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Abstract
Background

Learning conversations, or dialogues aimed at deepening understanding and reflection, are deeply
influenced by emotions. Effective communication is influenced by emotional intelligence - the ability to
recognize, understand, and manage both one’s own and others’ emotions. While advances in artificial
intelligence (AI) offer new tools for emotion recognition, these technologies still struggle with accurately
interpreting subtle and culturally diverse emotional expressions, sparking debate about their reliability
and effectiveness. This article provides a comparative analysis of human versus Al recognition of
emotions during an end-of-course reflective learning conversation.

Methods

Emotions during a structured post-conference debriefing were analyzed and coded by MorphCast (“Al
data”) in real time and human researchers (“peer data”) from a video recording of the conversation in
which audio was removed. Each individual in the learning conversation also self-assessed and coded their
own emotions (“self data”) from the same recording. The Al and peer data were compared to the self data.

Findings

The Al dataset captured a wider range of emotions - including anger, sadness, and disgust - not detected by
Self or Peer assessments, which predominantly identified happy and neutral emotions. Happiness was
lower in MorphCast assessment (20.86%), higher in human assessment (59%), and highest in self-
assessment (65%).

Conclusions

Human identification was more similar to self-identification of emotions during the learning conversation
than Al Al identified a broader range of emotions, especially negative ones which were largely absent in
self- and peer-reports that leaned toward happy and neutral states. These differences highlight how AI,
lacking contextual understanding and relying solely on facial cues, may misinterpret emotions compared
to humans who integrate verbal, situational, and social information into their assessments.

Categories: Al applications, Explainable Al
Keywords: artificial intelligence, simulation, debriefing, emotions, learning conversations

Introduction

Learning conversations - dialogues aimed at deepening understanding and reflection - are an essential
part of the learning process. Effective learning conversations rely on the skill of the facilitator to perceive
[1-2] and interpret the emotional dynamics within a group [2-3]. The skill of being able to accurately
perceive the emotional state of oneself and others during a meaningful conversation depends on a
person’s emotional intelligence (EI), which includes the ability to identify, understand, express and
manage effective use of emotions to interact with others [4]. Emotion recognition, an important part of EI,
involves recognizing both one’s own and others’ emotional states, which is essential for meaningful and
effective communications and understanding [1].

In simulation-based education, the facilitator’s recognition of the emotional dynamics of the group
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supports the individual and collective cognitive processes of learning that occur in the simulation process
[1-3]. Learners in simulation often experience intense emotions, which can positively or negatively impact
their learning outcomes [2,5-6]. While frameworks are being developed to aid facilitators in responding to
learners’ emotions during debriefing, they hinge upon the facilitator’s ability to recognize and identify
their learners’ emotional states [6]. During feedback conversations (e.g., debriefing following a
simulation), facilitators who have high EI are in a better position to recognize, understand, and manage
emotions of their learners, but the process of identifying and interpreting emotions in real time remains
challenging [7] and requires constant attention and awareness [1,4]. The facilitator must navigate
ambiguous signals, be aware of personal and cultural biases, make rapid judgments, and incorporate
complex contextual information, all of which can easily lead to misunderstandings or errors that can
negatively impact learners [3,8]. The ability to correctly identify emotions, therefore, is critical in guiding
learning conversations.

Virtual learning conversations (e.g., online conferencing) add further complexity in the process of
identifying and navigating emotions. Virtual conferencing as a tool for teaching and learning has been
adopted as a mainstream practice as a result of the COVID-19 pandemic. The concept of "digital emotional
intelligence" is evolving to highlight the importance of developing skills to help individuals interpret
emotional cues in virtual settings [9]. Research indicates that online interactions, compared to in-person,
can be fraught with communication misperceptions due to the difficulty of recognizing and interpreting
emotions when using a virtual platform [10].

Artificial intelligence (AI) systems have been developed to enhance human-machine interactions by
detecting, classifying, and interpreting human emotional states through facial recognition [11]. AI
emotion tracking programs arose in response to the desire for technology to assist in sensing,
interpreting, and responding to human emotions across diverse applications - from healthcare and
customer service to marketing and workplace productivity - fostering more empathetic, personalized, and
effective interactions. Al could significantly enhance the facilitation of learning conversations if they are
accurate. However, there is debate as to how well Al understands and can interpret human emotions.
These tools first identify and track faces, then detect facial landmarks, evaluate changes in these
landmarks, and then classify the data [11]. Multiple companies have developed proprietary algorithms for
this process, many of which use standardized facial expression databases designed to include a diverse
range of ages, ethnicities, genders, and races [7].

MorphCast Emotional Tracking [12] is Al that detects human emotions in the context of facial expression
recognition [11]. MorphCast AI’'s emotion recognition model is trained using custom datasets including
BU-4DFE - a high-resolution 4D facial expression database containing dynamic 3D sequences of six basic
emotions from over 100 diverse subjects representing a wide diversity of ethnicities, ages, and genders,
including Asian, Black, Hispanic/Latino, African American, and White populations [11]. Researchers
suggest that Al does not take into consideration more subtle expressions and the various degrees of
emotions [8]. Cultural differences in emotional expression are recognized as a broader challenge in Al
empathy [13].

With the emergence of Al emotion tracking, comparative testing of human judgement versus Al analysis
in the context of emotion recognition is needed prior to determining accuracy for research purposes. This
study aimed to explore the accuracy of emotional analysis made by human observers, as measured by
participants’ self-assessed emotions during an end-of-course reflective learning conversation (or post-
course debriefing) compared to Al Specifically, we examined 1) whether each dataset (Al, Peer, Self)
captured a variety of emotions; 2) the predominant emotion in each dataset; 3) whether the datasets
suggested a tendency toward positive, neutral, or negative affect; and 4) the frequency of transitions
between emotions.

Theoretical underpinnings of emotion recognition

This study draws upon three primary theoretical frameworks from the fields of organizational psychology,
emotion science, and educational psychology: Affective Events Theory (AET) [14], Russell’s Circumplex
Model of Affect [15], and Brain-Based Learning Theory [16]. Together, these theories provide a foundation
for understanding the variability of emotions in the learning context, the role of emotions in learning
conversations, as well as the comparative effectiveness of human versus Al in recognizing those emotions.

AET, originally developed by Weiss and Cropanzano [14] for organizational behavior, is used to understand
emotional dynamics in educational environments. This theory posits that any classroom event (e.g.,
receiving feedback, participating in discussions, or facing academic challenges) triggers emotional
reactions in students and teachers. These emotional responses are influenced by individual differences
(e.g., personality, mood, and prior experiences), leading to a wide range of emotions even in response to
the same event. This variability is further amplified by differences in EI and the unique ways individuals
interpret and process classroom events.

Russell’s Circumplex Model of Affect offers a widely accepted dimensional approach to emotion
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classification, organizing emotional experiences along two continuous axes: valence (pleasure to
displeasure) and arousal (activation to deactivation) [15]. This model enables a nuanced understanding of
emotion by capturing both the quality and intensity of affective states. Its strength lies in its
generalizability across cultures, making it particularly relevant when assessing the capabilities of Al
systems, which may be limited in interpreting culturally specific emotional cues. The Circumplex Model
serves as an analytical lens for comparing the emotional data collected by AI, human observers, and self-
analyses, particularly in terms of the trends observed in positive versus negative affect and the intensity of
emotional responses.

Complementing this, Brain-Based Learning Theory [16] emphasizes the critical role of emotion in learning
processes. According to this theory, emotional and cognitive functions are deeply intertwined. Emotions,
whether positive or negative, directly influence how learners absorb, retain, and apply information.
Positive emotional states are shown to facilitate higher-order thinking and deep learning, while negative
emotions - especially those that trigger stress responses like fight or flight - can inhibit cognitive
functioning and block meaningful learning. This theory highlights the educator’s role as a mediator of the
emotional climate, suggesting that recognizing and responding to the emotional states of learners is
essential for creating psychologically safe and effective learning environments.

AET acknowledges the emotional nature of learning, Russell’s model [15] provides a structure for
interpreting the type and intensity of emotions, while Brain-Based Learning Theory [16] underscores the
educational implications of those emotional states. By integrating these conceptual frameworks, this
study situates emotion recognition - whether by human educators or Al tools - as a critical component of
learning conversations that has a natural variability of emotions. These theoretical frameworks were used
to provide a foundation for the study’s design and interpretation of results, serving as theoretical lenses-
not as sources of formal, theory-driven predictions.

Materials And Methods

We used a repeated measures design using three datasets (Al, peer, and self) to compare the accuracy in
the identification of emotions made by human observers versus Al, as measured by participants' self-
assessed emotions and peer-assessed emotions, during an end-of-course reflective learning conversation
(or post-course debriefing).

Sample

Participants were from a non-random convenience sample of post-licensure practicing providers and
educators in health professions education enrolled in a healthcare simulation research course. All five
participants of the course took part in this study. Participants did not know each other prior to the course.

Setting

The study took place during an in-person continuing education course on April 3, 2025, in Boston,
Massachusetts.

Institutional review board

The study was deemed exempt by the MGB Institutional Review Board, as it was a planned educational
session of a professional development course intended to inform the course program and curricula.
Consent forms for the study, including recordings, were signed by all participants.

Instruments used

In this study, we utilized a paid version of MorphCast EmotionalTracking [12] Al, a commercial, cloud-
based facial recognition and emotional detection system that embeds in video-conferencing. Dupré et al.
[11] evaluated MorphCast’s performance using video-based posed and spontaneous emotional
expressions, reporting moderate interrater reliability among the automatic classifiers (Fleiss’ Kappa =
0.47, p <.001). MorphCast is grounded in the widely accepted work by Ekman and Rosenberg [17] and
Russell [12,15,18-20]. Zoom MorphCast overlays the Zoom Video Conferencing platform [21].

Procedures

Participants engaged in an experiential in-person course, consisting of simulation scenarios, debriefings,
a focus group, and group work, all designed to promote professional development in healthcare simulation
research (see Figure 7). The day concluded with a 15-minute group reflection session aimed at creating
shared learning and discussion. The structure of the reflection included a) reactions to the day, b)
reflection on things that you feel are effective and the reason you feel that way, c) reflection on things that
you feel need to be improved in the course and the reason you feel that way, and c) takeaways from the
day. In order to employ MorphCast, video-conferencing and recording of the session were conducted using
Zoom [21]. The recorded session was uploaded to Vosaic [22], a video-coding and analysis platform
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designed for detailed review of recorded interactions. The platform allows researchers to perform frame-
by-frame coding and generate time-stamped, exportable datasets for quantitative analysis. All
participants independently joined Zoom by relocating to different areas of the building, ensuring
sufficient distance to prevent audio interference. The end-of-day discussion was held via Zoom for study
purposes. The session provided an opportunity for both personal and group-level reflection on the
emotional experiences elicited throughout the day’s activities. This final video conferencing session
served as the learning conversation analyzed for this study.

 All participants gathered in person for a structured prebriefing session. Objectives, expectations, and psychological
safety were established to prepare participants for upcoming simulation activities.

* Participants engaged in a cardiac resuscitation simulation designed to replicate real-world clinical
situations.

= After the simulation sessions, participants took partin in-person focus group discussions to processinitial reactions
and share immediate insights.

= At the end of the day, participantstransitioned to an end-of-dayvirtual reflective learning conversation. Each participant b
independently connected from their own remote location to engage in reflection, focusing on personaland group
emotional experiences throughout the day.

» Emotion Recognition assessment by MorphCast occurred in real-time.

+ The virtual reflective learning video recording was uploaded to Vosaic, a video-coding platform.

« Emotion Recognition coding was pleted in Vosaic by peer (participant coding of peer) and self (participant coding of
self).
N\
+ Comparative analysis was conducted b thethree d Al-d d emotions, peer-assessed emotions, and

self-assessed emotions.

CaEeddadada

FIGURE 1: Study Schema

Researcher demographics

All researchers except JCP and MWS had no previous training or research experience in EI. MWS is a
human factors psychologist with experience studying nonverbal behavior. JCP has been trained in and
teaches courses in EI and has conducted previous studies focused on EI and expressions. Researchers were
of mixed professions and gender.

Data collection

As illustrated in Figure I, Study Schema, MorphCast’s EmotionalTracking [12] collected real-time data on
participants’ emotion categories and generated .csv files of each participant’s emotional profile during the
recorded session. A code book of 11 emotions was created in Vosaic to match the 11 emotions reported in
the MorphCast generated report. The coding categories included happy, sad, surprise, angry, fear,
frustrated, bored, satisfied, self-confident, neutral, and disgust. This file was uploaded to MGB Business
DropBox [23] for analysis and was accessible only to the researchers. We refer to this dataset as “Al”.

The Zoom video recording was downloaded from Zoom and uploaded to Vosaic, a video-coding software
designed for video-based feedback and analysis [22]. Because MorphCast does not evaluate audio or verbal
intonation, the audio was removed from the original recording before uploading a “no audio” version to
Vosaic.

Rater training occurred by providing the researchers with a separate (non-study) video demonstration
that explained the objectives of the coding activity, offered instructions on using the Vosaic software, and
demonstrated how to apply each of the codes of emotion. The aim of the study was to analyze initial
variability in coding; thus, we did not conduct inter-rater reliability training.
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Six researchers were randomly assigned a peer to observe and code. Each researcher individually viewed
the “no audio” recording of the end-of-day reflective learning conversation, simultaneously coding for
emotions of their assigned peer. We refer to this as the “Peer” data.

Participants also individually viewed the recording of the end-of-day reflective learning conversation to
code their own emotions retrospectively. Because this was one of the study conditions and we aimed to
capture accurate emotions during the conversation, participants coded the video with audio. We refer to
this as “Self” data.

Vosaic generated the .csv files used for analysis. These files were also uploaded to MGB Business Dropbox
for comparative analysis.

After all coding activities were completed, the research team collectively cleaned and prepared the
datasets for analysis. This entailed removing non-relevant columns from the MorphCast data, ensuring all
emotion categories were correctly included, excluding low-frequency or non-relevant emotion categories,
matching category labels across datasets, aligning timestamps, and generating consolidated Excel sheets
with emotion percentages for comparative analysis. This data preparation was completed under the
guidance of a statistician to ensure the dataset was accurate, complete, and ready for the comparative
analysis.

Analysis process

Emotions during the end-of-course reflective learning conversation were analyzed by MorphCast (“Al
data”), which collected data in real time during the live session, and by human researchers (“peer data”)
who retrospectively coded emotions by reviewing the video recording of the same learning conversation.
Each individual in the learning conversation also assessed and coded their own emotions (“self data”)
from the recording. The AI and peer data were compared to the self data. The seven most frequent
categories identified by Morphcast (angry, disgust, fear, happy, neutral, sad, surprise) were used for
analysis. Four lower-frequency categories (bored, frustrated, satisfied, and self-confident) were excluded
due to minimal occurrence across datasets, which limited their usefulness for meaningful comparative
analysis.

Basic comparative analysis of coding frequencies was conducted using Excel [24]. Comparisons between
conditions were analyzed using R version 4.5.0 [25]. A Friedman nonparametric test for repeated measures
was used to analyze differences between the conditions, given that the same individuals were analyzed in
three groupings. To calculate skewness, categories were grouped into positive emotions (happy) and
negative emotions (angry, disgust, fear, sad); surprise and neutral were excluded. Skewness of the
participants’ average time spent in positive versus negative categories was calculated using the skewness
function from the e1071 package in R [26].

To best answer our research aim, we sought the following specific sub-analyses:
Did each dataset (Al, Peer, Self) capture a variety of emotions?

How many different emotions were captured?

Were there any emotions identified by Al and not by peer or vice versa?

What were the similarities and differences of emotional percentages?

What was the predominant emotion in each dataset (A, Peer, Self)?

How similar or different was AI when compared to Self?

How similar or different was Peer when compared to Self?

Did any of the datasets (Al, Peer, Self) suggest a tendency in expressive variance (e.g., skew toward
neutral, positive, or negative emotion)?

What is the frequency of transitions in emotions in each dataset (Al, Peer, Self)?

Sample demographics

There were five participants in the study with no previous training or research experience in EI, or formal
training in acting. All five participants were post-licensure clinicians with faculty roles. The study was
open to individuals of all genders; however, the final participant group consisted entirely of women. The
participants were not familiar with each other prior to joining the course.
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Results And Discussion
Experimental setup

This pilot study analyzed emotions displayed during a 15-minute end-of-course reflective learning
conversation among five participants. Each participant’s emotional expressions were recorded using Zoom
and analyzed in three ways: (1) in real-time by MorphCast Al software (“Al” data), (2) by a randomly
assigned peer reviewer coding the same video without audio (“Peer” data), and (3) by the participant
reviewing their own video with audio and coding their emotions (“Self” data). All analyses used a common
set of 11 emotion categories. The primary was to compare emotion identification across datasets.

Sub-analysis 1: Did each dataset (Al, Peer, Self) capture a variety of
emotions?

1.a. How many different emotions were captured?

Self resulted in identification of three emotions: happy, neutral, and surprise. Peer evaluation captured
five emotions: disgust, happy, neutral, sadness, and surprise. Al identified three emotions: happy, neutral,
and surprise (Figure 2).

1.b. Were there any emotions identified by Al and not by Peer or vice versa?

Al identified angry in 12.41% of expressions, disgust in 10%, and sadness in 16.34%, while neither Self nor
Peer identified these negative emotions (Figure 2).

1.c. What are the similarities and differences of emotional percentages?

There was a significant difference in the emotional percentages between groups in happiness (x2 = 7.6, df
=2,p=.02), anger (% = 10, df = 2, p =.007), disgust (x % = 10, df = 2, p =.007), fear (x 2 = 10, df = 2, p =.007),
and sadness (x2 = 10, df = 2, p =.007) (Figure 3). For happiness, Self and Peer reported much higher
percentages than Al The differences for anger, disgust, fear, and sadness were due to the absence of
reported time for Self and Peer. In group analysis, the majority of Self and Peer emotions were identified as
happy (72% in self, 59% peer) and neutral (27% self, 39% peer) (Figure 2). Al identified neutral (24%),
happy (20.86%), and sad (16.34%) as the most prevalent emotions (Figure 2).

Al Self Peer

FIGURE 2: Group Percentages (Means)
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Group Al Peer
%Happiness (Median, (IQR)) 10.81(10.23,29.6) 55 (54,66)
%Neutral (Median, (IQR)) 24.88 (18,30.7) 41 (30, 46)
%Anger (Median, (IQR)) 6.2 (3.5,11.96) 0(0,0)
%Disgust (Median, (IQR)) 13.66 (1.7, 17.55) 0(0,0)
%Fear (Median, (IQR)) 6.17 (2.34,9.34) 0(0,0)
%Sadness (Median, (IQR)) 27 (19.55,27.6) 0(0,0)
%Surprise (Median, (IQR)) 9.46 (4.96,10.1) 0(0,4)

Self
70 (52, 83)
30 (17, 42)
0(0,0)
0(0,0)
0(0,0)
0(0,0)

0(0,0)

TABLE 1: Median Percentage of Time in Each Emotional State (Median, IQR)

An asterisk (*) next to the P-value indicates statistical significance. P-values were obtained using the Friedman test.

Al, Artificial Intelligence; IQR, Interquartile Range

P-value

0.02*

0.2

0.007*

0.007*

0.007*

0.007*

0.056

Sub-analysis 2: What was the predominant emotion in each dataset

(Al, Peer, Self)?

2.a. How similar or different was AI when compared to Self?

For each individual, Al identified fewer happy emotions than Self and identified between three and six
additional emotions than Self (Table 7). Sad, disgust, fear, and anger were identified in all participants by

Al but not in Self (Table 7).

2.b. How similar or different was Peer as compared to Self?

Peers generally (i.e., four of five cases) identified 0-1 additional emotions as compared to Self, and Self-
identified additional emotions in one of the five cases (Table 7). The overall percentage of time in an
emotional state was similar between Self and Peer (65% vs. 59% happy and 32% vs. 39% neutral,
respectively, compared to Al at 20.86% happy and 24.13% neutral) (Figure 2).
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The specific emotional breakdown for each participant across datasets is detailed in Figure 3. This
illustrates how Al identified more varied emotional states compared to Peer and Self, which primarily
reported happiness. In all five cases, Al detected emotions not recognized by the participant or their
assigned peer reviewer.

Sub-analysis 3: Did any of the datasets (Al, Peer, Self) suggest a
tendency in expressive variance (i.e., skew toward positive or negative
emotion)?

Al analysis skewed towards negative emotions, with anger, disgust, fear, and sadness comprising 45% of
group emotion with a strong negative skewness (skew =-32.7), compared to 1% in Self and none in Peer
(Figure 4). Positive emotions (happiness) composed only 20% of emotional states in Al analysis vs. 65%
self and 59% peer (Figure ). Self and Peer demonstrated strong positive skewness (71 and 59,
respectively).
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FIGURE 4: Skewness Toward Positive or Negative Emotional States by
Participants’ Time Per Group

The skewness of emotional distribution is illustrated in Figure 4, which clearly shows a strong negative
skew in the Al dataset and a positive skew in the Peer and Self datasets. This visualization supports
quantitative findings that Al disproportionately identified negative states (e.g., sadness, disgust, anger),
whereas human-coded datasets leaned toward positive emotional affect, primarily happiness.

Sub-analysis 4: What is the frequency of transitions in each dataset
(Al, Peer, Self)?
Transitions, defined as timepoints where an individual was observed to change from one emotion to

another, were highest in peers (mean = 16£7), followed by AI (mean = 12+2.2), and lowest in self-
observations (1*0.7) (Figure 5).
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FIGURE 5: Forest Plot of Coding Transitions (Mean, Standard Deviation)

Figure 5 highlights peer observers may over-interpret subtle emotional shifts, whereas participants self-
reported relatively stable emotional states.

Discussion

This study compared how AI, human observers, and individuals themselves recognized emotions during
an end-of-course reflective learning conversation. The analysis showed that Al detected a wider range of
emotions, including more negative ones like anger, disgust, and sadness, which were largely absent in the
peer and self-analyses which skewed toward positive and neutral emotions. While peer- and self-assessed
data aligned closely, Al results differed significantly (p = .05 in six out of seven emotional states), showing
a strong bias toward negative emotional states and identified emotions not perceived by humans.

Al versus human interpretation

Al analysis differed notably from the researchers' interpretation of facial expressions, particularly in its
ability to categorize a broader range of emotions. According to Ballesteros et al. [27], emotions such as
anger, disgust, fear, and sadness are inherently more difficult to identify, as highlighted in Russell’s
Circumplex Model [15,28]. Similarly, Solis-Arrazola et al. [29] found that emotions like sad, neutral, and
angry pose challenges for both Al and human detection. However, in this study, Al demonstrated a
heightened sensitivity to subtle emotional cues, identifying emotions, such as disgust, that were not
recognized by humans. This discrepancy may be attributed to the difficulty that humans have in detecting
microexpressions, or brief, involuntary fleeting facial expressions that last less than half a second but
reveal genuine emotions [30]. It may also be attributed to the human’s lack of formal training in body
language, including microexpressions, and emotion recognition. Research consistently demonstrates the
critical importance of context in emotion perception and processing [27,31]. Studies show that contextual
information, including environment, voices, and cultural/organizational factors [32], influence how
emotions are perceived. Ignoring context can lead to inaccurate emotion recognition [33]. Furthermore,
individual differences in environmental sensitivity, such as sensory processing, affect how people respond
to positive and negative contexts [34].
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While Al detected a higher frequency of negative emotions compared to human observers, human
observers identified significantly more expressions of happiness than the Al did, both in peer and self-
analysis. Research indicates that humans have a critical need to be seen as happy and to report happiness
[35], influenced by social biases [36-37]. People tend to overestimate positive events and underestimate
negative ones, exhibiting an optimism bias [35]. Social desirability bias leads individuals to portray
themselves more positively than objectively observed [36]. Self-enhancement motivation distorts self-
reports of subjective well-being, resulting in more positive assessments [37].

Human coding alignment despite audio context

Unlike the AI- and peer-analysis, the participants reviewed recordings that included both visual and verbal
cues, allowing them to interpret emotions using facial expressions, tone of voice, and contextual
information. This difference allowed participants to shape their coding decisions by additional sensory
and contextual input, while AI- and peer-analysis were constrained to facial interpretation alone. Holland
et al. [38] evaluated facial mimicry - or the ability to portray emotions for the purpose of emotional
recognition - and stipulated that mimicry occurs as a result of creating an opportunity for social bonding
and affiliation with the group demonstrating positive versus negative emotions. Interestingly, Holland et
al. found that a significant correlation of facial mimicry was evident among females [38]. The participants
in this comparative analysis were all female.

Emotion

Our findings suggest that human observers better approximated self-reported expressions in identifying
spontaneous expressions than Al, underscoring the need to further validate and refine Al tools for real-
world emotion detection. This is similar to prior studies, which have shown that Al performs significantly
better at identifying posed expressions with sensitivity and precision dropping as low as 27-48% for
spontaneous emotions [11,39]. Gaya-Morey et al. [40] found that humans and Al tend to focus on different
facial areas when identifying emotions, raising concerns about how Al is “learning” to interpret affective
cues.

Biases in human versus Al emotion interpretation are still not well understood. Jindal and Singh [41]
suggest that multimodal AI that combines visual, auditory, and other sensory inputs is more accurate than
single-modality systems in detecting microexpressions and subtle emotional shifts. Additional factors like
lighting, camera angle, distance from the subject, and environmental context also influence Al accuracy
[12]. In our study, we did not evaluate these variables and so cannot control for these effects. Lomas et al.
[42] emphasize that emotional expression can vary depending on the Al used and the specific emotions
being analyzed. Jindal and Singh [41] further note the importance of vocal tone, speech patterns, and body
language in emotion recognition. The use of multimodal AI may eliminate the level of biases seen in Al
Future studies may better evaluate the impact of these factors.

Limitations

This study has several limitations. First, the design was restricted by the available tools. For best
comparative analysis, we were limited to the MorphCast-coded emotion categories, and only later realized
the system offered an extended range of emotions beyond those originally coded. Second, Al dynamically
assessed facial expressions on a minute-by-minute basis and human coders were less likely to apply
emotion codes unless there was a noticeable or obvious change in facial expression, introducing a
potential underrepresentation of microexpressions. Third, self-assessment may carry retrospective bias
where participants' memories and interpretations of their emotions may not always align with their actual
in-the-moment expressions, creating inconsistency between the self-reported data and the observed data
[43]. The self-analysis was coded with audio, providing context that may have changed the analysis of peer
and Al Additionally, the peer-analysis was initially coded with audio in March, then recoded in May
without audio when we discovered that MorphCast only coded using facial recognition. This potentially
influenced the way emotions were perceived and coded. Finally, participants were not prompted to code at
any certain interval, which might have ensured that humans coded observations consistently, improving
the consistency and comparability of the data across participants and to Al The lack thereof potentially
affected the accuracy and completeness of coded data.

While the study involved practicing clinicians and higher education faculty, the small nonrandom
convenience sample, single virtual reflective learning conversation, and all-female composition provide
only suggestive evidence of the difference between human and Al interpretation of emotions. While no
prior personal or professional relationships existed between the participants and the researchers, all were
taking part in an in-person course together, which may introduce bias.

A key limitation in any emotion recognition study is that outward expressions do not always reflect an
individual’s true emotional state. People often mask their genuine feelings due to social norms, cultural
expectations, or emotional self-protection [11], which can lead to misinterpretation by both Al and human
observers. As a result, relying solely on facial expressions or observable cues may oversimplify the
complexity of actual emotional experiences.
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Future directions

Given the rapid advancement of Al capabilities and the critical role of emotions in learning conversations,
continued research is both urgent and essential to ensure responsible development and application, as
well as effective technology-assisted education. This may include manipulation of Al through
standardized interventions during the conversation for specific reactions and accuracy testing. The
identification of use cases may also inform Al developers and industry partners. For example, future
applications might include wearable AI devices, such as smart glasses equipped with emotion recognition
technology to provide real-time emotional feedback during conversations. Opportunities for future
research in this area are vast. Further exploration of the integration of multimodal AI that incorporate
auditory, contextual interpretation, and verbal cues alongside facial recognition is needed to more
accurately reflect how humans interpret emotions in real-world interactions. Expanding the dataset to
include larger and more diverse participant groups (i.e., gender, age, and culture) could improve
generalizability and help identify patterns in emotion recognition variance. Training human coders in
recognizing microexpressions and providing structured prompts during analysis could reduce subjective
bias and improve coding consistency. Additional research should also investigate how contextual
understanding influences emotional interpretation, especially in human participants who may rely more
heavily on tone, language, and situational cues. Finally, future studies should examine the ethical
implications of AI’s heightened sensitivity to negative emotions, particularly in educational and clinical
settings, and assess how Al-detected emotional data can be responsibly used without reinforcing
misinterpretation or bias.

Conclusions

While Al like MorphCast shows promise in emotion recognition, they currently lack the nuance and
contextual understanding that human observers bring. Further research and more advanced training
models are essential to improve AI’s ability to accurately interpret both posed and spontaneous emotional
expressions. Until then, human interpretation remains the more reliable approach in emotionally complex
learning environments.
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