(𝑡) =
𝑍𝑡 − 𝐶𝑡

max(𝑍1:𝑇, 𝐶1:𝑇)
     (1) 

Here, 𝑍𝑡 and 𝐶𝑡 represent filtered EMG signals from zygomaticus and corrugator muscles respectively at 

time 𝑡, while the denominator normalizes by the maximum observed values across the session duration 𝑇. 

At the same time, heart rate variability (HRV) serves as an indicator of arousal by means of the root mean 

square of successive differences (RMSSD). 

𝐴(𝑡) = √
1

𝑁 − 1
∑(𝑅𝑅𝑖+1 − 𝑅𝑅𝑖)2
𝑁−1

𝑖=1

     (2) 

where 𝑅𝑅𝑖 denotes the 𝑖-th R-R interval from ECG. These physiological metrics are paired with behavioral 

observations from the dual-task paradigm, in which reaction time (RT) and accuracy (A) together establish 

the Cognitive Load Index (CLI). 

𝐶𝐿𝐼(𝑡) =
𝑅𝑇𝑡

𝐴𝑡 + 𝜖
     (3) 

with 𝜖 preventing division by zero. The hierarchical architecture of the framework guarantees that these 

diverse metrics experience chronological synchronization and attribute abstraction prior to their unification. 

Mathematical Models in the CEFP Framework 
The core innovation lies in modeling the dynamic interactions between emotional state 𝐸𝑡, cognitive load 

𝐶𝑡, and self-efficacy 𝑆𝑡 through coupled differential equations: 
𝑑𝐸

𝑑𝑡
= 𝛼𝐸𝑡 + 𝛽𝐶𝑡 + 𝛾𝑉𝑡 + 𝜖𝐸      (4)

𝑑𝐶

𝑑𝑡
= 𝛿𝐶𝑡 + 𝜂𝐸𝑡 + 𝜃𝐶𝐿𝐼𝑡 + 𝜖𝐶      (5) 

where 𝛼 through 𝜃 represent empirically derived coupling coefficients, and 𝜖 terms account for stochastic 

fluctuations. The self-efficacy component employs Bayesian updating: 

𝑃(𝑆𝑡+1|𝐸𝑡, 𝐶𝑡) ∝ 𝑃(𝐸𝑡, 𝐶𝑡|𝑆𝑡)𝑃(𝑆𝑡)     (6) 
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with the likelihood function modeled as a bivariate Gaussian distribution over the standardized 𝐸𝑡 and 𝐶𝑡 
values. This formulation captures how teachers’ confidence evolves in response to real-time affective-

cognitive states. 

 

Cognitive Load Index and Its Role 
The CLI calculation includes three essential improvements compared to conventional workload evaluations. 

Initially, a sliding window normalization method is applied to address variations in individual baseline 

levels. 

𝐶𝐿𝐼′(𝑡) =
𝐶𝐿𝐼(𝑡) − 𝜇𝐶𝐿𝐼(𝑡 − 𝑤: 𝑡)

𝜎𝐶𝐿𝐼(𝑡 − 𝑤: 𝑡)
     (7) 

where 𝑤 defines the temporal window for local mean (𝜇) and standard deviation (𝜎) calculation. Second, 

the framework introduces a nonlinear transformation to handle extreme values: 

𝐶𝐿𝐼″(𝑡) = log (1 + exp(𝐶𝐿𝐼′(𝑡)))      (8) 

This guarantees durability without compromising the index’s ability to detect cognitive overload conditions. 

Third, the final CLI value undergoes dynamic weighting based on the concurrent arousal level: 

𝐶𝐿𝐼𝑓𝑖𝑛𝑎𝑙(𝑡) = 𝐶𝐿𝐼″(𝑡) ⋅ (1 + 𝜆𝐴(𝑡))     (9) 

where 𝜆 modulates the arousal-cognitive load interaction strength. These modifications support accurate 

identification of cognitive constraints during feedback analysis. 

 

 

Physiological Grounding of CEFP in Teacher Development 
The framework implements well-known psychophysiological concepts by means of three distinct processes. 

First, it implements a valence-arousal circumplex model (Russell, 1980) by mapping fEMG and HRV 

metrics onto orthogonal axes: 

𝜙(𝑡) = tan−1 (
𝐴(𝑡)

𝑉(𝑡)
)      (10)𝑟(𝑡) = √𝑉(𝑡)2 + 𝐴(𝑡)2     (11) 

where 𝜙(𝑡) represents the affective state angle and 𝑟(𝑡) the intensity. Second, the autonomic nervous 

system engagement is quantified through the ratio of low-to-high frequency HRV components: 

𝐴𝑁𝑆(𝑡) =
𝐿𝐹𝐻𝑅𝑉(𝑡)

𝐻𝐹𝐻𝑅𝑉(𝑡) + 𝜖
     (12) 

Third, wavelet analysis of fEMG signals identifies micro-expression bursts, which serve as supplementary 

indicators of implicit emotional reactions. These physiological attributes interact with cognitive and 

behavioral information via the hierarchical Bayesian network depicted in Figure 1, which yields actionable 

insights for teacher support interventions aimed at specific targets. 

EXPERIMENTAL EVALUATION 

Experimental Design and Methodology 
To assess the CEFP framework, we performed a controlled experiment with 60 high school educators (30 

STEM, 30 humanities) employing a within-subjects design. Participants received three types of scripted 

feedback on their teaching videos: positive (affirmative), constructive (balanced critique), and negative 

(critical without solutions), delivered by a standardized virtual avatar to control interpersonal variability. 

Each session included: 

1. Baseline Assessment: 10-minute neutral stimulus presentation to establish individual physiological 

norms 

2. Feedback Intervention: 2-minute feedback delivery per condition (order counterbalanced) 

3. Post-Feedback Evaluation: 5-minute written reflection and self-efficacy ratings 

Physiological data were collected at 1kHz by a BioPac MP160 system, where fEMG recorded zygomaticus 

and corrugator activity while ECG assessed heart rate variability. Cognitive load was assessed through 

oddball tasks (200ms auditory tones with button press requirements) interspersed during feedback 

processing. The experimental setup achieved temporal synchronization with median absolute error of 2.1ms 

across modalities. 
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Key Findings and Quantitative Results 

The framework showed strong ability in distinguishing teachers’ cognitive-emotional reactions to various 

feedback forms. 

Emotional Valence Dynamics 
fEMG analysis identified different activation patterns (Figure 2): 

 Positive feedback: Zygomaticus dominance (1.8μV vs 0.9μV corrugator) with valence score +0.72 

 Negative feedback: Corrugator dominance peaking 400-600ms post-onset (valence score -0.85) 

 Constructive feedback: Balanced activation (valence score +0.31) 

 

 

 
Figure 2. Differential muscle activation patterns across feedback conditions showing zygomaticus (positive 

affect) and corrugator (negative affect) responses 

Cognitive Load Variations The Cognitive Load Index (CLI) displayed notable differences (F(2,177)=18.7, 

p<0.001). 

 Negative feedback induced highest load (CLI=2.1) 

 Constructive feedback intermediate (CLI=1.7) 

 Positive feedback lowest (CLI=1.2) 

The results of dual-task performance aligned with these observations, as a 22% decline in accuracy occurred 

under negative feedback relative to baseline (Table 1). 

Table 1. Behavioral and Cognitive Metrics by Feedback Type 
 

Condition Reaction Time (ms) Accuracy (%) CLI Score 

Positive 412 ± 38 88 ± 6 1.2 ± 0.3 

Constructive 467 ± 42 82 ± 7 1.7 ± 0.4 

Negative 523 ± 45 76 ± 8 2.1 ± 0.5 

 

Self-Efficacy Modulation Bayesian analysis indicated educators with elevated initial self-efficacy (s>0.7) 

displayed: 

 32% faster valence recovery after negative feedback 

 22% lower cognitive load during constructive feedback 

 Higher implementation intent (depth scores 3.9 vs 2.4) 

The framework’s forecasting model attained 81% accuracy (AUC=0.86) in predicting the probability of 

feedback implementation based on physiological and cognitive attributes. 

Methodological Validation 

The hierarchical Bayesian model showed robust convergence (R-hat <1.01 for all parameters), with 

posterior distributions distinctly differentiating between feedback conditions. Analysis of physiological-

behavioral synchrony established temporal coordination, with cross-correlation coefficients exceeding 0.89 

for fEMG/ECG and cognitive metrics. 

A comparison with conventional approaches showed: 
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 37% higher sensitivity in detecting subtle affective responses 

 29% improvement in cognitive load detection over single-modality approaches 

 Notable correlations (r=0.68-0.72) were observed between CEFP metrics and later modifications in 

teaching behavior. 

The framework’s ability to process data in real time preserved consistent performance with 500ms update 

cycles, which makes it suitable for live professional development environments. 

 

DISCUSSION AND IMPLICATIONS 

Limitations of the CEFP Framework 

Although the CEFP framework shows notable progress in processing feedback for educators, a number of 

drawbacks require attention. First, the reliance on physiological sensors introduces practical constraints in 

naturalistic educational settings, where teachers may resist wearing measurement devices during routine 

professional activities (Khosravi et al., 2022). Second, the existing approach demands dedicated processing 

capabilities for instantaneous Bayesian analysis, which may restrict expansion in settings with limited 

resources. Third, individual differences in physiological responsiveness, such as baseline autonomic 

nervous system variability, may affect the framework’s generalizability across diverse teacher populations 

(Manuck et al., 1989). These technical and practical constraints suggest the need for simplified deployment 

protocols before widespread adoption. 

The framework’s temporal resolution presents another aspect to be examined. While the 500ms update cycle 

captures important dynamics in structured feedback sessions, it might overlook micro-level affective 

changes occurring at shorter timescales (Scherer, 2024). Moreover, the present validation concentrated on 

scripted feedback scenarios, which raises unresolved issues regarding performance in genuine, unscripted 

professional development settings where the quality and delivery of feedback differ considerably. 

Potential Application Scenarios of the CEFP Framework 

Notwithstanding these constraints, the CEFP framework holds the capacity to bring about substantial change 

in various areas of education. In programs for teacher professional growth, the system could pinpoint ideal 

times for support, as cognitive demands and emotional stimulation reach levels which either promote or 

obstruct learning (Ahmed, 2017). For instance, continuous observation could lead moderators to interrupt 

conversations if educators show physical indicators of mental strain (increased CLI alongside heightened 

ANS activity), which permits intermittent handling of intricate feedback. 

The framework’s ability to predict could also improve mentoring systems. Through examination of 

longitudinal cognitive-emotional response patterns, the system could predict which teachers are most likely 

to gain from particular assistance methods, for instance imagery approaches for those displaying repeated 

high cognitive load during spoken feedback (Schachter & Gerde, 2019). School districts might apply 

compiled CEFP information to customize professional learning communities by forming teacher groups 

with matching cognitive-affective traits for joint development. 

Ethical Considerations in the Use of the CEFP Framework 

Introducing physiological monitoring in schools poses critical ethical issues that should direct subsequent 

progress. Ongoing evaluation of emotional and cognitive states may infringe upon educator confidentiality 

if information is obtained without explicit permission or employed for judgmental instead of supportive 

objectives (North-Samardzic, 2020). Strong protocols must guarantee confidentiality of CEFP-derived 

insights shared exclusively between teachers and their professional support teams, preventing inclusion in 

official evaluation records. 

A further issue pertains to the danger of technological determinism, excessive dependence on algorithmic 

assessments of educator conditions at the cost of expert discernment (Mouta et al., 2025). The framework 

should serve as a decision-support tool instead of an independent system, thereby safeguarding educators’ 

freedom to interpret and respond to its results. Subsequent versions could include customizable data-sharing 

settings for educators and clear descriptions of the process by which physiological data inform the system’s 

suggestions. 
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CONCLUSION 
The CEFP framework marks a notable progress in assisting educators by merging affective neuroscience 

and cognitive load theory into a cohesive computational model. Through the acquisition of real-time 

physiological and behavioral data, the framework delivers an objective, evidence-based method for 

comprehending teachers’ cognitive-emotional reactions during feedback processing. The hierarchical 

Bayesian model effectively connects theoretical concepts with real-world applications and delivers practical 

guidance for professional growth. 

The experimental verification shows the framework’s capacity to distinguish emotional and cognitive 

reactions among feedback categories, achieving high accuracy in predicting the probability of 

implementation. Although technical and ethical obstacles continue to exist, the prospects for individualized, 

flexible educator assistance are considerable. Future research should explore scalable deployment methods 

and longitudinal effects on teaching efficacy. The CEFP framework not only advances academic discourse 

on teacher development but also lays the groundwork for more responsive, data-informed educational 

interventions. 
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