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Abstract

The rapid expansion of online education has fundamentally altered the pedagogical landscape, creating an urgent need to 
understand and enhance learner engagement in virtual classroom platforms. Traditional online learning environments often 
suffer from a severe reduction in non-verbal communication, leading to feelings of isolation and decreased cognitive 
involvement  among  students.  Affective  computing  presents  a  promising  solution  by  automatically  recognizing, 
interpreting, and responding to human emotions through multimodal cues such as facial expressions, vocal intonation, and 
posture. This paper presents a comprehensive mixed evaluation of affective computing cues and their direct impact on  
learner engagement within synchronous virtual classrooms. Employing a sequential explanatory mixed-methods design, 
the  study  investigates  both  the  quantitative  correlations  between  system-detected  affective  states  and  self-reported  
engagement metrics, as well as the qualitative experiences of learners navigating these technologically mediated spaces.  
The findings suggest that real-time affective feedback mechanisms significantly correlate with heightened behavioral and 
emotional engagement,  provided that privacy concerns and technological  inaccuracies are adequately mitigated. The 
synthesis of sensor-derived affective data with nuanced qualitative insights reveals that while affective computing holds 
immense potential for personalized pedagogy, its integration requires a delicate balance between continuous monitoring 
and  learner  autonomy.  The  research  concludes  by  offering  strategic  recommendations  for  platform developers  and 
instructional designers to optimize virtual learning ecosystems.
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1. Introduction

1.1 Background and Context

The transition from physical classrooms to digital learning environments has been one of the most profound educational 
transformations of the twenty-first century. As institutions worldwide adopt synchronous virtual classroom platforms to 
facilitate remote education, an inherent challenge has emerged regarding the psychosocial and emotional dynamics of 
teaching and learning [1]. In a traditional, face-to-face classroom setting, educators heavily rely on a constant stream of  
non-verbal cues, including subtle facial expressions, eye contact, body language, and vocal inflections, to gauge the 
collective comprehension and emotional state of their students [2]. These physiological and behavioral signals allow 
instructors  to  intuitively  adjust  their  pacing,  instructional  strategies,  and tone  to  maintain  optimal  levels  of  student  
engagement [3]. However, the architecture of standard video conferencing software and contemporary virtual classroom 
platforms inadvertently filters out many of these crucial interpersonal signals, often reducing complex human interactions 
to a mosaic of two-dimensional video feeds or static profile pictures [4]. This phenomenon, frequently described as 
transactional distance, creates a significant communicative barrier that can precipitate feelings of isolation, cognitive 
overload, and academic disengagement among learners [5]. 

To address the severe deficit of affective communication in online learning, researchers and technologists have increasingly 
turned to the interdisciplinary field of affective computing. Originally conceptualized in the late twentieth century, affective 
computing refers to systems and devices that can recognize, interpret, process, and simulate human affects or emotions [6]. 
In the context of virtual classrooms, affective computing technologies leverage computer vision, machine learning, and 
biometric sensors to capture real-time multimodal data from learners [7]. By analyzing micro-expressions, postural shifts, 
and speech patterns, these systems aim to quantify the emotional states of students, providing educators with actionable  
dashboards that display aggregate or individualized engagement metrics [8]. The theoretical premise is that by making the 
invisible emotional dimensions of learning visible again, virtual platforms can facilitate more responsive and personalized 
pedagogical interventions [9]. Despite the rapid commercialization and deployment of these technologies, comprehensive  
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academic evaluations of their efficacy, particularly regarding their true impact on multidimensional learner engagement, 
remain fragmented and inconclusive. 

1.2 Problem Statement and Research Objectives

While  the  technological  capabilities  of  affective  computing  have  advanced  at  an  unprecedented  rate,  the  empirical 
validation of these systems within authentic educational contexts has lagged considerably. The prevailing literature often 
focuses heavily on algorithmic accuracy and the technical precision of emotion recognition models under controlled 
laboratory conditions [10]. Consequently, there is a distinct lack of holistic, ecologically valid research that examines how 
the continuous tracking of affective cues actually influences the behavioral, emotional, and cognitive engagement of  
students in real-world virtual classrooms [11]. Furthermore, many existing studies adopt a strictly quantitative approach, 
relying on sensor data and standardized questionnaires, thereby neglecting the subjective, lived experiences of the learners 
subjected to algorithmic emotion surveillance [12]. 

This research seeks to bridge the gap between computer science and educational psychology by conducting a rigorous  
mixed  evaluation  of  affective  computing  cues  and  learner  engagement.  The  primary  objective  is  to  systematically 
investigate  the  relationship  between  system-detected  emotional  states  and  multifaceted  engagement  metrics  within 
synchronous virtual learning environments [13]. Additionally, this study aims to explore the qualitative perceptions of 
adult learners regarding the presence, accuracy, and pedagogical utility of affective tracking technologies. By synthesizing 
granular objective data derived from webcam-based facial expression analysis with rich qualitative insights obtained 
through semi-structured interviews, this paper provides a nuanced understanding of the benefits and limitations of affective 
computing in education. Ultimately, the research endeavors to answer critical questions about the feasibility of utilizing 
automated emotion recognition to foster a more engaging, empathetic, and effective virtual classroom experience, while  
concurrently addressing the profound ethical and privacy implications inherent in the deployment of biometric surveillance 
in educational settings.

2. Literature Review and Theoretical Framework

2.1 Evolution of Virtual Classroom Platforms

The historical trajectory of virtual learning environments reflects a continuous effort to replicate and enhance the rich 
communicative  dynamics  of  the  traditional  physical  classroom.  Early  iterations  of  online  learning  platforms  were 
predominantly  asynchronous  and  text-heavy,  functioning  primarily  as  repositories  for  static  course  materials  and 
rudimentary discussion forums [14]. While these first-generation systems offered unprecedented flexibility and access,  
they fundamentally lacked the immediacy and social presence required to sustain deep cognitive engagement over extended 
periods [15]. The subsequent development of synchronous web conferencing tools introduced real-time audio and video  
capabilities, marking a significant milestone in distance education. Platforms enabled live lectures, interactive breakout 
rooms, and screen sharing, thereby reducing the temporal separation between instructors and learners [16]. 

Despite  these  advancements,  contemporary  virtual  classrooms still  struggle  to  overcome the  inherent  limitations  of  
mediated communication. The phenomenon of video conferencing fatigue has been extensively documented, highlighting 
the cognitive toll of interpreting degraded non-verbal cues through a screen [17]. In a virtual grid, the natural mechanics of 
mutual gaze and spatial awareness are entirely disrupted. An instructor cannot easily ascertain if a student looking at their 
screen is intensely focused on the lecture material or distracted by unrelated digital stimuli. This communicative ambiguity 
necessitates  the  development  of  more  intelligent  systems  capable  of  autonomously  deciphering  learner  states  [18].  
Consequently, the current frontier of virtual classroom evolution is characterized by the integration of artificial intelligence 
and learning analytics.  Modern platforms are  transitioning from mere conduits  of  audiovisual  information to  active 
agents in the educational process, employing complex algorithms to monitor attendance, track participation, and ultimately, 
infer the emotional and cognitive dispositions of the user.

2.2 Affective Computing Modalities in Education

Affective computing in educational contexts encompasses a wide array of sensory modalities designed to capture the 
physiological and behavioral manifestations of emotion. The most ubiquitous modality currently deployed in virtual  
classrooms is facial expression recognition, owing to the universal availability of webcams on standard personal computing 
devices [19]. Facial action coding systems decompose human facial movements into discrete action units, which machine  
learning classifiers then map onto established emotional categories such as confusion, frustration, joy, or boredom. When  
a learner encounters a particularly difficult mathematical concept, the furrowing of the brow and the tightening of the lips  
can be instantly identified by the system as an indicator of high cognitive load or frustration.
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Figure 1: Architectural Schematic of Multimodal Affective Cue Extraction in Virtual Classrooms

Beyond facial  analysis,  researchers  are  exploring supplementary  affective modalities  to  increase the  robustness  and 
accuracy of emotion recognition models. Voice emotion recognition analyzes acoustic features such as pitch, energy, and 
speech rate during synchronous discussions to detect subtle variations in a speaker's affective state [20]. Posture and gesture 
recognition utilize computer vision to track body movements, identifying slouching or leaning forward as proxy indicators 
for  disengagement  or  intense  concentration,  respectively.  Furthermore,  advanced  experimental  setups  occasionally 
incorporate physiological sensors, including photoplethysmography for heart rate variability and electrodermal activity 
monitors  to  measure  skin  conductance.  While  physiological  signals  provide  highly  accurate,  unfiltered  metrics  of 
autonomic  nervous  system  arousal,  their  reliance  on  specialized  hardware  renders  them  currently  impractical  for 
widespread, scalable deployment in everyday online education. Therefore, the majority of commercially viable affective 
computing platforms rely heavily on non-intrusive, camera-based behavioral tracking to construct a composite profile of 
learner affect [21].

2.3 Multimodal Cues and Learner Engagement

To accurately  evaluate  the  impact  of  affective  computing,  it  is  necessary  to  construct  a  comprehensive  theoretical 
framework that defines and operationalizes learner engagement. Contemporary educational psychology conceptualizes 
engagement as a multidimensional construct comprising three distinct but highly interrelated facets: behavioral, emotional, 
and cognitive engagement [22]. Behavioral engagement refers to observable actions such as attendance, participation in  
discussions, and the timely completion of assignments. Emotional engagement encompasses the affective reactions of 
learners to the instructor, peers, and the academic content, including feelings of interest, boredom, happiness, or anxiety.  
Cognitive engagement relates to the mental effort, self-regulation, and deep learning strategies employed by the student to 
master complex concepts. 

The integration of affective computing into virtual classrooms aims to create a continuous feedback loop that positively  
influences all  three dimensions of engagement.  According to the affective-cognitive framework of learning, optimal 
educational outcomes are achieved when a learner operates within a state of positive emotional arousal, often characterized 
by high interest and moderate challenge [23]. When an affective computing system detects widespread confusion or  
frustration among participants, it can trigger an automated alert to the instructor. The instructor can then immediately  
modify their pedagogical approach, perhaps by introducing an alternative explanation, initiating a collaborative activity, or 
adjusting the pace of the lecture. This responsive environment validates the learners'  emotional experiences, thereby 
fostering a stronger sense of social presence and emotional engagement [24]. Over time, as learners perceive the virtual  
platform to be highly responsive to their intrinsic needs, they are more likely to exhibit sustained behavioral participation 
and deploy deeper cognitive strategies, ultimately leading to enhanced academic achievement and satisfaction [25].

3. Methodology and Research Design

3.1 Participant Selection and Context

The empirical investigation detailed in this paper was conducted over the course of a standard sixteen-week academic  
semester at a large, urban university known for its extensive online degree programs. The target population comprised  
undergraduate  students  enrolled  in  introductory-level  interdisciplinary  courses,  which  were  delivered  entirely  via  a  
synchronous virtual classroom platform. To ensure a representative and diverse sample, participants were recruited using  
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a stratified random sampling technique across four distinct academic disciplines: humanities, social sciences, natural 
sciences, and engineering. The final  cohort  consisted of two hundred and forty-five students, all  of whom provided 
informed,  written  consent  to  participate  in  the  study,  adhering  strictly  to  the  ethical  guidelines  established  by  the  
institutional review board. 

Prior to the commencement of data collection, a comprehensive onboarding session was conducted to familiarize the 
participants with the affective computing technology embedded within the virtual classroom interface. The technology 
utilized an opt-in, non-intrusive computer vision algorithm that processed live webcam feeds to classify facial expressions 
into six fundamental affective states: neutral, happy, sad, angry, surprised, and confused. It was explicitly communicated  
to all participants that the image processing occurred locally on their devices, and only anonymized, aggregated emotional 
metadata  was  transmitted  to  the  central  server,  thereby  mitigating  significant  privacy  concerns.  Furthermore,  the 
instructional faculty assigned to the selected courses received specialized training on how to interpret the real-time affective 
dashboards and how to appropriately integrate this data into their pedagogical decision-making processes. 

Table 1: Baseline Demographic and Pre-Intervention Engagement Indicators

Faculty Discipline Participant Count Mean Age
Baseline Behavioral 
Engagement Score

Baseline Emotional 
Engagement Score

Humanities 62 21.4 3.45 3.62

Social Sciences 58 22.1 3.51 3.55

Natural Sciences 65 20.8 3.22 3.30

Engineering 60 21.9 3.15 3.18

3.2 Mixed Evaluation Approach and Data Collection

To comprehensively address the research objectives, this study employed a sequential explanatory mixed-methods design. 
This rigorous methodological framework involves the collection and analysis of quantitative data in the initial phase,  
followed by the collection and analysis of qualitative data to explain, contextualize, and elaborate upon the quantitative 
findings. The quantitative phase aimed to establish objective correlations between the continuous affective data generated 
by the computer vision system and standardized, self-reported measures of learner engagement. The affective computing 
system sampled the facial expressions of active participants at a rate of one frame per second, generating an immense 
longitudinal  dataset  of  emotional  valences  and  cognitive  states  throughout  the  semester.  Concurrently,  behavioral  
engagement was objectively measured through platform analytics, including the frequency of chat interactions, hand-
raising events, and the duration of active screen focus.

At the conclusion of the fourth, eighth, and twelfth weeks of the semester, participants were required to complete a 
comprehensive, multidimensional engagement survey. The instrument utilized was a validated adaptation of the student 
engagement scale, utilizing a seven-point continuous measurement format. The survey consisted of thirty distinct items 
designed to isolate and quantify behavioral, emotional, and cognitive engagement independently. The quantitative data  
collected from the automated affective tracking system and the periodic self-report surveys were merged using unique, 
anonymized participant identifiers. The integrated dataset was subsequently cleaned to remove incomplete entries and 
subjected to rigorous statistical analysis to identify significant patterns, correlations, and predictive variables.

Following the preliminary analysis of the quantitative data, the qualitative phase was initiated to explore the underlying 
mechanisms and personal experiences driving the observed statistical trends. A purposive subsample of thirty participants 
was selected for in-depth, semi-structured interviews. The selection criteria were strategically designed to include students 
who exhibited consistently high levels of engagement, those who displayed significant fluctuations in their affective states, 
and those who consistently demonstrated low engagement metrics throughout the semester. The interview protocol was  
carefully constructed to elicit detailed narratives regarding the students' perceptions of the virtual classroom environment, 
their awareness of the affective computing cues, their comfort levels with automated emotion tracking, and their subjective 
assessment of how the instructor's utilization of the affective dashboard influenced their personal learning journey. 

3.3 Analytical Procedures

The analytical procedures for the quantitative and qualitative datasets were conducted sequentially and subsequently  
integrated during the final interpretation phase. For the quantitative data, descriptive statistics were initially calculated to  
establish the central tendencies and dispersion of the affective computing metrics across the various academic disciplines.  
Following the verification of  statistical  assumptions,  including normality  and homoscedasticity,  a  series of  multiple  
regression analyses were performed. The primary objective was to determine the extent to which the frequency and duration 
of specific affective states, such as prolonged confusion or sustained positive valence, could predict the variance in the  
self-reported behavioral, emotional, and cognitive engagement scores. Furthermore, repeated measures analysis of variance 
was  utilized  to  track the  temporal  evolution  of  engagement  over  the  sixteen-week semester,  assessing whether  the  
continuous presence of the affective feedback loop resulted in a statistically significant stabilization or enhancement of 
learner involvement.
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The qualitative data derived from the thirty semi-structured interviews underwent a rigorous process of inductive thematic 
analysis. The audio recordings of the interviews were transcribed verbatim and imported into specialized qualitative data 
analysis software. The coding process began with repeated, active reading of the transcripts to achieve familiarization with 
the depth and breadth of the participant narratives. Initial codes were systematically generated across the entire dataset, 
identifying recurring concepts, sentiments, and experiences related to the affective computing technology. These initial 
codes were then iteratively collated and refined into broader, overarching themes. To ensure the reliability and validity of  
the  qualitative  findings,  a  secondary  researcher  independently  coded  a  random  selection  of  the  transcripts,  and  
discrepancies were resolved through detailed discussion until a high degree of inter-coder agreement was achieved. The 
resulting qualitative themes provided crucial explanatory power, enabling the researchers to interpret the nuances behind  
the quantitative correlations and construct a holistic evaluation of the affective computing intervention.

4. Results and Analysis

4.1 Quantitative Findings from Affective Cues

The quantitative analysis of the integrated dataset revealed substantial and statistically significant relationships between 
the real-time affective computing metrics and the multidimensional measures of learner engagement. The descriptive 
statistics indicated that the affective tracking system successfully classified over eighty-five percent of the analyzed video 
frames into distinct emotional categories, demonstrating a high degree of technical reliability in an ecologically valid 
setting.  Throughout  the  sixteen-week observational  period,  the  most  frequently  detected affective state  was  neutral, 
comprising approximately sixty percent of the total session time. However, the occurrences of discrete affective events,  
particularly expressions of confusion and positive engagement, provided the most critical insights into the learning process.

The multiple regression analyses demonstrated that the proportion of time a student spent in a state of positive affective  
valence, identified by the system through micro-expressions associated with satisfaction and interest, was a strong predictor 
of their self-reported emotional engagement. The statistical model indicated a strong positive relationship, with a Pearson  
correlation coefficient of zero point seven two, suggesting that automated detection of positive affect is a highly reliable  
proxy for underlying emotional involvement with the course material. Conversely, the continuous detection of negative 
affective states, specifically boredom and sustained frustration, exhibited a strong negative correlation with both cognitive 
and behavioral engagement scores. When the system registered prolonged periods of lowered brow and reduced visual  
focus, the subsequent self-reported surveys consistently reflected a significant decrease in the students' willingness to 
expend cognitive effort and participate in interactive platform activities. 

Figure 2: Correlation Analysis of Affective Valence and Multidimensional Learner Engagement

Furthermore, the temporal analysis utilizing repeated measures design revealed a fascinating trajectory regarding the  
efficacy of the affective feedback loop. During the initial four weeks of the semester, the correlation between system-
detected confusion and instructor intervention was relatively weak, as educators adjusted to the novel dashboard interface. 
However, by the midpoint of the semester, as instructors became more proficient at continuously monitoring the aggregate 
affective cues, a marked improvement in behavioral engagement was observed across all disciplines. When the system 
aggregated multiple instances of student confusion and alerted the instructor, the subsequent pedagogical adjustments, such 
as pausing the lecture to clarify complex topics, resulted in an immediate, quantifiable spike in chat participation and active 
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screen focus. This data strongly supports the hypothesis that affective computing, when properly utilized by trained 
educators,  can create a highly responsive virtual  environment that  mitigates cognitive overload and sustains student  
participation over time.

4.2 Qualitative Insights into Learner Experiences

While the quantitative metrics demonstrated the significant predictive power of affective computing cues, the thematic  
analysis of the semi-structured interviews provided indispensable context regarding the lived experiences of the adult 
learners navigating this technologically enhanced environment. The qualitative analysis yielded three major, interconnected 
themes: the tension between personalization and privacy, the validation of cognitive struggles, and the imperative for  
pedagogical transparency. 

The first and most prominent theme centered on the inherent tension between the benefits of personalized educational  
interventions and deep-seated concerns regarding biometric privacy. A substantial majority of the interviewed participants 
acknowledged the theoretical advantages of an intelligent system capable of notifying the instructor when the class was  
struggling to comprehend a difficult concept. However, this appreciation was frequently tempered by feelings of unease  
regarding the continuous surveillance of  their  facial  expressions.  Participants  articulated a clear  distinction between 
aggregate monitoring, where the instructor sees a general sentiment score for the entire class, and individualized tracking, 
where specific emotional states are tied to their personal identities. The qualitative data strongly suggested that adult  
learners are highly receptive to affective computing technologies provided that the data is strictly anonymized and utilized 
solely for collective instructional adjustments, rather than punitive behavioral tracking.

The second major theme highlighted the psychological validation that occurred when the affective computing system 
successfully mediated communication between the student and the instructor. Several participants recounted instances 
where they felt overwhelmed by the pace of the lecture but were too intimidated to manually utilize the raise hand feature 
or type a question into the public chat interface. In these scenarios, the automated detection of their confusion, aggregated 
with similar expressions from their peers, prompted the instructor to organically revisit the material. Participants described 
this experience as profoundly validating, noting that the technology successfully bridged the transactional distance of the 
virtual platform, making them feel seen and understood without requiring explicit self-advocacy. This theme directly  
explains the strong quantitative correlation observed between the system's responsiveness and the subsequent increases in 
self-reported emotional engagement [26].

The final theme emphasized the critical necessity for pedagogical transparency when deploying affective computing cues. 
Participants expressed significant frustration when they perceived a disconnect between the emotional data being collected 
and the instructional actions being taken. If a student was aware that they were visibly expressing confusion to the webcam, 
but the instructor continuously ignored the dashboard alerts and proceeded with the lecture, the technology became a source 
of alienation rather than connection. The qualitative narratives revealed that the mere presence of emotion tracking software 
is insufficient to improve engagement; it must be coupled with an explicit pedagogical commitment from the instructor to 
actively  integrate  the  affective  feedback  into  their  teaching  methodology.  The  learners  required  clear,  verbal 
acknowledgment from the educator that the system was being utilized to guide the flow of the virtual classroom, thereby  
fostering a collaborative atmosphere of mutual technological trust.

5. Discussion and Conclusion

5.1 Interpretation of Findings

The mixed evaluation presented in this study provides compelling evidence that the strategic integration of affective  
computing cues can fundamentally enhance the multidimensional engagement of learners within synchronous virtual 
classroom platforms. By triangulating robust quantitative sensor data with nuanced qualitative narratives, this research 
moves beyond the technical validation of emotion recognition algorithms to explore their practical, pedagogical utility.  
The findings demonstrate that continuous, automated tracking of facial expressions offers a highly accurate, real-time  
barometer of cognitive and emotional states, effectively replacing the non-verbal feedback mechanisms lost in the transition 
to digital learning environments. The strong positive correlations identified between system-detected affective valence and 
self-reported engagement metrics confirm that when learners experience positive emotional arousal, they are significantly 
more likely to invest sustained cognitive effort and exhibit active behavioral participation. 

Crucially, the qualitative dimensions of this study contextualize the statistical data, revealing that the success of affective 
computing is entirely dependent upon the human element of instructional responsiveness. The technology itself does not 
inherently cause engagement; rather, it serves as a powerful diagnostic tool that enables educators to implement timely,  
empathetic, and targeted pedagogical interventions. When instructors utilize the aggregate affective data to dynamically 
adjust their pacing, clarify ambiguous concepts, and validate the collective struggles of the class, they create a highly  
responsive virtual ecosystem. This responsiveness cultivates a strong sense of social presence and emotional connection, 
directly counteracting the pervasive feelings of isolation that often plague distance education. However, as the qualitative  
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themes forcefully illustrate, if the affective data is collected but ignored, or if it is utilized in a manner that violates student 
privacy expectations, the technology can rapidly precipitate profound disengagement and technological resistance.

5.2 Implications, Limitations, and Concluding Remarks

The implications of this research are highly significant for both the developers of virtual classroom platforms and the  
academic  institutions  deploying  them.  For  technologists,  the  study underscores  the  necessity  of  designing  affective 
computing interfaces that prioritize aggregate, anonymized data visualization. System architecture must be fundamentally 
aligned with privacy-by-design principles to ensure widespread user acceptance. For instructional designers and educators, 
the findings highlight an urgent need for comprehensive professional development programs. Faculty must be trained not  
only in the technical operation of affective dashboards but also in the pedagogical strategies required to translate emotional 
data into effective instructional action. The successful deployment of affective computing requires a paradigm shift from 
rigid, pre-planned online lectures to a highly agile, adaptive model of digital pedagogy.

Despite the robustness of the mixed-methods design, this study is subject to several limitations that warrant consideration. 
The research was conducted within a single university setting, and while multiple academic disciplines were included,  
the findings may not be universally generalizable to entirely different demographic populations or cultural contexts.  
Furthermore, the reliance on facial expression analysis as the primary modality for affective computing inherently excludes 
learners who may not exhibit neurotypical emotional expressions or those operating in environments with poor lighting  
and inadequate hardware. Future research must expand the scope of evaluation to include truly multimodal systems that  
integrate vocal intonation and postural tracking to create a more inclusive and comprehensive model of learner affect.

In conclusion, the integration of affective computing cues represents a critical evolution in the trajectory of virtual learning 
environments.  By systematically  illuminating the hidden emotional  dimensions  of  the  educational  experience,  these 
technologies offer an unprecedented opportunity to create online classrooms that are not only cognitively rigorous but also 
deeply  empathetic  and  engaging.  However,  realizing  this  potential  requires  a  delicate  balance  between algorithmic  
capability and pedagogical wisdom. As we continue to navigate the complexities of digital education, the ultimate measure 
of success for affective computing will not be its technical precision, but its capacity to foster genuine human connection 
in a mediated world.

References

1. Yan, Y.; Xu, R.; Zhao, Z.; Gao, T.; Shao, G.; Lu, X.; Wei, C.; Zhao, X. Integrating digital image analysis, flash GC E-nose, and SHAP-driven  
interpretable deep learning for non-destructive aging assessment of citri reticulatae pericarpium. Food Chem. X 2025, 30, 102927.

2. Lei, K.; Yuan, M.; Li, S.; Zhou, Q.; Li, M.; Zeng, D.; Guo, Y.; Guo, L. Performance evaluation of E-nose and E-tongue combined with machine 
learning for qualitative and quantitative assessment of bear bile powder. Anal. Bioanal. Chem. 2023, 415, 3503–3513.

3. Zhang, Y.; Liu, Y.; Li, H.; Cheng, C.; Jia, Z. MPFBL: Modal pairing-based cross-fusion bootstrap learning for multimodal emotion recognition.  
Neurocomputing 2025, 658, 131577.

4. Kuang, L.; Tian, X.; Su, Y.; Chen, C.; Zhao, L.; Ma, X.; Han, L.; Chen, C.; Zhang, J. Rapid identification of horse oil adulteration based on deep  
learning infrared spectroscopy detection method. Spectrochim. Acta Part A Mol. Biomol. Spectrosc. 2025, 330, 125604.

5. Zhou, S.; Lin, H.; Meng, J. Discrimination and chemical composition quantitative model of Raw Moutan Cortex and Moutan Cortex Carbon based on 
electronic nose and machine learning. Math. Biosci. Eng. 2022, 19, 9079–9097.

6. Pandey, V.K.; Srivastava, S.; Dash, K.K.; Singh, R.; Mukarram, S.A.; Harsányi, E. Machine Learning Algorithms and Fundamentals as Emerging  
Safety Tools in Preservation of Fruits and Vegetables: A Review. Processes 2023, 11, 1720.

7. Zhao, Z.; Wang, R.; Liu, M.; Bai, L.; Sun, Y. Application of machine vision in food computing: A review. Food Chem. 2025, 463, 141238.

8. Ding, H.; Tong, L.; Huang, Q.; Wang, X.; Ying, Q.; Ma, A.; Xiao, T.; Chen, M. Odor-Chemical Correlation-Based Quality Evaluation of Atractylodes 
macrocephala via Electronic Nose, HPLC, and Machine Learning. Biomed. Chromatogr. 2025, 39, e70212.

9. Nargesi, M.H.; Kheiralipour, K. Non-destructive prediction of sucrose, proline, ash, and fructose/glucose ratio in date syrup using hyperspectral  
imaging and machine learning. LWT 2025, 229, 118153.

10. Wang, L.; Yang, Y.; Li, J.; Dong, X.; Yuan, Q.; Zhou, T. Assessment of the ecological quality of P. heterophylla polysaccharides based on machine  
learning models. Ind. Crops Prod. 2025, 236, 121859.

11. Zeng, J.; Jia, X. Systems Theory-Driven Framework for AI Integration into the Holistic Material Basis Research of Traditional Chinese Medicine.  
Engineering 2024, 40, 28–50.

12. Chen, S.; Li, C.; Stull, R.; Li, M. Improved Satellite-Based Intra-Day Solar Forecasting with a Chain of Deep Learning Models. Energy Convers.  
Manag. 2024, 313, 118598.

13.  Xu,  M.;  Wang,  J.;  Zhu,  L.  The qualitative and quantitative assessment  of  tea  quality  based on E-nose,  E-tongue and E-eye combined with 
chemometrics. Food Chem. 2019, 289, 482–489.

14. Ren, C.; Wu, Y.; Zou, J.; Cai, B. Employing the Interpretable Ensemble Learning Approach to Predict the Bandgaps of the Halide Perovskites.  
Materials 2024, 17, 2686.

15. Wijaya, D.R.; Afianti, F.; Arifianto, A.; Rahmawati, D.; Kodogiannis, V.S. Ensemble machine learning approach for electronic nose signal processing. 
Sens. Bio-Sens. Res. 2022, 36, 100495.



Artificial Intelligence and Intelligent Systems Research   |   https://intellisci.org

Vol. 1, Issue 3 (2026) 83

16. Ren, G.; Wu, R.; Yin, L.; Zhang, Z.; Ning, J. Description of tea quality using deep learning and multi-sensor feature fusion. J. Food Compos. Anal.  
2024, 126, 105924.

17. Rajendran, G.; Raute, R.; Caruana, C. A Comprehensive Review of Solar PV Integration with Smart-Grids: Challenges, Standards, and Grid Codes.  
Energies 2025, 18, 2221.

18. Di Leo, P.; Ciocia, A.; Malgaroli, G.; Spertino, F. Advancements and Challenges in Photovoltaic Power Forecasting: A Comprehensive Review.  
Energies 2025, 18, 2108.

19. Zhang, J.; Wu, X.; Liu, S.; Fan, Y.; Chen, Y.; Lyu, G.; Liu, P.; Liu, Z.; He, S. Adaptive batch-fusion self-supervised learning for ultrasound image 
pretraining. Comput. Med. Imaging Graph. 2025, 124, 102599.

20. Wójcik, S.; Ciepiela, F.; Jakubowska, M. Computer vision analysis of sample colors versus quadruple-disk iridium-platinum voltammetric e-tongue 
for recognition of natural honey adulteration. Measurement 2023, 209, 112514.

21. Song, Y.; Jia, Z.; Yan, L.; Liu, Y.; Cui, Z.; Wang, Y.; Zhang, C. Exploring the material basis and formation pathways of the burnt aroma during the  
stir-frying process of Gardeniae Fructus using Sensomics and chemical components approach. Food Chem. X 2025, 29, 102690.

22.  European  Council,  Council  of  the  European  Union.  2025.  AI  Explained:  Uses  and  Impact.  Available  online:  
https://www.consilium.europa.eu/en/policies/ai-explained/ (accessed on 12 January 2026).

23. Özüpak, Y. Real-Time Detection of Photovoltaic Module Faults Using a Hybrid Machine Learning Model. Sol. Energy 2025, 302, 114014.

24. Lee, K.; Cho, I.; Kang, M.; Jeong, J.; Choi, M.; Woo, K.Y.; Yoon, K.-J.; Cho, Y.-H.; Park, I. Ultra-Low-Power E-Nose System Based on Multi-
Micro-LED-Integrated, Nanostructured Gas Sensors and Deep Learning. ACS Nano 2023, 17, 539–551.

25. Haider, S.A.; Sajid, M.; Sajid, H.; Uddin, E.; Ayaz, Y. Deep Learning and Statistical Methods for Short- and Long-Term Solar Irradiance Forecasting 
for Islamabad. Renew. Energy 2022, 198, 51–60.

26. Lu, Q.; Yi, M.; Jiang, J. Bioelectronic nose for ultratrace odor detection via brain–computer interface with olfactory bulb electrode arrays. Biosens. 
Bioelectron. 2025, 285, 117585.


