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Abstract
The rapid evolution of artificial intelligence (AI) and the Internet of Things (IoT) is reshaping language assessment practices,
yet most AI-driven approaches remain limited in their ability to recognize the affective dimensions that shape learner perfor-
mance. This study explores how real-time emotional and physiological signals—such as heart rate variability and facial
expressions—can be integrated into AI-mediated oral assessment to enhance fairness, validity, and learner support. Using a
combination of generative AI (GPT-4), OpenAI Whisper, affective computing, and IoT-enabled biofeedback, an experimental
platform was developed to capture and respond to learners’ emotional states during speaking tasks. Grounded in Weir’s
sociocognitive validity framework and Shneiderman’s human-centered AI principles, the study involved 24 intermediate
English learners and examined the correlation between affective data and oral performance, the alignment between AI and
human scoring, and learner perceptions of fairness and emotional support. Results showed that emotional states significantly
impacted language output and that integrating affective input improved the alignment between AI and human ratings, particu-
larly in fluency and coherence. Participants generally perceived the system as transparent and empathetic but raised concerns
about emotional surveillance and data privacy. The findings contribute to emerging discussions on human-centered assess-
ment design by highlighting how affective responsiveness in AI-supported assessment can foster interpretive fairness, reduce
performance anxiety, and support learner agency.

Plain Language Summary

How AI Can Understand Learners’ Emotions to Make Language Tests Fairer

This study looks at how learners’ emotions, such as stress or calmness, can affect how well they perform during
speaking exams in English. Traditional language tests and even new AI-based tests often ignore how nervous or anxious
a learner feels, even though these emotions can impact their ability to speak clearly or fluently. To explore this, the
researcher created a speaking test system using artificial intelligence (AI), speech recognition, and wearable devices that
track things like heart rate and facial expressions. These tools helped the system notice how learners were feeling while
they spoke. The study involved 24 university students and compared scores from the AI with scores from human
teachers. The results showed that when the AI took emotions into account, it gave scores that were closer to what
human teachers would give. Learners also said the system felt more supportive and fair, although some were worried
about privacy and how their emotional data was used. This research helps us think about how future language tests
could be more human-centered, taking into account not just what learners say, but how they feel while saying it.
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Introduction

The integration of Artificial Intelligence (AI) and the
Internet of Things (IoT) has rapidly advanced educational
technologies, leading to increasingly sophisticated systems
for instruction, feedback, and assessment. These develop-
ments have made the use of large language models (LLMs)
in language teaching even more appealing. Thanks to
LLMs, it has become possible to automate speaking assess-
ments, create personalized learning pathways, and generate
instantaneous scoring (Emirtekin, 2025). However, despite
these advances, the affective dimensions of learning—emo-
tions, stress, and engagement—which critically shape stu-
dents’ cognitive performance, are largely overlooked.

Regarding speaking skills in particular, it is well estab-
lished that evaluating a language involves more than linguis-
tic accuracy; it also requires managing anxiety, motivation,
and interpersonal responsiveness. Contemporary validity
frameworks (Bachman & Palmer, 2010; Weir, 2005a) place
increasing emphasis on the characteristics of test takers and
the consequences that assessments may produce (Xi, 2010).
Yet in practice, test design often applies these principles only
narrowly, prioritizing psychometric efficiency over learners’
real-time emotional responses (Fulcher, 2015). One likely
reason for this is the persistent mismatch between the ele-
ments that are theoretically endorsed and the realities of
implementation.

Building on this gap, the present study proposes a
responsive assessment framework that integrates affective
computing, generative artificial intelligence, and IoT-
based biofeedback to create emotionally attuned, fair,
and valid evaluation environments sensitive to learners’
real-time physiological and emotional states. The pro-
posed responsive framework comprises three compo-
nents: (a) multimodal emotion detection (HRV and facial
expressions), (b) AI-supported scoring using GPT-4 and
Whisper, and (c) a feedback system capable of adapting
to the learner’s emotional state during speaking tasks.

Literature Review

Generative AI in Speaking Assessment

AI, particularly LLMs such as GPT-4, has emerged as a
promising force in language education. These systems are
being integrated into language classrooms, supporting
educators in creating original communicative tasks, gen-
erating natural dialogs, and providing adaptive feedback
based on real-time student input (W. M. Lim et al., 2023).
Moreover, generative AI enables the instantaneous and
personalized creation of learning and assessment materi-
als, which makes it highly applicable in both formative
and summative assessment contexts. Moreover, these sys-
tems have offered dynamic and creative applications that
go beyond traditional teaching and assessment formats

(Fui-Hoon Nah et al., 2023; Trust et al., 2023). This is
because the technology can simulate dynamic oral and
written tasks, adjust the level of difficulty according to
the student’s performance, and provide instant feedback
that reflects not only linguistic accuracy but also discourse
structure and communicative intent (Liang et al., 2023;
Su & Yang, 2023).

Although these tools are generally discussed for their
pedagogical benefits, a growing body of literature focuses
explicitly on automated scoring. Studies in this area exam-
ine how well AI-produced scores align with those given by
human raters and whether such systems can uphold stan-
dards of reliability, validity, and transparency. Recent
research (Barrot, 2024; Bui & Barrot, 2025; Mizumoto &
Eguchi, 2023) consistently emphasizes the need for scoring
models to meet psychometric requirements and avoid sys-
tematic bias across learner groups. In this sense, generative
AI is framed not as a task creation tool but as a scoring
engine whose behavior must be carefully monitored and
calibrated. Following this line of research, the present
study explores whether adding affective information—
such as HRV readings and facial emotion signals—can
support fairness in automated oral scoring. Fairness is
approached through two practical dimensions: procedural
fairness, which relates to learners’ understanding and con-
trol of data use; and interpretive fairness, which concerns
whether emotion-aware scoring reduces construct-
irrelevant penalties. Measurement invariance, although
important in automated scoring, could not be investigated
here due to sample size limitations.

Considering the questions raised about AI tools’ align-
ment with human evaluative standards and their ability
to account for contextual, emotional, and individual lear-
ner differences (Burstein et al., 2021; Floridi & Chiriatti,
2020), this study argues that generative AI should be
viewed not as a replacement for human judgment in lan-
guage assessment, but as a supportive tool embedded
within an ethically guided learning ecosystem. In other
words, it positions AI not merely as a tool, but as a com-
ponent that participates in the learning process and helps
create sensitive, fair, and pedagogically grounded assess-
ment experiences. As language education continues to
evolve in tandem with technological advances, the inte-
gration of generative AI into assessment should be criti-
cally and systematically conceptualized to ensure it
supports learner agency, creativity, and meaningful
communication.

IoT and Affective Computing in Educational Contexts

The integration of the IoT and affective computing into
education has fundamentally changed the way learning
environments are designed and implemented. In educa-
tional settings, IoT has evolved beyond mere
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infrastructure improvement; it has become a structure
that collects data on students’ behavioral, cognitive, and
physiological responses through smart classrooms
equipped with sensors, wearable devices, and adaptive
systems (Marquez et al., 2016). These systems offer
dynamic and personalized learning experiences by adjust-
ing the learning pace, content, and support provided
according to students’ individual learning profiles (Cheng
& Liao, 2012). Smart watches, cameras, and microphones
can now continuously monitor heart rate variability
(HRV), facial expressions, and voice tone; all of these
indicators are associated with cognitive load and stress
(Picard, 2003). Such data sources enable affective com-
puting systems that can interpret and respond to users’
emotions; although promising in terms of personalized
learning and participation monitoring, they are still
underutilized in the assessment context. IoT refers to the
ability of connected devices to communicate autono-
mously and exchange data, enabling real-time monitoring
and analysis of user behavior in various fields, including
education (Khan et al., 2021). IoT-based educational plat-
forms have also supported language teaching by provid-
ing feedback on pronunciation and face/jaw movements
using optical and sound sensors, while also enabling the
data-driven adaptation of course content through
Learning Management Systems (Ying, 2017).

In parallel, affective computing has also become a
complementary element of IoT in educational technol-
ogy. Affective computing refers to information process-
ing that is related to emotion, derived from emotion, or
deliberately influences emotion (Picard, 2003). In other
words, it focuses on recognizing learners’ emotional
states and responding appropriately to those states.
Affective computing technologies can detect emotional
states such as confusion, anxiety, or interest by utilizing
physiological signals, facial expressions, tone of voice,
and similar multiple data sources, thereby enabling the
adaptation of teaching strategies (Al-Azani & El-Alfy,
2025). The combined use of IoT and affective comput-
ing, particularly in language education and, more impor-
tantly, in the context of assessment, has the potential not
only to improve learner performance but also to huma-
nize the assessment process through real-time emotional
awareness and interaction.

Validity, Fairness, and Human-Centered Assessment

Contemporary assessment theory has increasingly moved
toward a broader understanding of validity. For exam-
ple, Weir’s (2005a) socio-cognitive framework argues
that cognitive, contextual, and affective factors must be
considered together in test design. Xi (2010) and Fulcher
(2015) similarly emphasize that fairness—particularly for
diverse learner profiles—is an ethical imperative.

However, traditional assessment methods have been crit-
icized for their lack of standardization, issues with
repeatability, and limited connection to real-world skills
(Jacobs & Wallach, 2021), as well as for their inability to
capture the contextual, nuanced, and human dimensions
of language use. These concerns have prompted research-
ers to adopt evaluation frameworks that foreground
human-centered values and contextual relevance.

A human-centered perspective views fairness not
merely as consistent scoring, but as the design of systems
capable of responding to different learner needs, emo-
tional states, and interaction patterns. The integration of
real-time affective feedback into assessments further aligns
this study with current calls for more humane, inclusive,
and equitable measurement practices. Transparency,
interpretability, and learners’ ability to contest or question
automated outputs are foundational elements of ethical
assessment. These principles resonate with longstanding
concerns in the field of human-computer interaction
(HCI), such as usability, emotional design, and participa-
tory feedback loops (Olson & Kellogg, 2014). In educa-
tional contexts, user-friendly interfaces and emotionally
aware feedback mechanisms not only enhance learner
engagement but also contribute to perceptions of fairness
and meaningfulness in assessment.

In AI-supported assessment, fairness extends beyond
equal scoring. That is, it encompasses emotional accessi-
bility, the transparency of feedback, adaptive interaction,
and learners’ rights to interpret AI-generated results
(Liao & Xiao, 2023). Research by Langevin et al. (2021)
on chatbots and writing assistants further shows that user
autonomy and contextual appropriateness lie at the heart
of ethical and pedagogically sound assessment systems.
The literature on HCI and educational technology under-
scores the need to rethink validity and fairness in light of
AI’s expanding capabilities. Assessments today need to
consider not only the learner’s performance, but also
how the learner interacts with the system, how they feel
during that interaction, and what the resulting outcomes
mean in real-world contexts. Human-centered assessment
has therefore become not merely a methodological pre-
ference, but an ethical necessity. In this study, HCI refers
to user-centered design, usability testing, participatory
feedback cycles, contextual inquiry, and interpretive qua-
litative analysis. These methods, by prioritizing user
autonomy, emotional experience, and interaction con-
text, treat fairness not merely as a psychometric criterion
but as a socio-technical phenomenon.

Theoretical Framework

This study draws upon an interdisciplinary theoretical
framework to support the design and interpretation of
the sentient assessment model:
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Sociocognitive Validity Framework: A Guiding Lens for
Emotion-Aware Assessment Design

Rather than focusing solely on language knowledge in
isolation, Weir’s sociocognitive framework, which con-
siders the interaction between the candidate’s cognitive
abilities and the task context and how performance is
assessed, offers a structured and evidence-based
approach to examining the extent to which test tasks
reflect real-life language use and human interaction. This
makes it particularly suitable for studies (such as the cur-
rent paper), where emotion, environment, and adaptive
technologies are integral parts of the test experience.

Weir’s framework consists of five interconnected com-
ponents of test quality. Cognitive validity requires that
tasks engage the same mental processes involved in
authentic language use (Weir, 2005b). Accordingly, this
study examined spontaneous speech production, plan-
ning under time pressure, and emotional self-regulation
processes; word variety, average speech flow length, and
complex sentence ratio were used as measures. These cri-
teria were correlated with HRV (RMSSD) levels and
anxiety indicators to examine how learners’ emotional
states interacted with their linguistic outputs. Context
validity concerns the extent to which the assessment envi-
ronment mirrors real communicative settings. Wearable
sensors capture clues such as hesitation and stress by
monitoring physiological responses that occur during
speech. IoT-based systems provide continuous biofeed-
back, making the assessment environment more dynamic
and interactive. Scoring validity relates to consistency
and fairness. In this study, automated scores were com-
pared with human scores to assess reliability, and it was
expected that scores incorporating emotional informa-
tion would show higher agreement with human evalua-
tions compared to text-based scores alone (higher
Pearson r and agreement coefficients). Consequential
validity refers to the effects of an assessment on learners.
Although the platform was experimental, factors such as
perceived fairness, stress, and engagement were consid-
ered (Bridges, 2010). Criterion-related validity concerns
how well the scores align with external measures.
Although external correlations were not examined,
emotion-informed scoring was expected to show a more
consistent match with the exemplar performances used
for calibration.

Unlike the more abstract, argument-based models of
Bachman and Palmer (2010), Weir’s framework does not
rely on concepts such as chains of inference, which
makes it more practical and transparent (G. Lim, 2013).
The framework includes both a priori design evidence
(task authenticity, prompt design, integration of emotion
sensors) and a posteriori finding (learner feedback, score
alignment). This distinction aligns well with the iterative
and exploratory nature of the current study (Weir,

2005b). A key innovation in Weir’s framework is his
reframing of construct validity. Rather than defining lan-
guage ability as a fixed trait within the individual, Weir
(2005b) proposes that language performance should be
seen as an interaction between cognitive ability and con-
text. This interactionist perspective (see also Bridges,
2010) supports our use of affective and environmental
data to better understand and support performance,
especially under stress.

Human-Centered AI: Centering Learner Agency in
Emotion-Aware Assessment

Shneiderman’s (2022) model rethinks the role of artificial
intelligence not as a replacement for human intelligence
but as a tool that supports it. Instead of placing AI in
the position of ultimate decision-maker, human-centered
AI emphasizes shared responsibility, user adaptability,
and ethical design principles. The fundamental principle
is clear: AI should empower, not dominate. In educa-
tional applications, this means designing a language
assessment platform that (i) respects learner emotions by
integrating biofeedback (e.g., HRV, facial affect) to
detect and respond to anxiety or stress in real time, (ii)
supports transparency and control, allowing learners
and educators to understand how AI scoring works and
what influences outcomes, and (iii) maintains user trust
through consistent, interpretable decisions and opportu-
nities for learner feedback.

Traditional AI systems often prioritize performance
metrics over user experience (Renz & Vladova, 2021; Xu,
2019). In contrast, human-centered design shifts the
focus to how users feel, interact, and learn with AI. In
this study, that includes:

� Using wearable IoT devices and generative AI
(e.g., ChatGPT, Whisper) not just to evaluate
speech, but to respond adaptively to learners’
emotional states.

� Ensuring the platform is traceable and explain-
able, reducing the black box problem in AI
(Arrieta et al., 2020; Guidotti et al., 2019).

� Encouraging collaboration between humans and
machines, where learners are not passive test-
takers, but co-constructors of their performance
experience.

AI-based assessments are often based on technical accu-
racy, but this narrow focus ignores the emotional realities
of language learners. A human-centered AI approach,
based on Shneiderman’s framework, reframes assessment
goals: not simply scoring accuracy, but promoting lear-
ner well-being, dignity, and engagement throughout the
assessment process. This perspective complements the

4 SAGE Open



sociocognitive and dynamic assessment models in this
study by offering a framework in which the AI does not
merely assess language but collaborates with the learner
in a fair, transparent, and emotion-sensitive manner.
Following Weir (2005b), this study treated anxiety-
induced disfluency as construct-irrelevant variance for
general oral proficiency tests, which aim to measure lin-
guistic ability, not emotion regulation. However, in con-
structs like interactive competence under pressure,
emotion regulation was considered a relevant compo-
nent. The system employed in this study sought to com-
pensate for situational interference to approximate a
‘‘true score,’’ aligning with Kane’s (2013) emphasis on
score interpretation rather than performance conditions.

Research Questions

This study adopts both a conceptual and empirical
approach to exploring how generative AI, affective com-
puting, and IoT devices can reshape the design and
implementation of language assessment. Grounded in
sociocognitive theory and human-centered AI principles,
the study investigates how emotional and physiological
responses influence speaking performance, how AI-gen-
erated scoring compares to human evaluation, and how
learners perceive the fairness and emotional impact of
such systems. It also critically examines the ethical impli-
cations of using real-time affective data in educational
settings. To guide this investigation, the following
research questions were formulated:

1. How do emotional and physiological indicators
(e.g., HRV, facial expressions) related to learners’
oral language performance during AI-mediated
speaking assessments?

2. To what extent can a sentient assessment
system—integrating generative AI and affective
computing—enhance scoring accuracy and align-
ment with human raters?

3. How do learners perceive the fairness, stress, and
engagement of a sentient, emotion-responsive
assessment platform in comparison to traditional
oral evaluation methods?

4. What ethical considerations emerge from the use
of real-time emotional and physiological data in
language assessment?

Method

This study employed a mixed-methods exploratory
design to evaluate the fairness, responsiveness, and lear-
ner perceptions of emotion-responsive language assess-
ment platform. The platform integrated generative AI
scoring (GPT-4), speech transcription (OpenAI

Whisper), affective computing, and smartwatches with
HRV tracking to create a multidimensional evaluation
system. The study aimed to examine how emotional sig-
nals influence speaking performance and how the inte-
gration of such data into AI scoring systems aligns with
human judgment.

Participants

The study involved 24 undergraduate students (16 female,
8 male) enrolled in an oral communication course at a
state school in Turkey. Participants were recruited
through a course announcement and a follow-up email
invitation. Inclusion criteria were (i) having a B1 to B2
CEFR proficiency level and (ii) reporting no cardiovascu-
lar conditions that could influence HRV measurements.
To prevent potential novelty effects, individuals with
prior experience using affective computing systems were
excluded. No monetary compensation was offered. The
study was approved by the Ethical Committee of the uni-
versity of the author and was performed by the ethical
standards as laid down in the 1964 Declaration of
Helsinki and its later amendments. Participation was
entirely voluntary. All participants were informed about
the study procedures, data types collected (audio, video,
HRV, facial expression signals), data storage, and rights
to withdraw. Written informed consent was obtained
prior to participation. The consent form permitted opt-
out, but all 24 participants ultimately consented to full
sensing. To safeguard confidentiality, pseudonyms were
used in all transcripts and reports. A subset of 18 stu-
dents (11 female, 7 male) also volunteered for post-task
semi-structured interviews to share their experiences and
perceptions of the emotion-responsive assessment system.

A series of protective measures were implemented to
minimize ethical risks in the study. First, only passive
sensors were utilized and no physical intervention was
applied. Pparticipants were given complete freedom to
pause or terminate the process at any time they wished.
Facial expression data were processed locally on the
device and permanently deleted after the analysis was
completed. Similarly, HRV measurements were used
only in summarized form; raw R–R intervals were not
stored. By contrast, the benefits for participants were
substantial: students had the opportunity to develop self-
awareness of their own emotional responses, were intro-
duced to innovative assessment technologies, and con-
tributed to the development of fairer AI-based
assessment practices.

Instruments and Technologies

The sentient assessment system comprised several tools
and components:
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� Generative AI (GPT-4) was used to generate oral
prompts and automatically evaluate learner
responses based on CEFR-aligned criteria.

� OpenAI Whisper, a speech-to-text tool, transcribed
participants’ oral responses in real time. Its high
accuracy enabled seamless integration into the AI
scoring pipeline.

� Facial emotion recognition: A Logitech C920 web-
cam (1080p/30 fps) recorded facial expressions
under standardized indoor lighting (350–450 lux).
Expressions were categorized based on Ekman’s
(1992) universal emotion taxonomy. Although
Ekman’s model has limitations, it remains widely
used in real-time expression analysis. OpenFace
2.0 (Baltrušaitis et al., 2016) was used for frame-
by-frame Action Unit analysis, achieving 82% to
87% accuracy on common benchmark datasets
(e.g., BP4D, DISFA). Only categorical emotion
labels (e.g., Neutral, Anxious, Surprised) were
stored.

� Smartwatches with HRV tracking: Devices
recorded HRV as an indicator of emotional arou-
sal. RMSSD, the standard short-term HRV
metric, was computed using 60-s rolling windows
of PPG-derived R–R intervals. Lower HRV val-
ues indicated heightened stress or anxiety.

� Human raters (n=3): ThreeMA-level English
teachers with 5 to 8 years of rating experience
evaluated all recordings. A 3-hr norming session
using five pilot samples yielded inter-rater reliabil-
ity of a . .80. Raters independently scored 72 per-
formances (24 participants 3 3 tasks) using a
CEFR-based analytic rubric. Identities and emo-
tional data were concealed. Fifteen percent of
samples were double-scored to determine intra-
rater reliability (r=.85).

Procedure

The assessment sessions were conducted in a digitally
equipped language lab. The procedure began with a
piloting phase conducted to ensure the feasibility and
reliability of the integrated assessment system. The pilot-
ing phase involved four volunteer students (three female,
one male; CEFR B1–B2; mean age 20.5) from the same
cohort who did not participate in the main study. Pilot
data were excluded from all analyses. During piloting, a
small group of participants completed the speaking tasks
under the full setup to test the synchronization of bio-
metric data collection, speech transcription, emotion rec-
ognition, and real-time feedback. Adjustments were
made based on pilot results to optimize system respon-
siveness and participant comfort. For the main sessions,
participants were fitted with smartwatches to monitor

HRV, and a baseline resting HRV was recorded for
3min. Participants then received speaking prompts gen-
erated by GPT-4, displayed on a screen, and responded
orally. Their speech was transcribed in real time using
OpenAI Whisper technology, enabling immediate lin-
guistic analysis by GPT-4 to generate initial proficiency
scores. Transcribing participants’ speech was essential to
produce an accurate, detailed linguistic assessment and
to feed the AI scoring system with precise input.
Concurrently, a webcam captured facial expressions to
analyze emotional states, and HRV data provided phy-
siological indicators of stress or emotional arousal. The
AI system then integrated linguistic, emotional, and phy-
siological data to produce an emotion-informed score
that accounted for participants’ stress levels during the
task. Each speech sample underwent two separate auto-
mated scoring processes. In the first stage, GPT-4 pro-
duced an evaluation based solely on the speech transcript
according to CEFR criteria. In the second stage, the
same transcript was presented to the model together with
emotional metadata derived from HRV measurements
and facial expression analysis, generating an emotion-
sensitive score. Participants received real-time feedback
in the form of a color indicator, optional breathing gui-
dance, and a pause button. The real-time feedback fol-
lowed a simple three-color logic: green (stable HRV and
neutral affect), yellow (mild arousal), and red (sustained
low HRV or anxious affect). When red was detected, the
interface displayed an optional breathing prompt. These
features were intentionally minimal to reduce cognitive
load; they did not require user interaction and were posi-
tioned in peripheral vision. As such, emotional feedback
was designed to be supportive rather than intrusive,
minimizing the risk of additional anxiety. While human
raters evaluated the videos directly, GPT-4 partially com-
pensated for fluency losses by augmenting transcripts
with Whisper timestamps and emotional metadata.
Because transcripts alone cannot represent pausing beha-
vior or micro-disfluencies, Whisper’s timestamps were
included to preserve pause length and frequency. These
timestamps allowed GPT-4 to approximate fluency by
interpreting temporal gaps, although human raters still
retained access to richer prosodic features. This approach
ensured that GPT-4’s fluency judgments were grounded
in measurable timing-based signals rather than inferred
prosody. Real-time feedback was presented visually to
participants, offering adaptive prompts to support emo-
tional regulation, such as breathing suggestions when ele-
vated stress was detected. Although emotional signals
were continuously collected, the distinction between pre-
and post-emotional input was made analytically rather
than experimentally. Transcript-only scoring occurred
immediately after each spoken turn, while affect-
informed scoring was generated in a second pass using
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the same transcript combined with the emotional meta-
data. Consequently, ‘‘pre-emotional input’’ corresponds
to transcript-only scores, whereas ‘‘post-emotional
input’’ corresponds to the emotion-informed re-scoring
step. GPT-4 distinguished the two scoring stages through
separate prompt calls containing either (a) no emotional
metadata tokens or (b) the metadata tokens added to the
prompt. No biological or emotional data were streamed
into the first call, ensuring the model could not access
affective information during the transcript-only scoring
stage. After completing the tasks, some participants took
part in semi-structured interviews to share their perspec-
tives on the system’s fairness, emotional comfort, trans-
parency, and control.

Data Collection and Analysis

Quantitative data were gathered through biometric tools
(e.g., HRV and facial expression tracking software) and
performance scores obtained from both human raters
and AI-based systems. AI-human score comparisons
were analyzed using Pearson’s r to assess correlation,
while Krippendorff’s alpha measured inter-rater reliabil-
ity among human raters. Pre- and post-emotional input
AI scores were compared to assess improvement in inter-
pretive fairness; however, this comparison is an analyti-
cal distinction, not an experimental manipulation, and
the timing procedure was not systematically recorded.

For the qualitative component, semi-structured inter-
views were conducted with participants to explore their
perceptions and experiences regarding sentient features
in online assessment. The interview data were transcribed
verbatim and coded using MAXQDA. An inductive the-
matic analysis approach was used to analyze the tran-
scripts, following Braun and Clarke’s (2006) six-step
procedure. This analysis identified four prominent
themes: emotional support, fairness perceptions, surveil-
lance concerns, and learner agency. These themes reflect
participants’ subjective interpretations of how sentient
assessment features shaped their engagement, motiva-
tion, and perceived autonomy. Triangulation of the qua-
litative themes with biometric and scoring data allowed
for a comprehensive understanding of the interplay
between affective, perceptual, and performance dimen-
sions in technology-mediated assessment contexts.

Findings

Emotional and Physiological Signals in Relation to Oral
Performance

When the findings were examined, it was observed that
the emotional and physiological states of the learners

affected their speech performance during the AI-mediated
task. In other words, participants with lower HRV values
and negative affective indicators (e.g., jaw tension, nar-
rowed eyes, furrowed brows) paused more frequently
during speech and continued to speak with hesitant and
relatively shorter sentence structures. In addition, it was
observed that these students had a limited vocabulary
and avoided complex syntactic structures.

For example, a participant whose stress levels
increased at the beginning of the task showed a signifi-
cant decrease in HRV values, and the facial expression
software consistently detected anxiety. This student’s
speech was frequently interrupted by pauses and repeti-
tive starters such as ‘‘I think. I think. maybe it’s like.’’
She later reflected, ‘‘I could feel my heart beating too fast,
and my brain just went blank. I forgot what I wanted to
say, even though I practiced it yesterday.’’ (Daisy)

Another participant was found to exhibit more
balanced physiological responses, consequently produc-
ing more fluent and structurally longer expressions. This
participant maintained a calm and neutral facial expres-
sion and demonstrated a high level of control in the use
of conditional structures and discourse modifiers. He
described their experience as follows: ‘‘I felt more confi-
dent because it didn’t feel like a test. It was just me and
the system, and it didn’t judge me with a face.’’ (Michael)

Interestingly, several learners displayed emotional
recovery during the task, with stress indicators decreas-
ing midway through the session. These learners often
responded well to adaptive system prompts, such as the
option to pause or slow down. As one learner described,
‘‘When the system showed that my stress was high and told
me to take a short breath, it actually helped. I started to
think more clearly and said what I meant.’’ (Rose)

These patterns suggest that short-term affective
shifts—especially reductions in anxiety—can meaning-
fully influence language performance, even within the
span of a few minutes. As shown in Table 1, a clear pat-
tern emerged across participants: high physiological
stress (e.g., low HRV, anxious expressions) was consis-
tently associated with disfluency, lexical avoidance, and
shorter utterances, while more emotionally stable stu-
dents produced extended, coherent speech with greater
syntactic and lexical complexity.

Overall, Table 1 reinforces that emotional and physio-
logical data can meaningfully influence how speaking
performance is manifested and interpreted. Learners
who experienced real-time stress reduction demonstrated
improved fluency and coherence mid-task, especially
when supported by AI prompts. This suggests that emo-
tional regulation is not only correlated with but may be
predictive of language output quality during high-stakes
oral assessments
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AI Scoring and Alignment with Human Ratings

The comparison between GPT-4-generated scores and
human rater evaluations (n=3) demonstrated a high
level of agreement across key speaking dimensions,
including fluency, coherence, lexical range, and pronun-
ciation. The Pearson correlation between AI scores and
the average of human scores was r=.78 (p\ .01), indi-
cating a strong overall alignment. Moreover, inter-rater
reliability among human evaluators was robust, with a
Krippendorff’s a of .81, confirming consistency across
human assessments. However, a closer analysis revealed
important discrepancies in how disfluencies—particularly
those related to anxiety—were interpreted. In one nota-
ble case, a learner who exhibited vocal tremors and hesi-
tation due to visible stress received a low fluency score
from the initial AI model. Human raters, by contrast,
acknowledged the emotional difficulty but evaluated the
performance more holistically, emphasizing the learner’s
ability to maintain topic relevance and semantic clarity
despite occasional pauses.

When emotional and physiological data were incorpo-
rated into GPT-4’s scoring prompts, the model’s assess-
ments became more sensitive to anxiety-related
disfluency. Mixed-effects modeling showed that adding
affective features significantly improved model fit
(x2(2)=10.9, p=.004). Marginal R2 increased from .42
to .48, yielding DR2 ’ .06. This emotion-informed ver-
sion of the AI achieved an even stronger correlation with
human ratings, particularly for fluency and coherence,
reaching r=.83 (see Table 2). Using Fisher’s z-transfor-
mation, the 95% confidence interval for the transcript-
only AI–human correlation (r=.78, N=24) was [.56,

.89]. The 95% CI for the emotion-informed correlation
(r=.83) was [.65, .92]. These intervals confirm that the
improvement in alignment was statistically meaningful.
In these cases, the model adjusted its interpretation of
disfluency—not as a deficit in language ability, but as a
reflection of cognitive or emotional load.

The adjusted scoring mechanism was developed by
embedding real-time emotional metadata into GPT-4’s
prompt structure. Inputs such as [HRV: Low], [Emotion:
Anxious], and [Stress Recovery: Detected] were included
alongside transcription data. This allowed GPT-4 to dis-
tinguish between disfluencies caused by language limita-
tions and those arising from temporary affective
disruption. As a result, the model could more accurately
assess speaker intent and coherence under emotionally
challenging conditions.

Student reflections reinforced these findings. Adam
shared, ‘‘I think the AI was fairer when it understood I
was nervous. At first, I got a low score. But after the
update, it matched what the teacher said.’’ Another stu-
dent, Adar, expressed a similar sentiment: ‘‘It felt like the
system listened to my effort, not just my words. That made
a big difference for me.’’ These observations suggest that
emotion-informed scoring systems offer a more nuanced
and human-like assessment of performance—particularly
valuable in high-stakes oral assessments where anxiety
can impact learner output. Integrating affective data into
scoring systems enhances fairness by accounting for the
cognitive and emotional realities of speaking under
pressure.

Learner Perceptions of Fairness, Support, and
Emotional Impact

Participants generally responded positively to the senti-
ent features of the platform, highlighting the adaptive
feedback and visible stress monitoring as key elements
that made the experience feel less judgmental. Many
described the system as non-threatening, encouraging, or
more forgiving than a traditional oral exam. Suzan
reflected, ‘‘It was different because the system could see I
was nervous and gave me time. In a normal exam, the
teacher just waits, and I panic more.’’ Another participant
expressed appreciation for being able to see their emo-
tional status in real-time, ‘‘The color indicator made me

Table 1. Emotional and Physiological Indicators Versus Performance Outcomes.

Emotional/physiological state Observed linguistic performance
AI response (no
emotion input)

AI response (with
emotion input)

Low HRV, anxious expression Disfluency, lexical avoidance, short utterances Penalized heavily Fluency adjusted
Stable HRV, neutral affect Coherent, extended turns, varied lexis and syntax Accurate scoring Accurate scoring
Emotional recovery mid-task Improved coherence and self-correction No recognition Recognized as an adaptation

Table 2. Comparison of AI Versus Human Ratings Across
Scoring Dimensions.

Scoring
dimension

Human
inter-rater
reliability (a)

AI-human
correlation (r)

AI-human
correlation
(emotion input)

Fluency 0.81 .78 .83
Coherence 0.84 .76 .82
Lexical range 0.80 .75 .77
Pronunciation 0.79 .74 .75
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realize I was too tense. I started breathing slower after
that, and it helped me say what I meant.’’ (Deniz).

However, not all reactions were uniformly positive. A
few learners expressed concern about being emotionally
monitored, especially by a machine. Senem noted, ‘‘I
didn’t like the idea that my face was being watched and
analyzed. I felt exposed, like I had no control over how the
system saw me.’’ Another participant shared skepticism,
‘‘Can AI really understand how I feel? What if it makes a
wrong guess and that affects my score?’’ (Mine). Still, the
majority valued the consistency of AI-generated scores
and the absence of perceived human bias. Several noted
that the system felt fairer than past oral exams, where
they felt disadvantaged by unfamiliar assessors or subjec-
tive interpretations of their accent.

Ethical Considerations: Trust, Consent, and Learner
Agency

Ethical concerns emerged clearly in learner interviews,
especially regarding data transparency, emotional con-
sent, and future use of their physiological information.
While most participants agreed that emotional respon-
siveness improved the experience, many emphasized the
need for clear explanations of what data was being col-
lected, how it was used, and whether it influenced scores.
Sena student emphasized, ‘‘If the system uses my feelings
to score me, I should know exactly. how. It’s my data, and
I should understand the decision.’’ Kaya, who initially felt
positive about the experience, later reflected, ‘‘It’s fine for
practice, but I wouldn’t want this in a real exam. I don’t
want my heart rate stored somewhere I can’t control.’’

Some learners expressed discomfort with what they
called the invisibility of the data collection process, stat-
ing that the sensors felt silent but powerful (e.g., Asmin,
Halime, Cxınar, and Nedim). Suggestions from partici-
pants included the ability to review and delete their emo-
tion data after testing, being able to opt out of emotional
analysis in high-stakes settings, including human mod-
eration in final scoring decisions. Despite these concerns,
most learners supported the platform’s use in low-stakes
or formative contexts, particularly when framed as a
self-awareness tool rather than an evaluator. A few even
requested continued access to emotional feedback for
personal tracking.

Discussion

This section interprets the study’s findings through the
lenses of Weir’s sociocognitive validity framework and
Shneiderman’s model of human-centered AI. Each sub-
section parallels the structure of the Findings section to
ensure conceptual clarity and theoretical alignment.

Emotional and Physiological Signals in Relation to Oral
Performance

The integration of IoT and affective computing
technologies—such as HRV monitors and facial emotion
recognition—allowed this study to uncover strong links
between learners’ emotional states and their oral lan-
guage performance. These findings affirm Weir’s (2005a)
notion of context and cognitive validity, where perfor-
mance should be interpreted in light of both the linguis-
tic task and the test-taker’s cognitive-emotional state. As
supported by Picard (2003), physiological responses such
as increased heart rate and negative affect correlate with
cognitive overload and reduced output fluency.

Learners with fluctuating or elevated stress exhibited
more fragmented speech and lexical avoidance, while
those with stable physiological-emotional profiles demon-
strated greater fluency and syntactic control. These out-
comes support claims by Chang and Chen (2023) and Al-
Azani and El-Alfy (2025) that emotionally aware systems
can positively mediate cognitive engagement.
Additionally, the platform’s adaptive feedback—such as
stress-regulated pacing—exemplifies the principles of the
Cognitive-Affective Theory of Learning with Media
(CATLM), which emphasizes the interaction between
affective design elements and learner motivation and
retention (Chang & Chen, 2023), by creating emotionally
responsive learning experiences. Crucially, the detection
of emotional shifts and recovery during task execution
underlines the value of using real-time affective signals
not as passive indicators but as interactive scaffolding
cues, reinforcing the dynamic nature of assessment.

AI Scoring and Alignment with Human Ratings

The study demonstrated that generative AI, particularly
GPT-4, can approximate human scoring with relatively
high correlation, especially when enhanced by emotional
context. Initially, the AI system aligned with prior con-
cerns in the literature (Burstein et al., 2021; Floridi &
Chiriatti, 2020) by misinterpreting anxiety-induced hesi-
tations as cognitive deficiencies. However, when bio-
affective inputs were integrated, the system recalibrated
its interpretation of disfluencies, treating them not as
performance gaps but as emotionally-driven phenomena.
This resulted in more equitable scoring, consistent with
sociocognitive and scoring validity (Weir, 2005a). Within
Weir’s framework, the incorporation of affective data
strengthens scoring validity by reducing construct-
irrelevant variance caused by anxiety-induced disfluency.
It also supports context validity, as performance is inter-
preted in relation to the test-taker’s real-time cognitive–
emotional state—a core component of Weir’s model.
Thus, affective integration reinforces the interpretive
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argument connecting performance, scoring, and the test
context.

This shift echoes recent calls to position generative AI
not as a scoring authority but as a supportive tool in a
human-centered assessment ecosystem (Galaczi, 2023;
Shneiderman, 2022). GPT-4’s adaptive capabilities—
particularly when informed by multimodal data—
enabled it to interpret not just what learners said, but
how and under what emotional constraints. This aligns
with Liang et al. (2023), who argue that discourse struc-
ture and communicative intent should guide AI evalua-
tion. Still, cultural authenticity and idiomatic nuance—
longstanding concerns in AI-generated feedback (Craig,
2022)—remain limitations. These findings suggest that
while generative AI offers speed and objectivity, it
should be situated within transparent, emotionally
aware, and human-interpretable frameworks.

Unlike conventional AI scoring tools, this study intro-
duces an affect-augmented scoring process. While tradi-
tional systems excel in consistency, they do not account
for moment-to-moment emotional states that can depress
fluency or lexical retrieval. The present system, therefore,
extends existing models by incorporating real-time affec-
tive context into the scoring pipeline

Learner Perceptions of Fairness, Support, and
Emotional Impact

Learners’ reflections highlighted a shift in how fairness is
understood in AI-mediated assessment. Many viewed the
sentient system as more supportive and transparent than
traditional oral exams. These responses support Xi (2010)
and Fulcher (2015), who argue that fairness involves more
than psychometric balance—it involves learners’ subjec-
tive sense of justice, agency, and engagement.

Participants noted that adaptive emotional feedback
(e.g., pause prompts or calm-tone suggestions) reduced
performance anxiety and enhanced focus. These out-
comes support CATLM and the use of affective comput-
ing in promoting emotional accessibility in learning
environments. However, several learners expressed
unease about being emotionally monitored. This concern
reflects wider anxieties in affective AI and surveillance
ethics (Mehrabi et al., 2022; Shneiderman, 2020), and
underscores the need for opt-in consent, transparency of
data use, and contestability of AI-generated outcomes
(Liao & Xiao, 2023). The findings suggest that emotional
atonement should be balanced with data ethics and user
autonomy—a cornerstone of human-computer interac-
tion (Olson & Kellogg, 2014).

Ethical Considerations: Trust, Consent, and Learner
Agency

The deployment of AI systems that collect and interpret
emotional and physiological data introduces significant
ethical considerations. While participants appreciated
the responsiveness of the platform, several questioned
how their data were used and stored. These responses
reinforce the importance of human-centered AI princi-
ples (Shneiderman, 2022), particularly regarding explain-
ability, user control, and shared accountability.

Unlike earlier models that emphasize predictive accu-
racy (Xu, 2019), human-centered AI prioritizes user expe-
rience, emotional impact, and interpretability. In this
study, that meant designing a system that allowed lear-
ners to view emotional feedback in real time and under-
stand how it influenced scoring. Nevertheless, some
participants felt that the affective layer introduced pres-
sure rather than relief, suggesting that emotional input
should be an adjustable and learner-controlled feature,
not a fixed analytic layer. Furthermore, in alignment
with Jacobs and Wallach (2021) and Langevin et al.
(2021), this study emphasizes that assessment systems
must go beyond collecting affective data—they must
return interpretive power to the learner. Ethical assess-
ment must offer learners not just feedback, but the means
to understand, contextualize, and challenge it. Only
through such practices can AI-mediated systems evolve
into trustworthy, human-aligned assessment partners.

To synthesize the findings and their theoretical
grounding, Figure 1 presents the Sentient Assessment
Framework. This model positions emotional signals,
generative AI, and IoT technologies as foundational,
interacting inputs that enable the emergence of adaptiv-
ity, interpretability, and fairness in language assessment.
These outcomes reflect not only psychometric concerns
but also learners’ emotional experience, agency, and trust
in the system.

This framework illustrates how the integration of
emotional signals, generative AI, and IoT-based data
collection operates as a composite input system for senti-
ent assessment. These elements work synergistically to
support key outcomes—adaptivity, interpretability, and
fairness—in real-time language evaluation. The upward
directional flow highlights the formative relationship
between sensor-based emotional awareness and human-
centered assessment goals. This model builds on Weir’s
sociocognitive validity and Shneiderman’s principles of
human-centered AI to propose a future-facing design
structure for emotion-responsive, ethically attuned digi-
tal assessment systems.

10 SAGE Open



Conclusion

This study introduced a sentient, AI-mediated language
assessment model that integrates affective computing
and IoT biofeedback to support emotionally responsive
and human-centered evaluation. Findings from the pilot
study affirm that learners’ emotional states directly influ-
ence oral performance and that AI scoring becomes more
valid and empathetic when contextualized by real-time
affective data. Learners responded positively to the adap-
tive features, though some raised important ethical con-
cerns about emotional privacy and algorithmic opacity.

Theoretically, the study contributes to expanding
sociocognitive and dynamic models of assessment by
positioning emotion as a core construct, not an external
confound. Practically, it demonstrates how generative AI
systems can shift from mechanistic scoring toward inter-
pretive, learner-responsive platforms that foster trust,
reduce anxiety, and promote fairness—especially for
learners who struggle with performance pressure.

At a time when AI systems are being rapidly
embedded into educational infrastructures, this research
provides a timely and critical model for how language
assessment can be both technologically advanced and
ethically attuned. It argues for a vision of AI not as a
dispassionate evaluator but as a supportive tool in co-
constructing meaning, well-being, and opportunity for
learners.

Future Directions

While promising, this study is exploratory and limited by
sample size and context (intermediate learners in a pilot
environment). Future research should explore longitudi-
nal effects of emotion-responsive assessment systems,

their application in different cultural and linguistic set-
tings, and the boundaries of learner comfort with bio-
metric feedback. Although the study used a within-
performance comparison, a fully counterbalanced or
independent control condition would enable stronger
causal conclusions. Future work should incorporate such
designs. In addition, integrating teacher-facing dash-
boards, emotion trace logs, and learner feedback loops
could further enhance transparency and collaborative
use. Finally, as AI’s role in education expands, ongoing
attention should be paid to the governance, interpretabil-
ity, and democratization of such systems. Sentient assess-
ment must remain rooted in pedagogy—not
surveillance—and should be built not only for accuracy,
but for empathy, dignity, and learner growth.
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