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Abstract
Performance-based assessments such as oral presentations and viva voce exams are valued 
for their pedagogical benefits but can also be associated with heightened student anxiety, 
which may affect a range of learners and hinder student motivation and overall assessment 
experience. This study explores the potential of AIvaluate; an emotionally intelligent, 
LLM-augmented conversational agent, to provide a more supportive assessment environ-
ment for such learners. Using a counterbalanced quasi-experimental, within-subjects de-
sign with 35 pre-university students, we compared experiences of traditional face-to-face 
assessments with AIvaluate-mediated sessions. Emotional state reports, usability ratings 
and qualitative feedback were analysed to evaluate anxiety, system usability and learner 
perceptions. Results indicated that students experienced significantly lower anxiety dur-
ing AIvaluate sessions, and usability scores for the tool were rated in the “good” range. 
Thematic analysis further revealed perceived advantages such as reduced social pressure, 
flexible pacing and ease of use, alongside limitations including technical challenges and 
a lack of dynamic human interaction. Importantly, while these findings suggest that AI-
mediated PBAs may reduce student anxiety, which may be beneficial for learners who 
experience heightened levels of anxiety that exceeds the individual zone of optimal func-
tioning, further investigation is necessary to ascertain whether this is ultimately beneficial 
for learning and whether AI-mediated assessments can improve student attainment. Future 
research could explore the value of hybrid models that combine AI conversational agent-
based and face-to-face assessment formats, and examine the long-term effects of AI-led 
assessments on student performance and well-being.
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Background

Performance-based assessments in education

Performance-based assessments (PBAs) are a type of pedagogical assessment method that 
requires students to demonstrate their knowledge, skills, and abilities by performing tasks 
or producing work whilst being assessed in real-time (Darling-Hammond, 1994; Doug et 
al., 1988). PBAs can include oral presentations, debates, exhibitions, performances, viva 
voce exams, and technical or visual demonstrations. PBAs are considered to be an effective 
pedagogical assessment method which can be used to determine the extent of retainment 
and understanding of students’ knowledge in a particular subject, thus identifying whether 
learning has occurred, and to what degree. According to Baker (1997), PBAs focus more 
on assessing the students’ cognitive abilities that synthesise and demonstrate comprehen-
sion across various disciplines, as opposed to traditional examinations, which tend to focus 
more on fostering retention of factual knowledge through memorisation. The use of PBAs 
within programmes of study can cultivate an interdisciplinary understanding of concepts in 
students, fostering their ability to discern interconnectedness and apply multifaceted knowl-
edge in complex problem-solving scenarios. Therefore, PBAs are not only used in arts and 
humanities based programmes, but are also contemporarily used within science, technology, 
engineering and maths (STEM) programmes as they can more accurately predict a student’s 
ability to apply learnt knowledge (Ernst, 2008; Potter et al., 2017). Due to the many advan-
tages over traditional summative examinations, countries across Europe, Asia, Australia, 
and Latin America are restructuring their educational systems to incorporate PBAs across 
various levels, including primary, secondary, vocational, and tertiary education (Gallardo, 
2020). The implementation of PBAs, however, creates challenges for the student experi-
ence, most notably student anxiety; these issues are explored in detail in the subsequent 
sections.

Performance-based assessments in the age of generative AI

The rise of generative AI has brought unprecedented advancements in technology, enabling 
sophisticated text and multimedia generation capabilities that have transformed the educa-
tional landscape (Eke, 2023; Tzirides et al., 2023). However, this technological progress has 
also introduced significant challenges, particularly in ensuring the integrity and authenticity 
of assessments. Traditional coursework submissions are increasingly susceptible to ques-
tions of plagiarism and authorship, as generative AI applications and large language models 
can produce high-quality outputs that mimic human writing, making it difficult to determine 
the originality of a student’s work (Alser & Waisberg, 2023; Cotton et al., 2023; Dwivedi 
et al., 2023; Eke, 2023). PBAs have emerged as a critical response to these challenges, 
offering an assessment approach that inherently prioritises authenticity and integrity (Cot-
ton et al., 2023; Pearce & Chiavaroli, 2023; Souppez et al., 2023). By evaluating students’ 
skills and knowledge through active real-time demonstration, whether in the form of oral 
examinations, practical tasks, or hands-on problem-solving, PBAs provide a robust frame-
work for mitigating the risks associated with generative AI-assisted plagiarism. Unlike tra-
ditional assessments, which primarily focus on written submissions or memory recall, PBAs 
requires students to engage dynamically with their examiners or the assessment process, 
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thereby ensuring the genuineness of their contributions (Kabbar & Barmada, 2024; Newell, 
2023). As PBAs have the potential of safeguarding the credibility of academic qualifica-
tions, they are a pivotal tool for educators in upholding academic standards in an era of rapid 
technological evolution.

Student anxiety

A discourse on student anxiety

Student anxiety is frequently positioned within educational research as an inherently nega-
tive affective state that undermines learning, assessment performance, and wellbeing. This 
position is supported by a substantial body of evidence linking heightened anxiety to atten-
tional disruption, intrusive worry, and reduced working memory capacity (Angelidis et al., 
2019; Eysenck, 2012). However, conceptualising anxiety as uniformly detrimental risks 
oversimplifying a construct that is more accurately understood as multidimensional and 
context dependent. Contemporary research increasingly emphasises that anxiety varies in 
both intensity and function, and that its effects on performance depend on where it is situ-
ated along a continuum of arousal (Chin et al., 2017; Weinberg & Mellano, 2023). A foun-
dational framework for understanding this relationship is the Yerkes–Dodson Law, often 
described as an inverted U-shaped relationship between arousal and performance (Yerkes 
& Dodson, 1908). According to this model, low levels of arousal are associated with under-
engagement and reduced motivation, whereas moderate levels of anxiety can be facilitative, 
supporting alertness, attentional focus, and task engagement. Beyond this optimal zone, 
further increases in anxiety lead to sharp declines in performance as cognitive resources 
become overloaded (Arent & Landers, 2003; Eysenck, 2012). Empirical work has dem-
onstrated that moderate arousal is associated with optimal performance, while excessive 
anxiety impairs both accuracy and response efficiency (Arent & Landers, 2003).

Importantly, this arousal-performance relationship is not uniform across individuals. 
Models such as the Individual Zones of Optimal Functioning (IZOF) highlight that optimal 
anxiety levels vary considerably between learners, shaped by factors including trait anxi-
ety, prior experiences and emotion regulation capacity (Weinberg & Mellano, 2023). This 
challenges simplistic interpretations of the Yerkes–Dodson Law and supports more ecologi-
cal and multidimensional accounts of anxiety and performance (Hanoch & Vitouch, 2004). 
Consistent with this view, research examining test anxiety has identified a facilitative role 
for emotional arousal in the absence of intrusive cognitive worry, suggesting that anxiety 
can enhance performance when it remains within manageable bounds (Chin et al., 2017). 
When anxiety exceeds a learner’s optimal zone, however, it is increasingly likely to trigger 
threat-based nervous system responses commonly characterised as fight, flight, freeze, or 
fawn (appease). These responses reflect automatic survival-oriented reactions to perceived 
danger rather than deliberate cognitive engagement. Fight responses may manifest as defen-
siveness, irritability, or over-verbalisation as individuals attempt to reassert control, while 
flight responses often involve avoidance behaviours such as withdrawal, disengagement, or 
a desire to escape the evaluative situation. As anxiety intensifies further, freeze responses 
may occur, characterised by mental blankness, reduced verbal output and impaired work-
ing memory, while fawn responses may involve excessive compliance or people-pleasing 
behaviours aimed at minimising perceived threat (Stafford, 2024).
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In PBAs, which require spontaneous verbalisation, justification of reasoning and social 
interaction with an assessor, these threat responses are particularly consequential. When 
learners enter fight–flight–freeze–fawn states, cognitive processing shifts away from reflec-
tive and analytical thinking toward survival-oriented functioning, resulting in performance 
that may no longer accurately reflect underlying competence. Experimental evidence indi-
cates that acute cognitive performance anxiety increases threat interference and impairs 
working memory, particularly among individuals with higher trait anxiety (Angelidis et 
al., 2019). This has direct implications for the validity and fairness of PBAs when anxiety 
is elevated beyond optimal levels. The point at which anxiety becomes counterproductive 
is especially variable among learners who experience social anxiety or who are neurodi-
vergent. For these individuals, optimal arousal zones may be narrower and transitions into 
fight–flight or freeze responses may occur more rapidly in response to social, sensory, or 
evaluative demands. As a result, PBAs may escalate anxiety into threat-based states for 
some learners even when remaining facilitative or manageable for others, reinforcing the 
need to consider individual differences when evaluating assessment experiences. Accord-
ingly, this study does not conceptualise anxiety as inherently harmful. Rather, it distin-
guishes between facilitative anxiety, which can support engagement and performance, and 
excessive or unhealthy anxiety that places learners in threat-based states and disrupts cogni-
tive functioning. This distinction is particularly important in the context of PBAs, where 
elevated anxiety has been shown to interact with assessment design, learner characteristics 
and perceived stakes in complex ways (Heydarnejad et al., 2022). The focus of this research 
is therefore on anxiety that exceeds optimal arousal levels and undermines both learner 
experience and the validity of assessment outcomes.

The negative effects of heightened anxiety in PBAs

Especially for learners who experience social anxiety or who are neurodivergent, anxiety is 
recognised as one of the predominant unpleasant emotions encountered during PBAs (Burić 
& Frenzel, 2019; Shafiee Rad & Jafarpour, 2023). For those learners, anxiety is a condition 
characterised by fear, manifesting physiological responses such as an accelerated heart rate, 
hyperventilation, and perspiration (Eysenck, 1992). As previously discussed that while a 
manageable low-level of anxiety can sharpen focus and improve performance, for learners 
who experience social anxiety or who are neurodivergent, a high level of anxiety can over-
whelm students and negatively impact outcomes in PBAs (Iqbal et al., 2010; Knight et al., 
2013; Thamby et al., 2016). Although research shows that the use of PBAs are beneficial 
in reducing student anxiety when compared to traditional examinations (Heydarnejad et al., 
2022), several studies show that the use of various assessment techniques within PBAs can 
still lead to an excessive high level of student anxiety, dissatisfaction and lack of motivation, 
for example in viva voce examinations (Hungerford et al., 2015; Iqbal et al., 2010; Scott & 
Unsworth, 2018). This is further reiterated by Chamorro-Premuzic et al. (2005) who sug-
gest that within the various assessment techniques categorised as PBAs, oral and viva voce 
methods are the least preferred type of assessment for students. Furthermore, anxiety is 
identified as a primary cause for the lack of student motivation which is a condition crucial 
for enabling students to “make certain academic decisions, participate in classroom activi-
ties, and persist in pursuing the demanding process of learning” (Dörnyei, 2020, p. 2).
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As student anxiety presents a key challenge in the effective delivery oral PBAs, there is a 
need to explore new approaches to delivering PBAs that reduce student anxiety but maintain 
the benefits of these assessment methods. Reducing student anxiety is not only desirable for 
wellbeing and inclusion but is also essential to preserve the validity and fairness of PBAs. 
Elevated anxiety has been shown to impair working memory, hinder retrieval and disrupt 
oral fluency (Aubrey, 2022; Bielak, 2025; Donate, 2022), which means that a students’ per-
formance may not accurately reflect their knowledge or competence. Moreover, excessive 
anxiety can reduce motivation and engagement (Cho et al., 2023; Heydarnejad et al., 2022), 
leading to long-term consequences beyond a single assessment event. Therefore, address-
ing anxiety is crucial to ensuring that PBAs remain both effective and equitable measures 
of learning.

Types of anxiety in PBAs

Research that focuses on test anxiety suggests it comprises multiple dimensions that inter-
act to impair performance and emotional wellbeing. Cognitive anxiety includes intrusive 
thoughts and worries that interfere with concentration and working memory, often resulting 
in reduced task efficiency (Bielak, 2025; Scholing & Emmelkamp, 1990). Somatic anxiety 
refers to the physiological symptoms of arousal, such as increased heart rate, sweating, or 
trembling that frequently occur under test pressure and may exacerbate stress responses 
(Cho et al., 2023; Scholing & Emmelkamp, 1990). Social-evaluative anxiety, a distinct sub-
type, involves fear of negative evaluation by assessors or peers, particularly in face-to-face, 
high-stakes oral exams such as viva voce assessments (Kearney, 2013; Rao, 2020). In such 
scenarios, students often experience heightened stress due to direct scrutiny, which may lead 
to breakdowns in oral fluency and impaired retrieval (Aubrey, 2022; Donate, 2022). By con-
trast, the use of conversational agent for assessment or rehearsal may offer a less threatening 
interaction context, because it reduces real-time judgment and allows for controlled pacing 
and adaptive feedback.

AI conversational agents in education

The integration of AI conversational agents into educational processes presents a trans-
formative opportunity to address pedagogical challenges, such as aligning AI-generated 
feedback with curricular expectations, ensuring reliability of assessment outcomes, and 
maintaining opportunities for authentic human dialogue. Emotional challenges also arise, 
including not only anxiety but also issues of trust, frustration when technical errors occur, 
and the possibility of over-reliance on mediated interactions, which may discourage stu-
dents from developing coping strategies for the discomfort that authentic face-to-face 
assessments can create. By facilitating personalised and emotionally intelligent interactions 
during assessments, AI conversational agents can enhance learning and have the poten-
tial to significantly reduce student anxiety, fostering a supportive and engaging academic 
environment. Globally, educational frameworks are evolving to embrace a curriculum that 
is increasingly technology-enhanced and personalised. Artificial intelligence (AI) stands 
out as one of the key technological advancements of recent times, captivating the attention 
of educators, who particularly acknowledge the advanced capabilities of AI applications, 
such as generative AI, thereby seeing its adoption as a key enhancer of the efficiency and 
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effectiveness of educational processes, such as assessments (Alshumaimeri & Alshememry, 
2024). Among the various human–computer interaction (HCI) technologies used in edu-
cation, AI conversational agents are emerging as a key area of growth and development. 
An AI conversational agent is a computer system that imitates natural conversation with 
human users through image, written, or spoken language (Laranjo et al., 2018). Since the 
first chatbot built in 1966, the evolution of computer science and AI research has resulted in 
AI conversational agents that can go beyond the facilitation of simple rule-based dialogue 
between computers and humans, to full AI conversational systems which have the ability to 
imitate human beings in aesthetic and voice, identify the intent of the user through minimal 
interactions and access various data sources to output conclusions, assumptions and deci-
sions, sometimes upon which to take actions (Adamopoulou & Moussiades, 2020; Weizen-
baum, 1966). Within the education sector, AI conversational agents are used in a myriad of 
contexts, including assessing learners’, increasing peer dialogue, the provision of context 
for education such as role-play and answering student questions, among others (Gonda & 
Chu, 2019; Maryadi et al., 2017; Shorey et al., 2019; Wang et al., 2020). Any pedagogical 
context involving interactions between individuals or between humans and computers can 
be supported and/or enhanced using AI conversational agents, resulting in their popularity 
and acceptance. The conceptual framework developed as a result of a systematic review 
of pedagogical AI conversational agents by (Yusuf et al., 2025) suggest that contemporary 
agents can be used in a wide array of contexts within education, such as improving students’ 
cognitive ability, providing them with pastoral care and giving instruction.

Recently, the emergence of generative AI through large language models (LLMs) have 
surged due to their advanced capabilities compared to earlier rule-based or narrow-domain 
conversational agents. An LLM is commonly defined as a mathematical model that predicts 
the likelihood of sequences of words or parts of words in a language, which serves as a 
foundation for computer software to carry out tasks that involve predicting text (Devlin et 
al., 2019). With the emergence of artificial neural networks, it has become feasible to cre-
ate more sophisticated LLMs utilising transformer architecture, which further improves the 
ability of LLMs to understand and generate human-like text, including subtle emotional 
distinctions (Vaswani et al., 2017). This enables these models to better grasp the nuances of 
language, including context, tone, and the relationships between words, resulting in more 
accurate and coherent text processing and creation across a variety of applications such 
as language translation, question-answering systems, generative writing tools, and more 
recently multimedia development systems. An LLM-augmented AI conversational agent 
surpasses the operational boundaries of conventional agents, permitting users to initiate and 
sustain dialogues spanning an extensive array of subjects via open-dialogue, which signifi-
cantly advances their applicability as comprehensive, multipurpose conversational systems 
(Abbasian et al., 2024; Cherakara et al., 2023). The use of an emotionally intelligent LLM-
augmented pedagogical AI conversational agent has the ability to enhance assessments and 
potentially improve student anxiety.

AI conversational agents to reduce student anxiety

Before turning to education, it is useful to note that AI conversational agents have already 
demonstrated strong potential in other anxiety-inducing domains such as healthcare and 
business. These contexts, like education, require trust, emotional resilience and high-stakes 
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decision-making, hence making them informative analogues. AI conversational agents have 
proven effective in improving the psychological well-being of users in various fields by 
providing personalised, evidence-based support. Empathy-driven tools such as Wysa and 
Woebot alleviate symptoms of depression and loneliness through judgement-free interac-
tions and cognitive behavioural therapy (Fitzpatrick et al., 2017; Inkster et al., 2018; Loveys 
et al., 2019). Multimodal communication enhances user engagement, creating more human-
like connections that foster emotional resilience (Abd-Alrazaq et al., 2019). Studies also 
show that agents are able to improve self-care behaviours (Tawfik et al., 2023). The use 
of agents in these non-educational domains have transferable mechanisms which can be 
applied to educational contexts, such as empathetic interaction and stress management that 
can be applied to academic scenarios where student anxiety is prevalent.

Specifically, within the context of education, AI conversational agents have shown sig-
nificant promise in reducing student anxiety and enhancing emotional well-being. Research 
demonstrates their ability to address both psychological and academic challenges effec-
tively. Klos et al. (2021) found that using an AI conversational agent significantly reduced 
anxiety symptoms in university students, highlighting the effectiveness of technology-based 
engagement compared to traditional resources. Similarly, Liu et al. (2022) reported that 
chatbot-based interventions outperformed bibliotherapy in reducing depression and anxiety, 
particularly during initial phases, while fostering strong therapeutic alliances. Wang et al. 
(2024) emphasised the dual role of AI conversational agents in improving learning out-
comes and supporting well-being. Their ability to provide empathetic and context-specific 
interactions underpins their holistic impact on student experiences. This is further evidenced 
by El Shazly (2021), who found AI conversational agents beneficial in managing foreign 
language anxiety​. Hawanti and Zubaydulloevna (2023) observed that LLM-augmented AI 
conversational agents reduced anxiety in English writing classes by offering instant feed-
back and fostering a supportive, paced learning environment​. These findings underline the 
value of AI conversational agents as accessible and personalised tools for addressing anxi-
ety and promoting student success.

Limited research has been conducted in the context of using AI conversational agents to 
reduce student anxiety in PBAs. The study by Alcorn and Cheesman (2022) introduces a 
technology-assisted viva voce exam (TaVIVA) aimed at reducing student anxiety during oral 
PBAs in pharmacy education. By utilising an AI conversational agent to deliver questions 
in various multimedia formats, such as text, audio, and audiovisual, students engage in a 
controlled environment without the immediate presence of assessors which typically height-
ens anxiety. This approach allows students to respond in a comfortable setting, record their 
answers, and review them later, leading to a more positive assessment experience. While 
the findings indicate reduced anxiety and positive student feedback regarding fairness and 
functionality, the study presents opportunities for further exploration. These include provid-
ing more detailed information about the technology-assisted platform used and assessing 
its impact on usability. Furthermore, according to the study, addressing potential technical 
challenges associated with the technology-assisted viva voce exam would present an oppor-
tunity to refine the assessment experience and ensure its reliability in diverse educational 
contexts.



1 3

H. Yusuf et al.

The potential of emotionally intelligent, LLM-augmented AI conversational agents to 
reduce student anxiety in PBAs

PBAs represent a significant difference over traditional examination methods in pedagogy 
(Gallardo, 2020). However, they introduce challenges to student wellbeing, notably height-
ened levels of anxiety, leading to lack of motivation, especially for learners who experience 
social anxiety or who are neurodivergent (Burić & Frenzel, 2019; Shafiee Rad & Jafarpour, 
2023). In this context, AI conversational agents present a promising avenue for facilitating 
PBAs. When these agents are augmented with LLM capabilities, they have the potential to 
evolve into emotionally intelligent systems. Such systems can recognise and respond to the 
emotional state of students, thereby potentially reducing student anxiety during PBAs. This 
area holds considerable promise and warrants further investigation. There has been some 
research on the use of AI conversational agents in the context of assessments (Gonda et al., 
2018; Lee & Fu, 2019; Maryadi et al., 2017), and further research conducted in the context 
of an AI conversational agents being used to improve student well-being, as outlined above. 
However, research exploring emotionally intelligent LLM-augmented AI conversational 
agents specifically designed for pedagogical purposes, and improving the student experi-
ence during assessment, remains limited. There is a need for new research that explores the 
potential of emotionally intelligent LLM-augmented pedagogical AI conversational agents, 
used within PBAs, to fully understand their benefits and implement effective technology-
assisted assessment solutions. Such agents have the potential to play a pivotal role in miti-
gating student anxiety within the PBA setting.

Theoretical underpinning for the reduction of anxiety when adopting technology

A logic model that structures how technology may reduce anxiety in viva voce assessments 
is presented in Fig. 1.

In this model, Inputs refer to the contextual and design factors that shape the assessment 
environment. Theoretical Mechanisms represent the established psychological and educa-
tional theories that explain how these inputs influence emotional and cognitive processes. 
Mediators are the intermediate processes or states, for example, reductions in perceived 
social threat or improvements in self-regulation, that link the theoretical mechanisms to 
the final outcomes. Outcomes are the intended effects on learners, such as lower anxiety, 
increased cognitive availability and more effective demonstration of competence. The 
model begins with a set of inputs, including the role of technology mediation, the assess-
ment context and learner factors. These inputs interact to shape the learners’ experience of 

Fig. 1  A Logic Model of How Technology May Reduce Anxiety in PBAs

 



1 3

Exploring student anxiety and experience in performance-based…

performance-based assessments. The influence of these inputs can be explained by several 
theoretical mechanisms.

From a psychological perspective, social evaluation theory suggests that the presence of 
an evaluative authority can heighten self-consciousness and apprehension, leading to ele-
vated anxiety (Isen et al., 1987; Sapolsky, 2003). This is especially salient in viva voce for-
mats, where responses must be articulated spontaneously and under strict time constraints, 
which increases both cognitive load (Sweller, 1988) and affective interference (Eysenck et 
al., 2007). Consistent with this, the affective filter hypothesis (Lin, 2008) adds that height-
ened anxiety can block processing and retrieval, limiting the demonstration of competence. 
By contrast, the Technology Acceptance Model (Davis, 1989) highlights how perceptions 
of ease of use and usefulness in technology-mediated environments can reduce anxiety 
and foster acceptance (Venkatesh & Davis, 2000). Finally, theories of psychological safety 
emphasise the importance of a supportive, consistent, and predictable interactional context, 
which can lower the affective filter and promote engagement (Edmondson, 1999; Pekrun, 
2006).

These theoretical mechanisms translate into mediators that alter the dynamics of the viva 
experience. Technology-mediated assessment environments have the potential of reducing 
direct exposure to authority figures, thereby lowering perceived social threat and decreas-
ing state anxiety (Bos et al., 2010; Rapee & Heimberg, 1997). Allowing students to pace, 
pause or reflect before responding increases autonomy and control, thereby creating a more 
favourable environment for learning and performance (Jiang et al., 2019; Reeve, 2009). 
Such features have also been associated with reduced cognitive load and improved self-reg-
ulation (Kalyuga, 2008; Paas & Van Merriënboer, 1994; Van Merrienboer & Sweller, 2005). 
Together, these mediators foster increased psychological safety and engagement while free-
ing up cognitive resources that would otherwise be consumed by managing anxiety. The 
result is a set of outcomes that fundamentally reshape the learners’ experience of assess-
ment. These include state anxiety reduced, which allows students to approach questions 
without the paralysing effects of fear or worry; improved self-regulation, enabling them to 
monitor and control their emotional responses in real time; reduced extraneous load, mean-
ing that fewer cognitive resources are wasted on stress management or irrelevant distrac-
tions; and cognitive availability increased, freeing working memory capacity to focus on the 
demands of the task itself. Together, these outcomes create the psychological and cognitive 
conditions necessary for students to engage more productively and perform more effectively 
during oral assessments.

Building on these immediate changes, the model also identifies a second set of outcomes 
that connect emotional regulation and cognitive resources to observable performance behav-
iours. When anxiety is reduced and self-regulation is improved, students are more likely 
to demonstrate improved oral communication effectiveness, articulating their ideas clearly 
and with confidence (Imura, 2004; Soureshjani, 2013). Further, when students are freed 
from intrusive thoughts or excessive pressure, they are also able to provide more coherent 
responses, structuring arguments logically and responding directly to examiners’ prompts 
(Andrade, 2014; Navarro et al., 2020). In addition, the availability of cognitive resources 
facilitates higher-order thinking, allowing students to move beyond surface-level recall and 
towards creative thinking, critical analysis, evaluation and synthesis (Miller & Buschman, 
2015; Redifer et al., 2019). Collectively, these outcomes culminate in an enhanced overall 
demonstration of competence, which is the central goal of viva voce assessments. In effect, 
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by creating conditions in which learners can fully access and communicate their knowledge 
and skills, this model suggests that technology could support students’ anxiety management 
(Danieli et al., 2022; De la Puente et al., 2024; Li & Jan, 2023; Manole et al., 2024), allow-
ing them to be redirected towards higher-order thinking, coherent structuring of responses 
and more effective oral communication.

Aims of this study

Prior studies have been conducted which indicate that AI conversational agents have the 
potential of improving students’ performance (Lee et al., 2022; Xu et al., 2024). Therefore, 
this study presents “AIvaluate”, an emotionally intelligent, LLM-augmented pedagogi-
cal AI conversational agent developed with the aim of facilitating oral PBAs for students, 
towards reducing student anxiety and improving student experience. The AIvaluate system 
consists of innovative functionalities designed to address student anxiety in PBAs. Specifi-
cally, the following research questions are addressed in this study:

RQ1. To what degree does AIvaluate reduce students’ anxiety levels during PBAs com-
pared with equivalent traditional face-to-face assessments?
RQ2. How satisfied, in terms of usability, are students with the AIvaluate assessment 
compared with equivalent the traditional face-to-face assessment format?
RQ3. What factors influence students’ preferences for AIvaluate assessments compared 
with traditional face-to-face assessments?

The remainder of this paper presents the AIvaluate system architecture and application 
walkthrough in Sect. "The AIvaluate system", the methods used for empirical evaluation 
of the system is presented in Sect. "Methods", followed by the results based on the data 
collected in Sect. "Results". Furthermore, a discussion of the results and future recommen-
dations is presented in Sect. "Discussion" and conclusions are drawn in Sect. "conclusion".

The AIvaluate system

This section presents an overview of AIvaluate, including the system architecture, workflow, 
and operational mechanics. It further provides a step-by-step walkthrough of the application 
from the perspective of student users, demonstrating how they interact with the system dur-
ing AI conversational agent-based assessments.

System architecture and workflow

AIvaluate is an emotionally intelligent LLM-augmented pedagogical AI conversational 
agent, deployed as a disembodied chatbot which has three key functionalities; 1) a conver-
sational interface wherein dialogue can take place between a student and teacher during oral 
PBAs, 2) emotional state detection for the student to report levels of anxiety and 3) LLM-
augmentation which uses the students’ emotional state data to generate automated suggested 
replies for the educator, who can then provide contextually relevant and emotionally intel-
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ligent responses to reduce student anxiety levels. A high-level system architecture and data 
flow model for AIvaluate is presented in Fig. 2.

The conversational interface is developed to be accessible within a browser environ-
ment. The first feature that the AIvaluate system hosts is an interface wherein students can 
converse with teachers through inputs and outputs. The input for students can be text-based 
or verbal, in the latter case, the application utilises a dictation speech-to-text (STT) library to 
ensure the input at terminal level is string datatype. Outputs for students are also displayed 
in textual format within the interface, in addition to utilising a text-to-speech (TTS) library 
to convert the text into audio (spoken form). Utilisation of these technologies presents the 
student with an anthropomorphic conversational experience. For teachers, the inputs are 
LLM-generated suggested adaptive responses, and similar to students, the outputs are also 
in text and spoken form. The student emotional state detection feature of AIvaluate is a 
self-reporting tool which is used by the students. The self-reporting tool input is presented 
as a slider to the student which, during an active session, allows them to input their emo-
tional state from a scale-slider between 1 and 10, indicating their level of anxiety. Addition-
ally, a session log is produced for prospective analysis. This real-time emotional state data 
is utilised by the LLM-augmentation integration using a custom JSON-based Application 
Programming Interface (API). The self-reporting tool was developed using object-oriented 
technologies for server-side operations with a relational database as the storage medium for 
logging data, and front-end technologies for browser-side behaviour manipulation.

Another feature of AIvaluate is the LLM-augmentation, which is used in the teacher-
interface to generate emotionally intelligent and automated suggested adaptive responses 
for replying to student inputs. The LLM utilised is OpenAI’s Generative Pre-trained Trans-
former (GPT-4) which is incorporated into the agent using their API integration library, 
which allows requests to take advantage of OpenAI’s trained neural network to produce 

Fig. 2  AIvaluate system architecture and workflow model
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relevant, coherent, and contextually appropriate, adaptive responses. In addition to the LLM 
producing a suggested response for the teacher based solely on the students’ inputs, the 
LLM-augmentation codebase includes a custom variable to report the students’ real-time 
emotional state based on the live feed of the self-reporting tool. The emotional state data is 
then used by the LLM to generate emotionally intelligent responses to the student.

System walkthrough

Upon launching AIvaluate within a full-screen browser environment, the student is wel-
comed with an introduction screen, which is presented in Fig. 3.

The introduction launch screen welcomes the user into the system and allows the user 
to select their role using the user type selection menu, namely a teacher or student. Upon 
selecting the student user type in the introduction screen, the student is transitioned to the 
student interface screen, which is presented in Fig. 4.

The student interface screen hosts a chat history panel where the student can observe the 
inputs that have already been received from the teacher. The chat panel employs TTS func-
tionality to convert the educator’s messages into audio-based verbal prompts. Positioned 
beneath this is the student input selection area, which enables the student to compose and 
dispatch messages to the teacher. This input area is equipped with controller buttons, includ-
ing options to send a completed message or clear the text field. The dictation functionality 
allows the student to utilise the STT feature via microphone which allows verbal input of 
responses, thereby augmenting the naturalistic communication experience. Research high-
lights that modern TTS/STT systems are perceived as natural and intelligible, fostering a 
more anthropomorphic and engaging environment (Skantze & Hjalmarsson, 2010). By pro-
viding information through both visual and auditory channels, TTS/STT reduces cognitive 
strain, supports inclusivity and contributes to a psychologically safer assessment experi-

Fig. 3  AIvaluate introduction screen
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ence, key factors in lowering student anxiety during oral PBAs. In addition to this interface, 
the student also has access to the emotional state reporting tool, which is available to the 
student as a secondary display on a touch-screen tablet. The emotional state reporting tool 
is presented in Fig. 5.

The emotional state reporting tool hosts the student anxiety level self-reporting input, a 
critical component that allows the student to actively monitor and report their live emotional 
state throughout the assessment session. The input features a slider bar, enabling the student 
to self-assess and indicate their current level of anxiety on a scale from 1 to 10, with descrip-
tors and semiotic emoticons to support their understanding of the levels. This input operates 
in real-time, allowing the student to make continuous adjustments to reflect their emotional 
state at any given moment which is displayed in the selection view, thereby providing a 
dynamic and immediate self-reflective assessment that informs the ongoing interaction. The 
slider was chosen because continuous self-report tools are more sensitive than categorical 
scales, capturing subtle, moment-to-moment fluctuations in anxiety. They are intuitive to 
use, impose minimal cognitive load and generate fine-grained real-time data that supports 
adaptive system responses (Krieglstein et al., 2022). From the introduction screen as shown 
in Fig. 3, if the user selects the teacher user type, the teacher will be transitioned to the 
teacher interface screen, which is presented in Fig. 6.

The teacher interface hosts a chat history panel where the teacher can observe the inputs 
received from the student. Like the student interface, the chat panel employs TTS function-

Fig. 4  AIvaluate student interface screen
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Fig. 6  AIvaluate teacher interface screen

 

Fig. 5  AIvaluate emotional state reporting tool
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ality to convert the student’s messages into audio-based verbal prompts. Positioned beneath 
this is the teacher input selection area, which enables the teacher to compose and dis-
patch messages to the student. This input area is equipped with controller buttons, includ-
ing options to send a completed message or clear the text field. The dictation functionality 
allows the teacher to utilise the STT feature via microphone which allows verbal input of 
responses. In addition to this interface, the teacher also has access to a suggested replies 
section, wherein the system generates three emotionally intelligent, suggested adaptive 
responses for the teacher, based on three variables; the student’s last input, the conversa-
tion history for context and the student’s emotional state based on the self-reporting tool. 
Teacher-suggested responses can positively influence student experience by reducing cogni-
tive load and supporting students’ confidence during challenging tasks. Research shows that 
when learners receive guided prompts, they report greater clarity, engagement and reduced 
anxiety, which contributes to a more supportive and motivating learning environment (Er 
et al., 2025).

Methods

This study employed a quasi-experimental, within-subjects design to evaluate student expe-
riences across two assessment conditions: a traditional face-to-face viva and an AI-led viva 
using AIvaluate2. Each participant experienced both formats in a counterbalanced order, 
enabling within-subject comparison and control for order effects. Data was collected from 
three complementary sources: (1) log data of students’ self-reported emotional states dur-
ing assessments, (2) post-assessment usability questionnaires, and (3) open-response reflec-
tions. While the primary design was quasi-experimental, incorporating multiple data types 
enabled a broader understanding of both the measurable and subjective aspects of the stu-
dent experience. Figure 7 provides an overview of the protocol.

Participants

A total of 35 students were recruited from a British international school. These students 
were in their final year of the International Baccalaureate Diploma Programme (IBDP), 
specifically engaged in completing their Extended Essay (EE), which includes a summative 
PBA known as the viva voce. The number of student-participants required for this study was 
estimated using G*Power 3.1 software. To ensure a power of 0.80 with a medium effect size 
of 0.5 (dz), the calculation determined that a minimum total of N = 34 participants would be 
required. The inclusion criteria for student participants were 1) age (17–18 years), 2) level 
of study (pre-university programme), 3) completion of the EE and pending the viva voce, 
4) computer literacy, and 5) native-level proficiency in the English language. All students 
met the required criteria. Additionally, 35 qualified teachers were recruited from the same 
institution to conduct the assessments with a student–teacher ratio of 1–1. No participants 
reported any functional impairments that would affect their ability to engage with the AI 
agent, although minor adjustments to software settings were made to accommodate user 
preferences (such as adjusting audio output levels and screen size/scale levels).
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Assessment objectives and performance measures

The viva voce assessment in this study was aligned with the IBDP Extended Essay (EE) 
assessment framework, which requires students to demonstrate a synthesis of subject 
knowledge, critical analysis and communication skills. Specifically, the assessment aimed 
to evaluate the following objectives:

1.	 Conceptual understanding and subject knowledge; the extent to which the student 
could explain the research topic, justify methodological choices and articulate key find-
ings in relation to the EE subject area.

2.	 Critical thinking and evaluation; the ability to reflect on strengths and limitations of 
the research, discuss implications and identify areas for further exploration.

3.	 Organisation and coherence of responses; the logical structuring of explanations, clar-
ity of argumentation and the ability to respond to examiner prompts in a coherent manner.

4.	 Oral communication skills; clarity of speech, linguistic precision and appropriate use 
of subject-specific terminology.

These objectives were included to provide context for interpreting the emotional state data. 
While examiners naturally considered these domains during the viva voce, the present study 
did not record or analyse formal performance scores, as the primary focus was on measuring 
emotional and usability outcomes. Future research could explore the interaction between 
specific performance dimensions and emotional responses.

Fig. 7  Data collection and analysis procedure
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Protocol and instrumentation

Interactive PBA-based viva voce assessment sessions were held with all participants as 
part of the study on the effectiveness of the AIvaluate system. Each student participated in 
two distinct assessment sessions, one face-to-face and one virtual. A researcher was present 
during all sessions, and written consent was obtained from all participants and guardians as 
required. On arrival at each session, any questions from participants were addressed, and 
a brief presentation was provided detailing the research process. Each student participated 
in two assessment meetings with the same teacher, separated into face to face and virtual 
formats, and a counterbalanced design was employed (i.e. alternating order of meetings for 
student participants) to mitigate order and carryover effects and increase the generalisability 
of the research (Brooks, 2012).

Face-to-face assessment meeting

The face-to-face assessment involved a conventional viva voce session conducted in person, 
lasting 10–15 min, where the student and teacher engaged in a discussion about the student’s 
EE. During this session, the students were required to explain, justify, and reflect upon vari-
ous aspects of their essay, responding to questions posed by the teacher. To maintain con-
sistency and standardisation of interactions, the teacher was provided with a simple script 
to guide the initial stages of the conversation and ensure comparability across sessions. 
Throughout the face-to-face assessment, students were asked to self-report their anxiety 
levels using an emotional state self-reporting tool, which is the same tool used for the virtual 
assessment as presented in Fig. 4, designed to capture real-time emotional states during the 
interaction.

Virtual assessment meeting

The virtual assessment with students was conducted using the AIvaluate system, designed 
to simulate an AI-augmented interaction through the Wizard of Oz technique. In this setup, 
students were unaware that the teacher was the interlocutor; instead, the assessment was 
framed as being conducted by AIvaluate, a fully automated artificially intelligent conversa-
tional agent (Steinfeld et al., 2009). The sessions were hosted in separate, soundproof rooms 
to prevent students and teachers from hearing each other during the interaction. Figure 8 
illustrates the room layout and hardware setup, showing how the student was situated, and 
the equipment arranged.

The teacher room hosts the teacher who was an interlocutor and conversed through 
AIvaluate to facilitate the assessment. In the Student room, the student interacted with 
AIvaluate using a setup which consisted of two windows; one labelled Student View dis-
playing the AIvaluate interface and another enabling the student to input their emotional 
state (labelled ES-I). The emotional state reporting input sent data using the API as detailed 
in Sect. "System architecture and workflow". The AIvaluate system was designed to track 
and log emotional states in real time, providing critical data for analysing anxiety levels 
during the virtual assessment. The virtual assessment, similar to the face-to-face session, 
lasted 10–15 min.
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Instruments for data collection

A combination of digital and survey-based instruments was used to capture students’ emo-
tional states, perceptions of usability and subjective experiences across both assessment 
conditions.

Emotional state self-reporting tool:  To measure real-time fluctuations in anxiety, 
students used a custom-built digital self-report slider integrated into the AIvaluate inter-
face. This instrument enabled participants to continuously indicate their anxiety level on a 
10-point scale (1 = extreme anxiety, 10 = no anxiety/very calm). Each input was timestamped 
and logged, generating high-resolution data that captured the trajectory of emotional states 
throughout the assessment session.

 System usability scale (SUS):  Following each assessment format, students completed 
the SUS questionnaire, a widely recognised and validated 10 item tool used for assessing 
subjective usability and user satisfaction (Brooke, 2013). In addition to the 10 standard SUS 
items, four additional bespoke statements relating to evaluating the student experience were 
added. Each statement was rated on a 5-point Likert type scale ranging from 1 (strongly 
disagree) to 5 (strongly agree). Each SUS item was modified in accordance with the prac-
titioner guidelines to reflect the specific context of the assessment by replacing the word 
“system” with either “face-to-face assessment” or “AIvaluate virtual assessment” depend-
ing on the participants assessment type. This adaptation ensured that the scale accurately 
measured the participants’ subjective satisfaction and acceptance of the assessment format.

 Qualitative open-response questions:  In addition to quantitative instruments, a short 
survey comprising open-response prompts was administered after both assessment condi-

Fig. 8  AIvaluate Hardware Setup
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tions. These questions sought to capture richer reflections on students’ experiences, focusing 
on usability, acceptability, and the perceived emotional impact of each format.

Together, these instruments allowed for triangulated measurement of affective, usability and 
experiential dimensions, providing complementary perspectives on the comparative effec-
tiveness of the two assessment formats in relation to student experience and anxiety.

Data collection procedure

Data was collected across three sequential phases to ensure a comprehensive understanding 
of students’ experiences in both assessment conditions.

Phase 1, Emotional state logs:  During each assessment, students reported their moment-
to-moment anxiety levels using the digital self-report slider. These data were automatically 
timestamped and logged within the system, providing a continuous record of emotional 
fluctuations throughout both the AIvaluate and face-to-face sessions.

Phase 2, Post-assessment questionnaires:  Immediately following each assessment, 
students completed the SUS, along with the additional bespoke items targeting specific 
aspects of student experience. This provided quantitative measures of usability and accept-
ability for both formats.

Phase 3, Open-response reflections:  Finally, participants responded to open-ended sur-
vey questions after they had completed both assessment formats, which were designed to 
capture deeper reflections on their experiences. These responses yielded qualitative insights 
into perceived fairness, comfort and emotional impact across the two assessment contexts.

By structuring the collection into three phases; real-time logging, post-task usability ratings, 
and reflective commentary, the study captured both immediate and reflective perspectives, 
allowing for triangulated analysis of student anxiety, usability, and experience.

Data analysis

This section is ordered according to the three primary data collection phases, present in 
Sect. "Instruments for data collection", which includes analysis of the students’ emotional 
state input data, SUS questionnaire data, and qualitative survey response data.

Students emotional state input data analysis (RQ1)

As discussed in Sect. "Protocol and instrumentation", the emotional state reporting feature 
of AIvaluate allows the student to use a scale-slider between levels 1 and 10, indicating their 
level of anxiety at any given time during the assessment. The system logs the timestamp 
and the level of anxiety into the database, which is used for analysis. For each student, 
during both the face-to-face and virtual assessment sessions, a weighted mean was calcu-
lated which considered the level of anxiety reported by the student (emotion code), and the 
duration of each emotional state. To calculate the weighted mean, the emotion code was 
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multiplied by the duration (in seconds) that the participant remained in that state. These 
weighted values were then summed across all recorded emotions for a given session. The 
total duration across all emotional states was also summed. Finally, the sum of the weighted 
emotion codes was divided by the total duration sum, producing a weighted average emo-
tional state that accurately reflected the student’s overall anxiety level during each assess-
ment condition. This method allowed for a more precise and representative measure of 
anxiety fluctuations over the course of each assessment. The mean and standard deviation of 
all the sessions in both the face-to-face and virtual assessments were calculated to provide a 
comparative benchmark between the two assessment types. Additionally, the paired-sample 
t-test was used to compare the weighted average emotional state values for both the virtual 
and face-to-face assessments, enabling an assessment of anxiety level differences and deter-
mining the statistical significance of any observed variation between the two conditions.

SUS questionnaire data analysis (RQ2)

Overall SUS scores were calculated and interpreted according to the SUS acceptability 
range, and the adjective and school grading scales (Brooke, 1996). This involved calculating 
a mean SUS representative value on a 100-point rating scale for each sample. These scores 
were then mapped to descriptive adjectives (Best imaginable, Excellent, Good, OK, Poor, 
Worst Imaginable), an acceptability range (Acceptable, Marginal-High, Marginal-Low, Not 
acceptable) and a school grading scale (i.e. 90–100 = A, 80–89 = B etc.). The baseline adjec-
tive and acceptability ranges are derived from a sample of over 3000 software applications 
(Bangor et al., 2009). To further analyse the usability of each assessment format, paired-
sample t-tests were conducted to determine whether there were statistically significant dif-
ferences between the mean SUS scores for face-to-face and virtual assessments on each 
individual SUS item. IBM SPSS statistics package version 29.0.1 was used for this analysis. 
This approach allowed for a detailed item-by-item comparison, examining how each usabil-
ity aspect, as represented by the SUS items, differed between the two assessment types. By 
using paired-sample t-tests, we accounted for the fact that the same participants provided 
SUS ratings for both formats, thus controlling for individual variability and increasing the 
precision of the comparisons. Each t-test assessed whether the mean difference in scores 
for a specific SUS item, such as ease of use, consistency, and confidence using the assess-
ment, was statistically significant, thereby offering insights into specific usability strengths 
or weaknesses unique to each format.

Qualitative open-response survey data analysis (RQ3)

Reflexive thematic analysis, using NVivo software package version 12.6.1.97, was con-
ducted to analyse the open-response survey data (Braun & Clarke, 2006, 2012, 2013, 2019, 
2021). Both an inductive and deductive approach to analysis was adopted, as coding and 
analysis often do not fit neatly into a single approach; instead, they typically involve a 
blend of both methods (Byrne, 2022). The integration of top-down (deductive) and bottom-
up (inductive) coding processes in this approach facilitates a comprehensive and rigorous 
analysis (Proudfoot, 2023). Themes in deductive analysis were a priori researcher-led, while 
the inductive analysis allowed for new themes to emerge from the data (D’Amore et al., 
2023; Tafazoli & Meihami, 2023). This process involved iterative and collaborative coding 
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of survey responses, allowing themes and sub-themes to emerge reflexively across repeated 
analysis cycles, providing valuable contextual insights into the emotional and usability-
related dimensions of both assessment types, which allowed for an in-depth exploration 
of students’ subjective experiences and perceptions of each assessment condition. While 
inter-coder reliability was not calculated, this is consistent with the principles of reflexive 
thematic analysis, which conceptualises coding as a subjective, interpretative, and contextu-
ally situated process rather than a reliability test (Braun & Clarke, 2021).

Two researchers independently engaged with the data, generating initial codes and noting 
patterns of meaning. Through iterative cycles of discussion, disagreement, and refinement, 
the team collaboratively developed a robust thematic framework. This reflexive dialogue 
enhanced the depth and transparency of interpretation. Data saturation was assessed by 
tracking the emergence of new codes and sub-themes across responses. No new substantive 
categories emerged in the final set of responses, and thematic coverage was observed across 
participants, indicating sufficient saturation for the scope of this analysis. Memo writing and 
cross-case comparisons supported thematic consistency. This approach allowed an in-depth 
exploration of students’ subjective experiences and perceptions of each assessment condi-
tion to be carried out. To illustrate the analytic coding process, Table 1 presents an example 
of how raw data extracts are coded and then clustered into a sub-theme and theme. This 
demonstrates the movement from initial codes to higher-level categories, a process con-
sistent with reflexive thematic analysis. This example is illustrative rather than exhaustive, 
intended to demonstrate the coding process.

The quotes selected to represent a sub-theme are chosen because they collectively capture 
the essence of that sub-theme and contribute to the overarching theme. Other similar quotes 
are not included as they reiterate patterns already exemplified by the selected extracts.

Table 1  Example of the thematic coding process
Raw quote extracts Code(s) Sub-theme Theme
“I felt like there was a lot more pressure on me 
in the face-to-face meeting” (Participant 8)

Increased pres-
sure in F2F

Reduced Pressure in 
AI-led format

Strengths of 
technology-led 
assessments

“I didn’t have to feel the pressure of explaining 
in front of the teacher” (Participant 35)

Less visible 
evaluative cues

Reduced Pressure in 
AI-led format

Strengths of 
technology-led 
assessments

“There was less judgement because, frankly, 
I couldn’t see the teacher’s reactions to my 
response” (Participant 16)

Absence of 
judgment from 
teacher

Reduced Pressure in 
AI-led format

Strengths of 
technology-led 
assessments

“I didn’t feel like I was being judged for every 
word I said, so I could explain myself more 
calmly” (Participant 32)

Increased 
calmness in 
expression

Reduced Pressure in 
AI-led format

Strengths of 
technology-led 
assessments

“It felt less intense talking to AI because I 
wasn’t worried about the teacher’s reactions” 
(Participant 6)

Reduced 
intensity

Reduced Pressure in 
AI-led format

Strengths of 
technology-led 
assessments
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Results

Student anxiety

The first research question is to compare PBAs conducted through AIvaluate with tradi-
tional face-to-face assessments to identify the degree of reduction in students’ anxiety lev-
els, to identify whether there are any significant differences. The results of the comparison 
of the anxiety levels of students between AIvaluate and the face-to-face assessments are 
presented in Table 2.

The result of the paired samples t-test comparing student anxiety levels between AIvalu-
ate and face-to-face assessments reveals that students reported significantly lower calmness 
levels during the AIvaluate assessments (M = 6.50, SD = 1.24) compared to the face-to-face 
assessments (M = 5.86, SD = 1.47), t(34) = -1.97, p = .028 (1-tailed). The gap score (M = 0.64) 
highlights this difference. Skewness and kurtosis statistics suggest relatively normal dis-
tributions for both formats, with AIvaluate showing a slightly negative skew (-0.16) com-
pared to face-to-face assessments (0.28). These findings indicate a statistically significant 
difference in anxiety levels, with AIvaluate hosted virtual assessments being associated with 
reduced anxiety.

System usability

The second research question aims to evaluate and compare the usability and user experi-
ence of AIvaluate and face-to-face assessment formats using the System Usability Scale 
(SUS). The overall SUS scores are illustrated in Fig.  9, which shows that the score for 
AIvaluate is 70.64, which, according to the SUS evaluation framework, corresponds to 
“good” (descriptive adjective), “acceptable” (acceptability range), and a “grade C” (school 

Table 2  Student anxiety levels for aivaluate and face-to-face assessments
Face to face AIvaluate Gap score df t p (1-tail)
M SD M SD
5.86 ª 1.47 6.50 ª 1.24 0.64 34 –1.97 .028*

Format Min statistic Max statistic Skewness Kurtosis
Statistic SE Statistic SE

Face-to-face 3.23 ª 9.00 ª .28 .40 –.40 .79
Aivaluate 3.97 ª 8.86 ª –.16 .40 –.54 .79
ª Anxiety Levels on a scale of 1–10, with 1 = “Very Anxious” and 10 = “Very Calm”.
* Statistically significant < 0.05 level.

Fig. 9  SUS rating scale results 
for aivaluate and the face-to-face 
assessment
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grading scale). In comparison, the face-to-face assessment scored slightly lower than AIval-
uate, with an overall SUS score of 66.93, also rated as “good”, “marginal” and a “grade D”. 
Findings suggest that AIvaluate is more acceptable in terms of usability in comparison to 
the face-to-face assessment.

Follow-up analysis of individual SUS items is conducted to evaluate the usability of 
face-to-face assessments and AIvaluate assessments. Paired-sample t-tests are used to com-
pare the mean SUS scores for each format across individual SUS items. Table 3 presents 
the individual SUS item results, differences (denoted as Gap Score) and corresponding sig-
nificance values.

The negative SUS items (S2, S4, S6, S8, and S10) are reversed so that scores indicate 
a positive response to allow comparability. SUS items S1-10, analysis reveals statistically 

Table 3  AIvaluate and face-to-face assessments comparison of SUS scores
SUS items Face-

to-
face 
M

AIval-
uate 
M

Gap 
Score

df t p
(1-tail)

S1: I think I would like to have face-to-face/Aivaluate 
assessments frequently

3.51 3.17 -0.34 34 1.15 .129

S2: I found the face-to-face/Aivaluate assessment un-
necessarily complex. ª

3.86 3.94 0.09 34 –0.38 .353

S3: I thought the face-to-face/Aivaluate assessment 
was easy to participate in/use

4.06 4.03 -0.03 34 0.12 .452

S4: I think that I would need the support of a teacher/
technical person to be able to understand/use the face-
to-face/Aivaluate assessment.ª

3.54 3.97 0.43 34 –1.74 .046*

S5: I found the various aspects/functions of the face-
to-face/Aivaluate assessment were well integrated

3.80 3.60 -0.20 34 0.94 .176

S6: I thought there was too much inconsistency in the 
face-to-face/Aivaluate assessment.ª

3.86 3.77 -0.09 34 0.37 .356

S7: I would imagine that most students would learn to 
participate in/use the face-to-face/Aivaluate assessment 
very quickly

3.63 4.06 0.43 34 –2.00 .027*

S8: I found the face-to-face/Aivaluate assessment very 
cumbersome.ª

3.51 3.97 0.46 34 –1.96 .029*

S9: I felt very confident during the face-to-face/Aival-
uate assessment

3.40 3.89 0.49 34 –1.84 .037*

S10: I needed to learn a lot of things before I could get 
going with the face-to-face/Aivaluate assessment.ª

3.60 3.86 0.26 34 –0.90 .187

Students’ experience (additional items)
A1: The face-to-face/Aivaluate assessment was a posi-
tive experience

4.17 3.83 -0.34 34 1.34 .095

A2: I felt comfortable expressing my thoughts during 
the face-to-face/Aivaluate assessment

4.00 3.89 -0.11 34 0.42 .340

A3: The face-to-face/Aivaluate assessment helped me 
to better understand my work

3.89 3.31 -0.57 34 2.77 .004*

A4: I did not feel anxious during the face-to-face/
Aivaluate assessment

2.66 3.91 1.26 34 -4.46  < .001*

A1–A4 bespoke items presented in addition to the 10 standard SUS items to evaluate students’ experience.
ª Responses of negative items were reversed to align with positive items, higher scores indicate positive 
responses.
* Indicates statistically significant <  = 0.05 confidence level.
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significant differences in four out of the ten SUS items between face-to-face and AIvaluate 
assessments. For item S4, participants report significantly higher scores for the AIvaluate 
format (M = 3.97, SD = 1.06) compared to face-to-face (M = 3.54, SD = 1.10), t(34) = -1.74, 
p = .046. This suggests that AIvaluate assessments are perceived as requiring less exter-
nal support, indicating greater accessibility. Similarly, item S7 shows a significant pref-
erence for the AIvaluate format (M = 4.06, SD = 1.04) compared to face-to-face (M = 3.63, 
SD = 1.04), t(34) = -2.00, p = .027. This highlights the perceived efficiency of learning to 
use the AIvaluate platform. Item S8 also shows significant results, with participants rating 
AIvaluate higher (M = 3.97, SD = 1.16) than face-to-face (M = 3.51, SD = 1.05), t(34) = -1.96, 
p = .029, suggesting that AIvaluate was seen as less cumbersome. Finally, item S9 was sig-
nificantly higher for AIvaluate (M = 3.89, SD = 0.78) compared to face-to-face (M = 3.40, 
SD = 1.10), t(34) = -1.84, p = .037, reflecting increased confidence in the virtual assess-
ment format. For the remaining six SUS items, no statistically significant differences are 
observed. For example, item S2 shows similar mean scores between face-to-face (M = 3.86, 
SD = 0.96) and AIvaluate (M = 3.94, SD = 0.89), t(34) = -0.38, p = .353, indicating that neither 
assessment format is perceived to take predominance.

The additional items (A1–A4), designed to evaluate participants’ subjective experience 
with the assessments, also reveal significant findings. For item A3, AIvaluate (M = 3.31, 
SD = 1.01) scores significantly lower than face-to-face (M = 3.89, SD = 0.89), t(34) = 2.94, 
p = .004, indicating that students’ have a stronger sense of understanding of their work 
through face-to-face assessments. Item A4 shows a notable difference, with AIvaluate 
(M = 3.91, SD = 0.77) rated significantly higher than face-to-face (M = 2.66, SD = 1.35), 
t(34) = -4.46, p < 0.001. This indicates that participants experience less anxiety during AIval-
uate assessments. For items A1-2, no statistically significant differences are found, with 
both formats receiving comparable ratings.

Student preferences

The third research question aims to identify students’ preferences for AIvaluate assessments 
over traditional face-to-face assessments, or vice versa. As explained in Sect. "Qualitative 
open-response survey data analysis (RQ3)", reflexive thematic analysis is conducted on the 
open-survey response data collected. The thematic analysis of the interviews reveals a num-
ber of high-level themes and associated sub-themes as illustrated in Table 4.

To illustrate the contrasting, and sometimes contradictory, student experiences across 
assessment formats, Table  5 presents a comparative thematic overview including verba-
tim quotes from the original dataset. The table illustrates how the same assessment dimen-
sions were experienced as strengths across both formats, albeit in contrasting ways, thereby 
highlighting divergent student preferences rather than a single dominant mode. The quotes 
included in this table were intentionally selected to exemplify the breadth and variance of 
participant experiences within each theme and sub-theme. In contrast, the quotes used in the 
detailed thematic analysis were those most representative of the central meaning of each 
theme, capturing more typical rather than extreme perspectives.

The themes and sub-themes are now presented within the overarching template used 
to consider the results, which is the strengths and challenges of each respective mode of 
assessment. In order to maintain anonymity of research participants, any identifiable data is 
removed from participant quotes in this section.
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AIvaluate: strengths of technology-led assessments

The following sub-themes illustrate the perceived strengths of the AIvaluate platform, as 
described in participant reflections on assessment comfort, control over responses, usability 
and opportunities for reflection. These sub-themes are clustered into an overarching theme 
that emphasises how the AI-based viva format reduces pressure, encourages thoughtful 
responses and fosters deeper engagement with learning.

Reduced pressure  This sub-theme captures how the AI-based format helps students feel 
less anxious and less judged compared to face-to-face assessments. Codes here consistently 
reflect reduced intimidation, less feeling of judgement from teachers, increased comfort 
and a stronger sense of safety when students interact with the system rather than a teacher. 
Participants suggest that AIvaluate provides a relaxed and less intimidating environment 
compared to face-to-face assessments. By removing the immediate presence of a teacher, 
students feel less judged and more comfortable expressing themselves, underlining how 
comparatively at ease they felt during the virtual format of assessment. Similarly, it is sug-
gested that there was less pressure when explaining concepts to an AI agent, suggesting that 
the virtual platform alleviates some nervousness associated with being directly observed by 
a person.

“I felt like there was a lot more pressure on me in the face-to-face meeting” (Partici-
pant 8)

“I didn’t have to feel the pressure of explaining in front of the teacher”

(Participant 35)

Furthermore, the lack of visible teacher reactions is also seen as contributing to a sense of 
safety from the student’s perspective.

Table 4  Thematic map of face-to-face and AIvaluate themes and sub-themes
Assessment Format Themes NP* Sub-Themes NP*
Performance 
based Assess-
ments (Viva voce)

Face-to-face Strengths of 
human-led 
assessments

19 Interaction and engagement 15
Non-verbal cues 12
Natural conversation 8

Challenges 
of human-led 
assessments

17 Increased anxiety 9
Familiar teachers 16

AIvaluate 
(virtual)

Strengths of 
technology-led 
assessments

21 Reduced pressure 14
Response times 14
Ease of use 11
Feedback and reflection 15

Challenges of 
technology-led 
assessments

18 Technical issues 8
Impersonal interaction 10
Waiting times 9

*NP = Number of Participants that made reference to the theme or sub-theme
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Sub-theme AI-preferred experience Human-preferred experience Interpretive insight
Interaction and 
engagement

“I was much more calm 
when not facing face to 
face with a tutor, I was not 
as nervous and I was able 
to form better sentences 
before sending a reply”

“The conversation felt more 
genuine and it led me to be more 
actively engaged”
“I genuinely enjoyed the face-
to-face question and answer 
session”

AIvaluate supported 
calm, structured 
responses; face-
to-face enhanced 
engagement and 
authenticity

Non-verbal cues “I liked that I was not in 
front of a real person so I 
did not feel intimidated”
“Not having to see a face 
expecting a good ans”

“Being able to see the teacher’s 
expressions while having the 
conversation helped me figure 
out which aspect of the conversa-
tion was interesting”

AIvaluate reduced 
perceived judgement; 
face-to-face cues sup-
ported reassurance 
and understanding

Natural 
conversation

“Having the option to 
write, I am able to express 
myself more fully”
“It felt more open to 
answer clearly and think 
clearly”

“I enjoy organic and spontane-
ous conversations, which would 
allow me to engage with the 
person I am talking to”
“It felt more ‘human’ and 
natural”

AIvaluate enabled 
reflective expression; 
face-to-face sup-
ported spontaneous 
dialogue

Increased anxiety “I felt like there was a lot 
more pressure on me in the 
face to face meeting”
“I felt more relaxed”

“Even though I felt anxious at 
times it still made me feel like 
I gained perspective once I 
completed it”

AIvaluate reduced 
anxiety; face-to-face 
promoted perspec-
tive despite pressure

Familiar teachers “I felt more confident with 
typing down the things I 
think instead of talking to a 
teacher that unwell known”

“I knew of my teacher, and I 
knew how her personality was, 
so it was easy for me to just 
explain things”
“My teacher was nice and 
outgoing”

AIvaluate minimised 
discomfort with 
unfamiliar asses-
sors; familiarity 
eased face-to-face 
communication

Reduced pressure “I liked that I didn’t have to 
feel the pressure of explain-
ing in front of the teacher”
“it was less pressure to give 
instant responses”

“I could tell if the teacher’s re-
sponse was positive or not, which 
made me more comfortable”
“I found it less formal than AI so 
it eased my stress”

AIvaluate lowered 
immediate perfor-
mance pressure; 
face-to-face feedback 
increased comfort

Response times “time to think without hav-
ing a teacher right in front 
of us giving us the pressure 
to answer immediately”
“The slight delay allowed 
time for me to reflect

“Communication was quicker 
and kept the flow going”
“Responses to what I said was 
faster and more insightful”

AI delays allowed 
reflection; human 
responses sustained 
conversational flow

Ease of use “It was a simple system and 
easy to use”
“very easy to use and un 
stressful”

“allowed for more meaning-
ful interactions and was more 
engaging”
“easier to communicate with the 
teacher”

AIvaluate was 
simple and low-
stress; face-to-face 
felt more intuitive

Feedback and 
reflection

“It gave me ideas on how 
to improve it and possible 
extensions”
“quite helpful in having me 
reflect back”

“The teacher still understood me 
due to my body language”
“asked very engaging questions 
that made me think”

AIvaluate encour-
aged structured 
reflection; teachers 
enabled adaptive 
feedback

Technical issues “The dictation feature was 
great because I don’t type 
very fast”

“enabled me to be able to fix my 
responses as I am saying it”
“Communication was quicker”

AIvaluate improved 
access but introduced 
friction; face-to-
face allowed instant 
clarification

Table 5  Comparative thematic contrasts between face-to-face and AIvaluate viva voce assessments
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“There was less judgement because, frankly, I couldn’t see the teacher’s reactions to 
my response”

(Participant 16)

These findings suggest that the AIvaluate format offers a more comfortable and less-pres-
sured assessment environment for students to articulate their thoughts during viva voce 
PBAs.

Response times  This sub-theme reflects how participants value the perception of having 
more time to think, compose and refine answers during AIvaluate sessions. Codes fre-
quently highlight that the absence of immediate pressure to respond, combined with the 
option to write and edit, gives students a greater sense of control and confidence. Although 
neither face-to-face nor AIvaluate viva voce sessions are timed, participants have the per-
ception that they have more time to compose and refine answers when interacting with 
AIvaluate. Participants assume that there is an allowance for deliberate thought and edit-
ing when engaging with a virtual system. This contrasts sharply with face-to-face sessions 
during which participants assume that there is a need to respond immediately to questions 
posed by the examiner. The opportunity to take time to reflect before responding to AIvalu-
ate provides students with a sense of control and confidence. They also feel that they have 
the added capacity to deliver more thoughtful, considered, and structured answers, which is 
particularly valued by participants. Furthermore, some participants suggest that they prefer 
to articulate their ideas in writing.

“typing out my responses was a great feature because I was able to proofread each 
response I write and ensure that it is conveying what I wanted it to”

(Participant 5).

“AIvaluate allows us time to think without having a teacher right in front of us giving 
us the pressure to answer immediately”

(Participant 16).

Sub-theme AI-preferred experience Human-preferred experience Interpretive insight
Impersonal 
interaction

“I felt more relaxed and 
i also think i was less 
nervous”
“good option for people 
who are anti-social”

“I prefer talking to a real 
person because the human has 
emotions”
“felt more ‘human’ talking to an 
actual person”

AIvaluate reduced 
social strain; human 
interaction offered 
emotional connection

Waiting times “The slight delay allowed 
time for me to reflect and 
think about my response”
“Talking to the AI allowed 
for more time to think”

“Face to face meetings enabled 
us to go into more detail freely”
“It took less time”

AIvaluate supported 
reflection; face-
to-face prioritised 
efficiency

Table 5  (continued) 
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“having the option to write, I am able to express myself more fully and allowing me to 
edit and add so that I am saying everything that I want to say”

(Participant 26).

Ease of use  This sub-theme synthesises codes describing the accessibility, flexibility and 
simplicity of the AIvaluate platform. Participants note that its user-friendly design and 
choice of input method (typing or speaking) cater for diverse communication preferences, 
particularly supporting those who are less confident with verbal interaction. Participants 
tend to report that AIvaluate is user-friendly and adaptable, with participants appreciating 
its straightforward design and the flexibility to choose between typing or speaking their 
responses. This suggests that the platform caters for a range of communication preferences. 
The simplicity of the system also resonates with users. Moreover, the option to type answers 
is particularly beneficial for those who find verbal communication challenging.

“I think AIvaluate would be good for people who are not comfortable with talking 
face to face”

(Participant 33)

“It was a simple system and easy to use”

(Participant 21)

“We could type in our answers rather than voicing them out. This is good for people 
who have difficulties in explaining or expressing their thoughts”

(Participant 11)

Feedback and reflection  This sub-theme captures how AIvaluate prompts critical thinking 
and deeper engagement. Codes emphasise the ability of the system to generate subject-spe-
cific questions, offer actionable suggestions and encourage students to reflect on the quality 
of their work, thereby extending beyond traditional assessment towards intellectual devel-
opment. AIvaluate is seen as having the ability to prompt critical thinking and self-reflec-
tion, which is seen as another strength highlighted by participants. The platform’s questions 
are perceived as insightful and subject specific, encouraging students to engage more deeply 
with their work. AIvaluate is able to generate actionable suggestions for improvement to 
participants, which resonates well with them.

“Responses were somewhat insightful at times when talking about my extended essay; 
it did ask me questions regarding my EE topic which made me critically think about 
the quality of the writing”
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(Participant 2)

“The AI was great in analysing my EE from a simple prompt. It gave me ideas on how 
to improve it and possible extensions”

(Participant 31)

The detailed nature of the questions presented to participants about their work not only tests 
their understanding, but also provides clarity on areas where they can improve the answers 
they give during the viva voce. It appears that AIvaluate transcends the traditional assess-
ment function by acting as a tool for intellectual development and deeper engagement.

“I liked how it told me that I answered the question wrongly and provided a question 
for clarification to better understand what it was looking for”

(Participant 22)

AIvaluate: challenges of technology-led assessments

Despite its strengths, participants also identify a number of challenges when engaging with 
AIvaluate. The following sub-themes synthesise reflections on technical barriers, lack of 
human connection and waiting times, highlighting tensions between efficiency and authen-
tic interaction.

Technical issues  This sub-theme describes how technical difficulties, such as system delays, 
hardware problems and dictation errors, disrupt the flow of assessments. Codes consistently 
associate these disruptions with frustration and a less smooth experience overall. While 
AIvaluate is generally well-received, technical difficulties present significant challenges for 
some participants. Delays in response times, unresponsive keyboards, and dictation errors 
disrupt the flow of the assessment.

“AIvaluate took long to respond which meant I had to wait for about a few minutes 
before getting the next response”

(Participant 1)

“the dictation feature cut out and didn’t really translate my answer well, so I had to 
type my responses”

(Participant 35)

In terms of the keyboard, some students note low-quality hardware which makes the experi-
ence of using AIvaluate difficult at times.
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“the main thing that disrupted my experience was the keyboard as it was quite hard 
to type”

(Participant 12)

Impersonal interaction  This sub-theme reflects participants’ concerns about the lack of 
warmth and emotional connection during AIvaluate sessions. Codes grouped here empha-
sise feelings of disengagement, robotic tone and the absence of authentic human interac-
tion. Several participants describe AIvaluate as lacking the human touch, which makes the 
interaction feel less personal and unengaging. This appears to be further compounded by the 
robotic tone of the text-to-speech feature.

“to put it bluntly, the experience with AIvaluate system was quite boring and 
unengaging”

(Participant 4)

“I prefer talking to a real person because the human has emotions”

(Participant 15)

“… the voice, because it was very robotic, made it harder for me to take it seriously”

(Participant 28)

Waiting times  This sub-theme highlights how students are negatively affected by the vari-
ability of response speeds, whether due to system processing or teacher selection of replies. 
Codes frequently reference delays as breaking conversational flow and causing frustration. 
Delays in receiving responses from the teacher are another point of frustration for partici-
pants, as prolonged waiting disrupts the natural flow of the assessment, emphasising the 
variability and unpredictability of system responses. Teachers sometimes take time to think 
about the suggested responses or form their own, in which case the student is waiting.

“the response time sometimes could be quite long depending on the question asked/
answer given”

(Participant 3)

“responses were slower than I thought a chatbot would reply”

(Participant 22)
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This indicates a mismatch between user expectations and the system’s performance. While 
not as frequently cited as other issues, these waiting times detract from the overall efficiency 
of the platform and occasionally disrupt the students’ focus during the assessment process.

Face-to-face: strengths of human-led assessments

Participants reflect positively on several features of traditional face-to-face assessments, 
particularly their interactivity, immediacy and authenticity. The following sub-themes dem-
onstrate how in-person assessments allow for richer dialogue, use of non-verbal cues and 
spontaneous conversation.

Interaction and engagement  This sub-theme captures how the immediacy and presence 
of a teacher creates more dynamic and interactive dialogue. Codes highlight spontaneity, 
responsiveness and stronger engagement compared with AI-mediated sessions. Face-to-
face assessments are praised for their ability to facilitate meaningful interaction and deeper 
engagement. Participants note that the physical presence of a teacher helps to foster a natu-
ral flow to conversations, enabling them to be more dynamic and make immediate adjust-
ments to their responses. This facilitates a more interactive dialogue that feels fluid and 
responsive compared with the equivalent virtual setting. The dynamic nature of face-to-face 
interactions also allows students to adjust their answers in real time. Furthermore, this more 
dynamic interaction enables some participants to feel more expressive and interactive in 
their responses.

"face to face, it was more engaging and flowed naturally"

(Participant 10)

"face-to-face meetings enabled me to fix my responses as I am saying it"

(Participant 16).

Non-verbal cues  This sub-theme reflects how students value the ability to read and respond 
to body language, facial expressions and other non-verbal signals. Codes suggest that such 
cues boost confidence, reassure students and improve conversational flow. Another advan-
tage of face-to-face assessments is the ability to interpret and respond to non-verbal cues, 
which many participants find to be a useful part of communication. Non-verbal feedback, 
such as facial expressions and body language, helps students gauge whether their responses 
are understood or require clarification.

"Being able to see the teacher’s expressions while having the conversation helped me 
figure out which aspect of the conversation was interesting."

(Participant 16)
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The real-time feedback allows participants to adjust their responses on the fly, which they 
feel possibly improves the coherence and relevance of their answers. Additionally, non-
verbal cues contribute to students’ sense of confidence and comfort.

"I could tell if the teacher’s response was positive or not, which made me more 
comfortable"

(Participant 14)

Natural conversation  This sub-theme synthesises comments on the authenticity and spon-
taneity of in-person dialogue. Codes emphasise how unstructured, organic exchanges 
help students feel engaged and connected. The natural conversational element of face-to-
face assessments is another aspect participants value. Some describe these interactions as 
organic, spontaneous and genuine, allowing for a natural flow that feels less structured and 
more authentic. Face-to-face interactions also enable a more fluid exchange of ideas, where 
participants can expand on their responses without feeling constrained by a rigid structure.

"the conversation felt more genuine and it led me to be more actively engaged"

(Participant 2)

"I enjoy organic and spontaneous conversations, which would allow me to engage 
with the person I am talking to"

(Participant 7)

"[the face-to-face assessment was] more ‘human’ and natural"

(Participant 27)

Face-to-face: challenges of human-led assessments

Alongside the benefits, participants also report challenges associated with face-to-face 
assessments. The following sub-themes capture how live, high-stakes interactions some-
times increase anxiety, create discomfort with unfamiliar teachers, and make assessments 
unpredictable.

Increased anxiety  This sub-theme captures how the immediacy of in-person dialogue 
heightens pressure for some students, often leading to nervousness and difficulty articulat-
ing thoughts. Codes frequently reference performance anxiety and the stress of real-time 
responses. Contrary to some of the strengths, numerous participants report that face-to-
face assessments induce heightened anxiety, particularly when they feel under pressure to 
deliver immediate and articulate responses. The physical presence of a teacher is sometimes 
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perceived as intimidating, leading to nervousness and, in some cases, a struggle to com-
municate effectively.

"I actually felt quite a bit of pressure when explaining to my teacher which made me 
almost stumble over my words"

(Participant 35)

This anxiety is particularly pronounced when students feel unprepared or unsure about their 
answers, as the immediacy of the interaction leaves little room for reflection or revision. 
The perceived pressure to respond quickly in real-time conversations also exacerbates this 
anxiety.

"I felt that I had to answer much quicker as it was a conversation and the person was 
in front of me, maybe because of this I was more nervous"

(Participant 9)

This sense of urgency often prevents students from fully formulating their thoughts, poten-
tially leading to responses that do not accurately reflect their knowledge or understanding. 
For students who are naturally more reserved or prone to social anxiety, this aspect of face-
to-face assessments presents a significant challenge.

Familiar teachers  This sub-theme reflects how interacting with unfamiliar teachers cre-
ates additional stress for students. Codes point to lack of rapport, reduced openness and 
increased self-consciousness as barriers to communication. Another challenging aspect of 
face-to-face assessments is the discomfort associated with unfamiliar teachers. Many par-
ticipants express that working with a teacher they do not know well makes the experience 
more stressful and less conducive to open communication. This highlights how unfamiliar-
ity creates a barrier to effective interaction. This discomfort is further compounded by a 
lack of established rapport, which some participants feel prevents them from expressing 
themselves freely.

"talking face to face with a teacher that I didn’t know was also more stressful"

(Participant 28)

"it was nerve-wracking to have another teacher who did not know about my EE inter-
viewing me"

(Participant 16)

This suggests that a lack of familiarity not only increases stress but also hinders the overall 
quality of the assessment. For some students, this unfamiliarity introduces an additional 
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layer of anxiety, making it harder for them to feel at ease and confident in their performance. 
This theme highlights the importance of trust and rapport in face-to-face assessments and 
suggests that these factors can significantly impact students’ experiences and outcomes.

Discussion

The findings of this study provided valuable insights into the effectiveness and acceptability 
of using AIvaluate, an emotionally intelligent LLM-augmented pedagogical conversational 
agent, to reduce student anxiety during oral PBAs. This section contextualises the results 
within the broader educational literature, discusses the implications for practice, and identi-
fies areas for further research.

The primary aim of this study was to determine whether AIvaluate could reduce student 
anxiety levels during PBAs compared to traditional face-to-face assessments. The findings 
relating to RQ1 revealed that, in terms of strengths of AIvaluate, students reported signifi-
cantly lower anxiety levels during AIvaluate assessments. These findings aligned with previ-
ous research highlighting the potential of AI conversational agents to create a low-pressure 
environment conducive to student well-being (Klos et al., 2021; Liu et al., 2022). As a result 
of the open response surveys, some key factors that may have contributed to the observed 
reduced anxiety in AIvaluate assessments included the absence of direct teacher observa-
tion and participants having the perception that they had more time to respond to questions 
compared with the virtual setting. Students appreciated having the flexibility to compose 
and refine their answers in a virtual setting, which contrasted with the perceived need to 
respond immediately in face-to-face interactions. These results corroborated findings from 
(Alcorn & Cheesman, 2022), who emphasised the benefits of controlled environments in 
technology-assisted PBAs. Although reduced anxiety was observed in AI-mediated assess-
ments, this should not be assumed to directly translate into improved learning outcomes. 
As discussed in Sect. "A discourse on student anxiety", moderate levels of anxiety could be 
facilitative for learning and performance; however, for some learners heightened anxiety 
may more readily exceed optimal arousal levels, increasing the likelihood of threat-based 
responses that undermine cognitive processing and assessment performance. Future research 
should therefore examine whether AI-mediated PBAs balance the reduction of debilitating 
anxiety with the maintenance of constructive challenge. In terms of challenges, accurate 
replication of human-like engagement was a limitation of AIvaluate, as some students noted 
the lack of emotional connection and spontaneity when using the application. While the AI 
conversational agent effectively reduced anxiety for the majority of participants, it is worth 
noting that some students preferred the more dynamic interaction that face-to-face assess-
ments offered. This suggests that while technology-assisted assessments conducted through 
AI conversational agents, such as AIvaluate, might serve as a supportive alternative, they 
might not serve as a complete replacement for traditional methods, particularly for students 
who thrive on direct human interaction. Furthermore, it is important to note that AIvaluate 
did not capture discrete categories of anxiety (e.g. cognitive, somatic, social-evaluative), 
as the 1–10 slider in the self-reporting tool captured students’ overall subjective anxiety 
intensity during assessment tasks. Given that performance-based oral assessments are par-
ticularly associated with cognitive worry and social-evaluative pressure, it is reasonable to 
interpret these ratings as reflecting assessment-related anxiety within those domains, rather 
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than general or clinical anxiety. Moreover, the anxiety-related findings in this study should 
be understood in light of the underlying objectives of the EE viva voce, as described in 
Sect. "Assessment Objectives and Performance Measures". This assessment requires stu-
dents to draw on multiple skill domains simultaneously; articulating conceptual understand-
ing of their research, engaging in critical reflection, structuring coherent and well-organised 
responses, and communicating effectively in an oral format. These demands involve both 
cognitive and communicative complexity, which can naturally elevate anxiety levels, par-
ticularly when responses must be produced spontaneously in the presence of an examiner. 
While the present study focused on emotional and usability outcomes, it did not examine 
the relationship between these objectives and detailed performance metrics, which limits the 
extent to which anxiety levels can be interpreted alongside demonstrated proficiency in each 
domain. Future research could incorporate validated performance measures to explore how 
specific objective domains, such as oral fluency or critical reasoning, interact with different 
delivery formats to influence both emotional and performance outcomes.

The findings for RQ2 revealed that AIvaluate demonstrated strong usability, with an 
overall SUS score indicating “good” usability, surpassing the score for face-to-face assess-
ments. Significant differences were observed in areas such as perceived confidence and 
the need for external support, with AIvaluate scoring higher in both cases. This reflects the 
user-friendly design of the system and its ability to provide a supportive, less intimidating 
assessment environment. The thematic analysis highlighted specific advantages, such as 
reduced pressure, flexible response options, and actionable feedback, which enhanced the 
user experience. These attributes are consistent with the principles of the Universal Design 
for Learning educational framework, which emphasise flexibility and personalisation to 
accommodate diverse learner needs (Altowairiki, 2024; Meyer et al., 2014). However, tech-
nical issues including response delays and errors in speech-to-text functionality detracted 
from the overall experience for some students. These findings align with prior research on 
the limitations of AI conversational agent systems, emphasising the need for robust techni-
cal infrastructure and responsive design to ensure seamless user interaction (Padmasiri et 
al., 2023; Tyagi, 2024). Addressing these challenges is crucial for improving the reliability 
and scalability of AI conversational agent-based assessment systems.

The findings for RQ3 revealed a range of preferences for, and against, the two assessment 
formats. While AIvaluate excelled in reducing anxiety, and providing a structured environ-
ment, face-to-face assessments were preferred for their natural conversation flow, real-time 
feedback, and engagement through non-verbal cues. These results highlight the comple-
mentary strengths of both formats. Students valued the interactive and engaging nature of 
face-to-face assessments, which facilitated adaptive dialogue and immediate clarification of 
concepts. However, the face-to-face format also seemed to elicit reports of higher anxiety, 
particularly in the presence of unfamiliar teachers. This finding is consistent with exist-
ing literature on social evaluation anxiety in educational settings (Mills et al., 2016). On 
the other hand, AIvaluate offered a less intimidating environment by removing the imme-
diacy of direct observation, fostering comfort and enabling thoughtful responses, which 
could potentially better support learners who experience heightened anxiety that exceeds 
the individual zone of optimal functioning during PBAs. Nevertheless, the lack of human 
interaction and occasional technical glitches limited its ability to fully replicate the rich-
ness of face-to-face dialogue. These compromises highlight the potential for exploring the 
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development of hybrid assessment models that integrate the strengths of both face-to-face 
and virtual assessment formats.

In light of the key findings of this study, several recommendations for future research 
have been identified for the deployment of an AI conversational agents in PBAs. These 
research recommendations are presented in Table 6.

RR1. Integrate AI-based assessment into range of assessment strategies: As AIvalu-
ate achieved promising results in reducing student anxiety, institutions should explore 
ways of integrating AI-based assessments into a range of existing assessment strate-
gies to maximise its effectiveness and realise potential benefits. Candidate assessment 
strategies could include structured interviews, scenario-based questioning, and adap-
tive questioning techniques that respond to student input dynamically. By tailoring the 
assessment approach to the learning objectives, educators can leverage AI’s versatility 
while ensuring that evaluations remain rigorous and aligned with curriculum goals.
RR2. Explore the value of hybrid assessment models: A blended approach that com-
bines face-to-face with augmented AI-based assessment tools could help to address 
diverse student preferences and learning styles. A hybrid model of assessment could 
provide flexibility, allowing students to benefit from the personalised feedback of 
face-to-face human interactions whilst also benefitting from the reduced anxiety that 
AI-based applications like AIvaluate can offer. Such a model could help facilitate inclu-
sivity and help educators better assess students’ abilities across various contexts.
RR3. Focus on developing more anthropomorphic agents: To improve user experi-
ence and engagement, further research and development of AI-based assessment sys-
tems should focus on making interactions more human-like. Enhancing the emotional 
intelligence of AIvaluate, such as its ability to recognise and respond empathetically to 
student emotions, can help mitigate concerns about impersonal interactions. Anthropo-
morphic features, like adaptive language and tone, could also increase trust and accep-
tance among users.
RR4. Explore potential within formative and summative assessments: The poten-
tial for AI-based integrations in both formative and summative assessments should be 
further explored. AIvaluate can be utilised to provide immediate, personalised feedback 
during formative assessments, enabling students to track their progress and identify 
areas for improvement in real time. For summative assessments, AI systems can ensure 
consistency, reduce bias, and provide robust data analysis to support final grading. 
Developing innovative AI-based assessment formats that align with institutional learn-
ing objectives could revolutionize how student learning is evaluated.

Table 6  Future recommendations
# Research recommendation Source
RR1 Integrate AI-based assessment into range of assessment strategies ESA, ORSA: RP
RR2 Explore the value of hybrid assessment models ORSA: RP, EU, IE
RR3 Focus on developing more anthropomorphic agents ORSA: II
RR4 Explore potential within formative and summative assessments ESA, ORSA: RP, EU
RQ1 – Emotional State Analysis (ESA).
RQ2 – Systems Usability Scale Analysis (SUSA).
RQ3 – Open Response Survey Analysis (ORSA): Ease of Use (EU), Impersonal Interaction (II), Interaction 
and Engagement (IE), Reduced Pressure (RP).
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Study limitations and future research

This study examined student experience and anxiety rather than performance outcomes. 
AIvaluate was associated with reduced anxiety. This may be especially relevant for learn-
ers whose anxiety exceeds their individual zone of optimal functioning in performance-
based assessments, including those with social anxiety or neurodivergent profiles; however, 
reduced anxiety should not be assumed to benefit all students. It is important to note that this 
study did not explicitly recruit participants with identified social anxiety or neurodivergent 
profiles, nor did it collect data relating to these characteristics. As a result, it is not possible 
to determine whether AIvaluate is empirically beneficial for these learner groups, repre-
senting a limitation of the present study. Nevertheless, the observed reductions in anxiety 
suggest potential value for learners who experience anxiety that exceeds their individual 
zone of optimal performance during performance-based assessments, an implication that 
warrants targeted investigation in future research. Further investigation is required into 
measuring student performances and outcomes when using AI-powered assessment tools. 
Furthermore, this study and the associated results have focused on a specific demographic 
of students, which may limit generalisability, hence, future research should examine the 
applicability of AIvaluate across diverse educational contexts and age groups.

The study also assessed immediate emotional and usability outcomes. Longitudinal 
studies are needed to evaluate the long-term impact of AI conversational agent-based 
assessments on student learning and performance. Future research should focus on collect-
ing, analysing and optimising system performance data and exploring the integration of 
advanced multimodal interaction features to address technical shortcomings. Future work 
may use multidimensional instruments to disaggregate types of anxiety; however, this study 
prioritised capturing immediate, intuitive self-reports that reflect how students experience 
anxiety dynamically during assessments. AIvaluate represents a promising advancement 
in educational technology, offering an emotionally intelligent, LLM-augmented conversa-
tional agent that reduces student anxiety and provides a more positive assessment experi-
ence, however, this solely in the context of student anxiety. While face-to-face assessments 
remain valuable for their dynamic interaction and engagement, AI-driven assessments may 
offer a viable alternative in specific contexts and for particular learner groups. By addressing 
technical challenges and integrating hybrid models, institutions can create more equitable 
and effective assessment frameworks that cater to the diverse needs of students.

Conclusion

This study explored the effectiveness of AIvaluate, an emotionally intelligent LLM-aug-
mented pedagogical AI conversational agent, in reducing student anxiety during oral PBAs. 
The findings demonstrate that AIvaluate significantly reduces student anxiety levels com-
pared to traditional face-to-face assessments while maintaining strong usability and poten-
tial for user acceptance, however, further investigation is necessary to ascertain whether 
reduced anxiety is beneficial for the students learning. AIvaluate has the potential to func-
tion as a facilitative mechanism for learners who experience heightened anxiety in perfor-
mance-based assessments that exceeds optimal arousal levels. Such anxiety can increase the 
risk of threat-based responses and mask underlying competence. Key benefits of AIvaluate 
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include its ability to create a low-pressure environment, facilitate thoughtful and structured 
responses, and provide flexible communication options. These attributes were instrumen-
tal in fostering a more inclusive and comfortable assessment experience, particularly for 
students prone to performance anxiety. The system design and integration of emotional 
intelligence through real-time self-reporting and adaptive responses contributed to its over-
all positive reception, as reflected in higher SUS scores compared to face-to-face assess-
ments. However, limitations were noted, including occasional technical issues and the lack 
of human engagement that some students value in traditional assessment formats. Face-to-
face assessments were praised for their interactive and conversational dynamics, immediate 
feedback, and the richness of non-verbal communication, which foster deeper engagement 
and natural dialogue. These advantages highlight the complementary strengths of face-to-
face and AI conversational agent-based assessments. The findings suggest that AIvaluate 
can serve as an effective tool for reducing student anxiety in oral PBAs, offering a viable 
alternative to more traditional assessment formats. While this study focused on a specific 
demographic, its findings highlight the potential for AI conversational agents to transform 
assessments by reducing anxiety and promoting inclusivity. Future research should explore 
the application of such systems across diverse educational settings and evaluate their long-
term impact on learning outcomes, including the comparison and analysis of performance 
scores in both traditional and AI led assessments. The development of hybrid assessment 
frameworks, integrating both AI and human elements, represents a promising avenue for 
creating adaptive, student-centered assessment practices that cater to a variety of needs and 
preferences. AIvaluate thus exemplifies the potential of innovative technology to advance 
educational equity and effectiveness in the modern classroom.
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