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Malaysian learners preparing for the Malaysian University English Test face restricted 
access to individualised speaking rehearsal and feedback, alongside anxiety that can 
discourage oral practice. This study evaluated whether Fluency.my, a locally oriented 
multimodal speaking coach, provided a usable practice environment, reduced 
immediate self-reported speaking anxiety, and supported automated analysis of 
learner recordings. [MY INFERENCE] Design science research and multimodal learning 
analytics framed the platform as an educational artefact whose value depended on the 
joint operation of linguistic, vocal, and visual feedback. A mixed-methods pilot 
evaluation was conducted with 10 students at Management and Science University in 
Malaysia after each participant completed a platform session. The analysis 
descriptively examined System Usability Scale responses, adapted Foreign Language 
Classroom Anxiety Scale scores collected before and after practice, and speech-
recognition and computer-vision performance metrics. The participants’ mean System 
Usability Scale score was 74.5. The mean adapted Foreign Language Classroom Anxiety 
Scale score decreased from 24.2 before practice to 19.1 afterwards, corresponding to 
the reported 21.1% immediate reduction. The speech-recognition pipeline recorded a 
word error rate of 11.4%, while face detection reached 94.2%. [MY INFERENCE] The 
study’s originality lies in integrating examination-aligned language coaching with 
speech, voice, and non-verbal analysis for Malaysian learners. [MY INFERENCE] 
Educators should use the platform as a supervised rehearsal aid while retaining human 
judgement for consequential speaking assessment. 
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1. Introduction 

 
For Malaysian university students, preparation for the Malaysian University English Test speaking 

component requires repeated oral practice, criterion-aligned feedback, and opportunities to 
rehearse under manageable evaluative pressure. These conditions are difficult to reproduce when 
individual feedback is scarce or available only during formal teaching. Speaking anxiety compounds 
the problem because fear of negative evaluation can suppress voluntary practice before the 
assessment itself. Foreign language classroom anxiety is established as a distinct affective construct 
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[1], and earlier reviews describe its disruptive relationship with language learning and performance 
[2]. 

Technology-mediated rehearsal can create a lower-exposure environment in which learners 
repeat speaking tasks and receive feedback without an immediate human audience. The evidence is 
not uniform. High-immersion virtual reality reduced anxiety relative to videoconferencing in one 
repeated-practice study [3], whereas artificial intelligence-supported instruction improved speaking 
outcomes without changing anxiety in another study [4]. A randomised high-immersion virtual-reality 
study also found that lower anxiety within the virtual setting did not transfer reliably to real-life 
speaking [5]. Task-specific analysis further shows that anxiety change can differ across pair work, 
presentations, debates, and storytelling [6]. Systematic-review and meta-analytic evidence therefore 
supports a conditional account in which technology can reduce anxiety, but its effect depends on 
psychological safety, feedback, task structure, and social interaction [7,8]. 

Automated speaking support also presents a measurement problem. Multimodal learning 
analytics combines evidence from more than one channel to represent complex performance [9], 
while contemporary language systems can add transcript-based scoring and generated formative 
comments. Research on automated scoring shows that a language model can be constrained by 
structured criteria [10], but recognition accuracy remains sensitive to accent, first-language 
phonology, proficiency, speaker traits, and speech style [11]. Domain-specific fine-tuning can 
improve recognition for non-native speech, although performance changes with the composition and 
preparation of the training corpus [12]. 

The unresolved issue is therefore not simply whether a digital tool can produce feedback, but 
whether exam-aligned linguistic scoring, vocal analysis, non-verbal analysis, and affective support can 
operate together in one localised practice cycle. Existing evidence does not establish that a 
favourable user experience, lower immediate anxiety, and acceptable transcription accuracy will co-
occur for Malaysian learners preparing for the same assessment. This integration is theoretically 
important because affective benefit should depend on both the learning environment and the 
dependability of the automated interpretation on which feedback is based. 

The study consequently designed and evaluated Fluency.my, an artificial intelligence-driven 
multimodal platform for Malaysian University English Test speaking preparation. It examined 
whether the prototype could complete an examination-aligned coaching cycle, whether participants 
found it usable, whether self-reported speaking anxiety changed immediately after one session, and 
how the speech-recognition and computer-vision components performed. The contribution was a 
localised artefact and a pilot evaluation that connected system feasibility, user experience, affective 
response, and recognition performance within the same study. 

 
2. Methodology 
2.1 Research Design 

 
The study adopted design science research within a mixed-methods pilot framework. Design 

science research was appropriate because the work centred on constructing and evaluating an 
educational technology artefact [13]. Development proceeded through iterative software sprints in 
which platform functions and analysis outputs were reviewed against system development, model 
implementation, and testing objectives. 
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2.2 Participants, Setting, and Procedure 
 
The pilot involved 10 student participants at Management and Science University in Malaysia. 

Participants were grouped in the source data as above-average, average, or below-average 
proficiency. Each participant completed a platform session, responded to the System Usability Scale 
after use, and completed the adapted Foreign Language Classroom Anxiety Scale immediately before 
and after the session. The evaluation also recorded performance metrics from the speech-
recognition and computer-vision pipeline. 

 
2.3 System Architecture 

 
Fluency.my was implemented as a full-stack web application. The frontend used Next.js 15, React 

19, TypeScript, and Tailwind CSS, while the backend used FastAPI and Uvicorn. Supabase PostgreSQL 
provided the database layer, row-level security, and private video storage. Table 1 summarises the 
technologies used in the platform. 

 
 Table 1 
 Technology stack 

Layer Technology 

Frontend Next.js 15 (App Router), React 19, TypeScript, Tailwind CSS 

Backend FastAPI and Uvicorn (Python asynchronous processing) 

Database and storage Supabase PostgreSQL with row-level security; Supabase Storage 

Speech-to-text Groq whisper-large-v3-turbo; local OpenAI Whisper fallback 

Language-model 
coaching 

Groq llama-3.3-70b-versatile 

Computer vision MediaPipe 0.10.x Face Mesh and Pose 

Voice analysis librosa pitch estimation and root-mean-square energy 

Sentiment Valence Aware Dictionary and Sentiment Reasoner 

 
2.4 Artificial Intelligence Analysis Pipeline 
 

The analysis pipeline was triggered after video upload and executed asynchronously. MediaPipe 
vision analysis, librosa voice analysis, and Whisper transcription ran in parallel. The completed 
transcript was then analysed for speaking pace, filler density, lexical diversity, discourse markers, 
sentence-length variation, and sentiment. Figure 1 shows the sequence from upload through feature 
extraction, scoring, feedback generation, and storage. 
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Fig. 1. Fluency.my artificial intelligence analysis pipeline 

 
A two-layer scoring process combined rule-based anchors with language-model evaluation. The 

rule layer generated criterion anchors from linguistic and delivery measures. The language model 
received the anchors and transcript and was constrained to score within the tolerance implemented 
in the source system. The platform then generated ranked advice and a composite confidence score 
from the band, eye-contact, posture, voice, pace, sentiment, and filler-density measures. 

 
2.5 Coaching and Feedback Functions 

 
During guided sessions, the platform monitored gaze, posture, filler words, and speaking pace. 

After a session, it presented a Malaysian University English Test band estimate, criterion-level 
feedback, a transcript with highlighted language features, pace information, and prioritised advice. 
Educator functions supported task assignment, review of submissions, video playback, and 
documented human correction of an automated band estimate. 

 
2.6 Measures and Analysis 

 
Usability was measured with the 10-item System Usability Scale [14]. Speaking anxiety was 

measured with an adapted 8-item Foreign Language Classroom Anxiety Scale administered before 
and after the session. The original scale is established in language-anxiety research [1], while 
validation work on a short form shows that item reduction requires separate psychometric 
examination [15]. Speech-recognition performance was evaluated with word error rate, and visual 
performance was evaluated with face- and pose-detection rates. The study reported descriptive 
values and participant-level changes; it did not conduct an inferential test of the anxiety outcome. 
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3. Results and Discussion 
3.1 Artificial Intelligence Pipeline Performance 

 
The speech-recognition component recorded a word error rate of 11.4% across the test 

recordings. Face detection reached 94.2%, pose detection reached 91.7%, and the average posture 
score was 74.2 out of 100. Repeated submission of identical inputs produced a maximum band 
deviation of ±0.3, and the end-to-end pipeline processed a 2-minute video in 18.4 seconds. Table 2 
presents the complete pipeline metrics. 

 
Table 2 
Artificial intelligence pipeline performance 

Metric Result 

Word error rate 11.4% 

Face detection rate 94.2% 

Pose detection rate 91.7% 

Average posture score 74.2 / 100 

Band-score consistency, maximum deviation ±0.3 bands 

End-to-end pipeline time for a 2-minute video 18.4 seconds 

 
3.2 System Usability 
 

The overall mean System Usability Scale score was 74.5. Participant scores ranged from 52.5 to 
90.0 across the proficiency groups recorded in the source data. Table 3 reports each participant’s 
score and the classification used in the pilot. 

 
Table 3 
System usability scale scores by participant 

Code Group Score (/100) Usability grade 

P01 Above Average 87.5 Excellent 

P02 Above Average 82.5 Excellent 

P03 Above Average 90.0 Excellent 

P04 Above Average 80.0 Excellent 

P05 Above Average 85.0 Excellent 

P06 Average 72.5 Above Average 

P07 Average 67.5 Average 

P08 Average 70.0 Above Average 

P09 Below Average 57.5 Below Average 

P10 Below Average 52.5 Below Average 

Overall — 74.5 Above Average 
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3.3 Speaking Anxiety 
 

All 10 participants recorded lower self-reported anxiety after the session. The mean adapted 
Foreign Language Classroom Anxiety Scale score moved from 24.2 before practice to 19.1 afterwards. 
The source Results reported this change as a 21.1% mean reduction. Table 4 gives the participant-
level results, and Figure 2 displays the before-and-after pattern. No inferential test was reported. 

 
Table 4 
Adapted foreign language classroom anxiety scale results 

Code Group Pre-test (/40) Post-test (/40) Change Reduction 

P01 Above Average 15 9 -6 40.0% 

P02 Above Average 18 11 -7 38.9% 

P03 Above Average 14 8 -6 42.9% 

P04 Above Average 20 14 -6 30.0% 

P05 Above Average 21 15 -6 28.6% 

P06 Average 26 22 -4 15.4% 

P07 Average 28 22 -6 21.4% 

P08 Average 28 24 -4 14.3% 

P09 Below Average 34 31 -3 8.8% 

P10 Below Average 38 35 -3 7.9% 

Overall 
Average — 24.2 19.1 -5.1 21.1% 

 

 
Fig. 2. Adapted foreign language classroom anxiety scale scores before and after the session 

 
3.4 Discussion 
 

The three outcomes address different parts of feasibility. The usability score describes the 
participants’ experience of the interface and workflow, the anxiety scores describe immediate self-
report change, and the word error rate describes transcription performance under the pilot 
conditions. Together, they indicate that the prototype completed a usable coaching cycle and that 
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the affective outcome moved in the intended direction. They do not establish an intervention effect, 
population-level usability, or equivalence between automated and human assessment. 

The usability result was broadly consistent with recent educational-technology evidence. A 
systematic review reported an overall System Usability Scale mean of 64.5 with a standard deviation 
of 14.61 [16], while a mobile language-learning task recommender reported a mean of 72.0 [17]. A 
study of ChatGPT for formal English learning reported its usability result on a different denominator, 
preventing direct comparison without clarification [18]. [MY INFERENCE] Fluency.my’s broader 
workflow may impose different demands because users must record speech, await multimodal 
processing, interpret band-aligned feedback, and navigate several forms of analysis. The pilot size 
also means that the mean should be treated as a feasibility estimate rather than a stable population 
value. 

The immediate decrease in adapted anxiety scores followed the direction reported in parts of the 
digital speaking-practice literature. Virtual-reality practice reduced anxiety relative to 
videoconferencing in one repeated-measures study [3], and the meta-analysis reported an overall 
Hedges’ g of −0.522 and a sensitivity estimate of −0.441 [8]. Other studies established important 
boundaries: one artificial intelligence-supported intervention improved speaking without changing 
anxiety [4], reduced anxiety in a virtual setting did not transfer reliably to real-life speaking [5], and 
anxiety change varied by task type [6]. Fluency.my may have lowered immediate evaluative pressure 
through private practice and automated feedback, but the current design cannot determine whether 
that change persists or transfers to an examiner-facing task. 

The word error rate was comparable in magnitude with selected Whisper results under some 
conditions but cannot be treated as a universal accuracy estimate. Graham and Roll reported 
substantial variation by first-language phonology, proficiency, speaker traits, and speech style [11]. 
Jain and colleagues showed that domain-specific fine-tuning and corpus composition changed 
recognition performance across native and non-native child-speech datasets [12]. The next system 
evaluation should therefore report error separately by proficiency, Malaysian English variety, code-
switching, and recording condition to determine whether the aggregate value conceals unequal 
performance. 

The design also limits causal interpretation. A one-group pre-test–post-test design remains 
vulnerable to testing and other internal-validity threats [19], and pilot sample requirements depend 
on the estimation goal of the subsequent study [20]. The current evidence supports feasibility rather 
than effectiveness. A controlled, longitudinal comparison with blinded human ratings is required 
before the platform can be claimed to improve Malaysian University English Test speaking 
performance or produce durable anxiety reduction. 

 
4. Conclusions 

 
This study examined whether a locally designed digital speaking coach could offer Malaysian 

learners a workable form of Malaysian University English Test preparation while easing the practical 
and emotional barriers that arise when personalised rehearsal and feedback are difficult to obtain. 
The pilot showed that learners were able to use the platform, that self-reported speaking 
apprehension moved downward immediately after practice, and that the integrated speech and 
visual-analysis pipeline completed the coaching process as intended. These findings establish 
feasibility, not effectiveness: they show that the prototype can support a complete practice cycle, 
but they do not demonstrate durable anxiety change, better examination performance, equitable 
recognition across learner groups, or agreement with expert scoring. For theory, the study positions 
affective benefit as the product of an interaction among the learning setting, the feedback encounter, 
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and the dependability of automated interpretation, rather than as an inherent property of 
educational artificial intelligence. Educators and institutional decision-makers should deploy the 
system as a supervised rehearsal aid, retain human judgement for consequential assessment, and 
monitor whether lower-proficiency and locally accented users receive feedback of comparable 
quality. The priority is a multi-wave comparison against usual Malaysian University English Test 
preparation, with blinded examiner judgements, anxiety assessed under examination-like conditions, 
and transcription errors analysed separately for proficiency and Malaysian English variety. 
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