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ublic speaking anxiety, commonly referred to as glossophobia, affects an estimated 73-
77% of individuals globally, yet most conventional training approaches fail to provide 
timely, personalized, and holistic feedback. This paper introduces OratorPath, an AI-

powered platform that delivers real-time, multimodal feedback on verbal and non-verbal 
speech-related dimensions. The evaluation dataset consisted of approximately 800 public 
speaking videos and was divided into 70% training, 15% validation, and 15% testing sets. 
OratorPath achieved an overall weighted accuracy of 87.73% (95% CI: 85.2%-90.1%, p < 
0.001), with component-level results of 92.50% for speech analysis, 92.25% for text 
processing, and 76.45% for facial and gesture recognition. A one-way ANOVA confirmed 
statistically significant performance differences between OratorPath and benchmark tools 
(F(3,796) = 14.27, p < 0.001). Pilot testing with university students showed over 85% self-
reported improvement in fluency and reduced reliance on filler words. These results indicate 
that OratorPath provides a scalable, accessible, and statistically validated framework for public 
speaking improvement in educational technology, digital communication training, and 
human–computer interaction. 
Keywords: Public Speaking; Real-Time Feedback; Artificial Intelligence; Human-Computer 
Interaction; Natural Language Processing; Communication; Educational Technology. 
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Introduction: 
Problem Context: Public Speaking Anxiety and Traditional Limitation: 

The fear of public speaking, commonly known as glossophobia, is one of the most 
widely reported communication-related anxieties across academic and professional settings 
[1]. It extends beyond temporary nervousness and can substantially affect an individual's ability 
to communicate ideas clearly in educational, workplace, and social contexts [2]. Recent studies 
indicate that approximately 73%-77% of individuals experience some degree of public 
speaking anxiety, while 20%-40% report symptoms severe enough to interfere with 
performance and confidence [3]. These figures demonstrate the scale of the problem and 
highlight the need for scalable, evidence-based intervention tools. 

Despite the prevalence of this challenge, conventional support methods such as 
coaching sessions, online videos, peer feedback, and classroom workshops often remain 
limited in effectiveness [4]. A central limitation is that these approaches rarely provide 
immediate, personalized, and multidimensional feedback [4]. Many systems focus on isolated 
aspects of presentation delivery, such as verbal content or body language, without 
simultaneously evaluating tone, facial expression, gesture, pacing, and speech structure. As a 
result, learners frequently receive feedback that is delayed, inconsistent, or too general to 
support measurable improvement. 

Instructor-led models also present practical challenges related to cost, scalability, and 
subjectivity. Human coaches are not always available, and the quality of feedback may vary 
depending on individual teaching style, expertise, or evaluative bias [5]. In large educational or 
professional training environments, these limitations make it difficult to provide consistent 
support to every learner. 

Peer review, although pedagogically useful, introduces another methodological 
concern known as the rehearsal paradox. In such settings, it is difficult to determine whether 
observed improvement results from feedback itself or from additional rehearsal during the 
preparation process [6]. This limitation highlights the need for tools that move beyond 
repeated practice by providing precise, timestamped, and parameter-level feedback that 
enables learners to make targeted improvements during or immediately after performance. 
The Transformative Role of Artificial Intelligence in Communication Training: 

Artificial intelligence has substantially advanced communication training by enabling 
automated, scalable, and data-driven feedback. Developments in natural language processing 
(NLP), machine learning, and computer vision have made it possible to address several 
longstanding limitations of traditional instruction [4]. AI-based systems can deliver rapid, 
personalized feedback with greater consistency and can evaluate both verbal content and non-
verbal delivery dimensions within a single analytical process [4]. 

These technologies also improve accessibility by reducing dependence on physical 
location, scheduling constraints, and the availability of expert coaches [4]. Learners who may 
not have access to formal communication training can practice independently and receive 
structured feedback, making public speaking support more scalable and equitable. 

Virtual practice environments further support confidence development by reducing 
the social pressure associated with live audiences. Prior research indicates that virtual training 
can improve learner confidence by up to 40% [3]. AI-based tools should therefore be 
understood not merely as substitutes for human instruction, but as mechanisms that extend 
public speaking training to contexts where timely, adaptive, and inclusive support would 
otherwise be inaccessible. 
Introducing OratorPath: Bridging Gaps in Public-Speaking Enhancement: 

This paper presents OratorPath, an AI-powered framework designed to deliver 
detailed, personalized feedback across multiple dimensions of public speaking, including vocal 
delivery, facial expression, gesture, and content structure [4]. Unlike existing tools that evaluate 
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a single dimension of speech performance in isolation, OratorPath integrates verbal and non-
verbal analysis to support a more comprehensive assessment of speaker proficiency and to 
enable targeted, parameter-level improvement. 

OratorPath is designed to move beyond aggregate scoring by providing real-time, 
adaptive feedback calibrated to individual performance patterns. The system identifies 
emotional cues, estimates confidence indicators, and tracks parameter-level progress across 
repeated sessions. Administrative features further support performance monitoring and 
longitudinal progress management. Through this integrated architecture, OratorPath 
addresses the limitations of both traditional instruction and narrower AI coaching tools by 
offering a flexible, evidence-based environment for the systematic development of 
communication skills. 

The rest of this paper is organized as follows: Section II reviews related work on 
traditional pedagogy and AI-based communication tools. Section III details the system 
architecture and technical implementation of OratorPath, including its core parameters. 
Section IV presents the case study, empirical evaluation, and statistical comparative analysis. 
Section V discusses implications and future directions, followed by the conclusion in Section 
VI. 
Research Objectives: 

To develop a real-time multimodal AI framework capable of analyzing six measurable 
public speaking parameters within a single platform. 

To provide timestamped, parameter-level feedback that supports targeted 
improvement rather than relying only on repeated practice. 

To evaluate OratorPath using dataset split validation, component-level accuracy 
metrics, confidence intervals, and statistical comparison tests. 

To demonstrate the accessibility and scalability of OratorPath for educational and 
professional communication training contexts. 
Novelty of the Proposed System: 

The novelty of OratorPath lies in its unified analysis of six measurable speech 
parameters within a single real-time system. Existing tools generally address selected aspects 
of speech performance, such as filler words, pacing, or content clarity, while OratorPath 
combines acoustic analysis, NLP-based content evaluation, facial expression recognition, and 
gesture tracking into one feedback engine. The system also uses a custom annotated filler-
word dataset to distinguish hesitation markers from intentional word use, adding 
methodological value to automated speech assessment. 
Related Work & Background: 
Traditional Public Speaking Pedagogy and Its Inherent Challenges: 

Traditional public speaking instruction commonly relies on classroom presentations, 
peer critique, and instructor coaching [4]. While these approaches retain value through direct 
human interaction and contextual judgment, their effectiveness is structurally constrained by 
limited scalability, inconsistent feedback quality, and dependence on instructor availability [4]. 
Critically, these methods lack mechanisms to provide real-time, objective, and 
multidimensional assessment, which constitutes the central gap they leave unaddressed. 

Peer feedback is also inconsistent because student reviewers frequently lack the 
domain expertise required to deliver precise and actionable critiques. Prior studies indicate that 
peer reviewers tend to emphasize surface-level delivery features while overlooking content 
organization, argument clarity, and deeper communicative effectiveness [7]. Moreover, the 
contribution of peer feedback to observable improvement is methodologically difficult to 
isolate, as gains may result from the additional rehearsal involved in the peer review process 
rather than from the feedback itself [6]. 
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Mirror-based practice is another commonly recommended method for improving 
body language [8]. Although it may increase self-awareness, empirical evidence supporting its 
direct impact on measurable speaking outcomes remains limited [8]. Traditional feedback can 
also be affected by gender, cultural, and age-related bias. For example, research suggests that 
women may receive more interpersonal comments, whereas men are more likely to receive 
task-oriented feedback [9]. Properly designed AI systems can help reduce such inconsistencies 
by applying stable evaluation criteria across users [10]. 

These limitations collectively highlight a significant gap in the literature: existing 
pedagogy and AI-assisted tools fail to deliver real-time, scalable, objective, and fully 
multimodal feedback within a unified framework. Recent studies from 2020 to 2024 confirm 
that while individual components such as filler-word detection [11][12], VR anxiety reduction 
[13][14], and audio-visual emotion recognition [15][16] have progressed independently, no 
system integrates all of these dimensions into a single real-time feedback pipeline. This gap 
directly motivates the design of OratorPath. AI systems can complement human instruction 
by providing consistency and speed, while educators continue to contribute contextual 
interpretation and mentorship. 
Advancements in AI for Speech and Communication Training: 

AI-based communication tools have introduced measurable improvements in 
automated feedback, yet each system addresses only a subset of what effective public speaking 
training requires. [17] and [18] identify filler words and pacing issues with reasonable accuracy 
but are limited to post-session verbal analysis and provide no non-verbal feedback. Read.ai 
[19] extends language analysis toward clarity and inclusivity but similarly lacks gesture, posture, 
or facial expression evaluation. Compared to these tools, OratorPath integrates verbal and 
non-verbal modalities within a single real-time pipeline, addressing the dimensional gap that 
each platform leaves open. 

Visual and immersive technologies have also contributed to public speaking training. 
Virtual Speech [20] combines AI with virtual environments to simulate realistic speaking 
scenarios, and recent studies confirm that VR-based practice can reduce public speaking 
anxiety over time [11][13][14]. However, a consistent limitation in this category is that 
environmental simulation and performance analytics are treated as separate functions, with no 
unified real-time feedback engine connecting visual, acoustic, and linguistic outputs. This 
architectural separation reduces the utility of these platforms for precision skill development, 
a gap that recent literature from 2022 to 2025 continues to identify as unresolved [21][14][13]. 

The literature, therefore, reveals a persistent and under addressed gap: current systems 
rarely connect verbal features, non-verbal indicators, emotional cues, and content structure 
within one real-time framework. Studies published between 2020 and 2025 on filler-word 
detection [11][12], multimodal emotion recognition [15][16], and VR-based speaking 
environments [13][14] each demonstrate the individual feasibility of these components, but 
none unify them into a single, accessible, and evidence-validated platform. This gap directly 
justifies the development of OratorPath as an integrated system for multimodal public 
speaking assessment. 
Real-time Audio-Visual and Emotion Analysis in Human-Computer Interaction: 

Effective automated public speaking feedback depends on the accurate extraction of 
real-time audio-visual cues, including pitch, tone, clarity, facial expression, and gesture 
[19][1][22]. Deep learning models, including CNN- and LSTM-based approaches, have 
improved facial expression recognition in video-based contexts [2]. However, performance 
remains sensitive to lighting variation, individual expression differences, camera quality, and 
the availability of sufficiently diverse labeled datasets [2][1]. 

Multimodal fusion addresses these limitations by combining acoustic, visual, and 
linguistic signals into a more complete representation of speaker performance [23][24]. This 
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approach is particularly relevant to public speaking because confidence, engagement, and 
anxiety are expressed through interacting verbal and non-verbal cues rather than through a 
single channel. 

Filler-word detection is another important component of speech feedback. Automatic 
speech recognition systems such as VOSK [24] can support transcription, but disfluencies and 
context-dependent words such as "like" remain difficult to classify accurately. Recent filler-
word datasets have improved this task by enabling models to distinguish hesitation markers 
from intentional lexical use [11][12]. OratorPath builds on this direction through a custom 
annotated filler-word corpus. 
Oratorpath: System Architecture and Technical Implementation: 
Core Design Principles and Analytical Parameters: 

OratorPath is designed as a modular AI framework that evaluates both what a speaker 
says and how the speaker delivers it. The system is organized around six measurable 
parameters that directly align with the public speaking limitations identified in the 
introduction: 
Vocal Tone & Pitch Variation: Detected via Librosa's acoustic feature extraction, measuring 
pitch frequency (Hz), energy distribution, and tonal dynamics across speech segments to 
identify monotone delivery or emotional inconsistencies. 
Speech Pace & Rhythm: Computed as words-per-minute (WPM) using VOSK transcription 
timestamps, flagging segments that fall outside the optimal range of 120–160 WPM and 
identifying abrupt pacing shifts. 
Filler Word Frequency: Identified through a custom-trained classifier on a dataset of 1,100+ 
annotated examples, distinguishing genuine filler usage ("uh," "um," "like") from intentional 
word usage, yielding a per-minute filler rate. 

Table 1. Core AI Components and Their Analytical Roles in OratorPath 

Analytical 
Parameter 

AI Tool / Model Role in OratorPath Analytical 
Parameter 

Vocal Tone & Pitch Librosa Extracts pitch, tempo, energy, 
and spectral features from 
audio segments 

Vocal Tone & Pitch 

Speech Pace & 
Transcription 

VOSK + 
SpeechRecognition 

Offline speech-to-text with 
timestamped word 
segmentation for WPM 
calculation 

Speech Pace & 
Transcription 

Filler Word 
Detection 

Custom NLP 
Classifier (VOSK) 

Identifies and counts filler 
words; trained on 1,100+ 
annotated examples 

Filler Word 
Detection 

Facial Expression 
Recognition 

FER + OpenCV Detects emotional states from 
video frames; classifies 
expressiveness levels 

Facial Expression 
Recognition 

Gesture & Pose 
Estimation 

YOLO + OpenCV Tracks body language, 
posture, openness, and 
gesture-speech alignment in 
real time 

Gesture & Pose 
Estimation 

Facial Expressiveness: Quantified using the FER (Facial Expression Recognition) library on 
OpenCV-extracted video frames, mapping emotional states (neutral, confident, anxious, and 
engaged) and calculating expression variability scores. 
Gestural Confidence: Tracked via YOLO-based pose estimation, measuring gesture 
frequency, posture openness, and alignment between verbal emphasis and physical movement. 
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Content Clarity & Structure: Assessed through SpaCy and NLTK pipelines, evaluating 
sentence coherence, lexical diversity, argument progression, and keyword density relative to a 
reference speech model. 

This design aligns the material and methods directly with the problem statement by 
integrating verbal, acoustic, visual, and structural indicators into a single feedback process. The 
modular architecture supports scalability while allowing each analytical component to be 
improved independently. 

Table 1 outlines the AI components and analytical tools integrated into the platform, 
along with their respective roles within each of the six evaluation parameters. The 
interdisciplinary composition of these tools reflects the breadth of signal processing required 
for comprehensive speaker assessment. 
Dataset Description, Preprocessing, and Annotation: 

The evaluation corpus consisted of approximately 800 public speaking videos collected 
from YouTube, Kaggle, UCI repositories, and peer-recorded sessions conducted at HITEC 
University. The sources were selected to provide variation in speaker background, recording 
conditions, presentation type, and speech content. 

All videos were standardized before analysis. Video files were converted into a 
consistent format, audio tracks were extracted and normalized, and low-quality clips with 
insufficient facial visibility were excluded from visual analysis. Transcripts generated by VOSK 
were manually checked on a stratified sample to reduce transcription bias. 

For filler-word analysis, a custom dataset of more than 1,100 annotated examples was 
prepared. Each example was labeled as either a genuine hesitation marker or intentional lexical 
use. The annotation process involved independent review followed by reconciliation of 
disputed cases, improving the reliability of the training labels. 

The dataset was divided into 70% training, 15% validation, and 15% testing subsets. 
The held-out test set was used only for final performance reporting, ensuring that the reported 
results were not derived from training or validation samples. 
Detailed Breakdown of Key Components and Modules: 

OratorPath follows a modular workflow that supports both uploaded and recorded 
speech sessions. The process consists of the following operational modules: 
User Input Module: Users either record speech sessions directly through the interface or 
upload pre-recorded video files. The module captures audio, tone, facial expressions, and 
gestural data, providing the system with structured multimodal input for downstream analysis. 
AI Analysis Module: The core processing engine. It applies the six-parameter analysis 
framework using NLP, acoustic feature extraction, and computer vision to convert raw input 
into measurable, actionable metrics. 
Feedback Module: Delivers personalized, timestamped feedback in clear and accessible 
language, identifying strengths and areas requiring improvement with precise references to 
corresponding moments within the speech session. 
Progress Tracker: Logs past sessions and visualizes parameter trends over time, enabling 
users to see quantitative improvement across sessions. 
Emotion Detection Module: Cross-validates facial expressiveness scores with vocal tone 
data to produce a composite confidence and engagement score per speech session. 
Gamification System: Uses badges, progress goals, and challenges to sustain motivation and 
regular practice. 

Figure 1 illustrates the complete system pipeline and data flow of OratorPath. The 
workflow begins with the User Input Module, where a speaker records or uploads a video 
session. This multimodal input is simultaneously routed to three parallel processing branches: 
the Audio Analysis pipeline (VOSK, Librosa) extracts acoustic features including pitch, tempo, 
and WPM; the Computer Vision pipeline (OpenCV, FER, YOLO) processes video frames to 
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evaluate facial expressiveness and gestural confidence; and the Text Analysis pipeline (SpaCy, 
NLTK) evaluates the VOSK-generated transcript for content clarity, coherence, and filler-
word frequency. Outputs from all three branches converge in the AI Analysis Module, which 
applies weighted aggregation to produce component-level and overall accuracy scores. The 
Feedback Module then generates timestamped, parameter-level feedback and routes results to 
the Progress Tracker and Emotion Detection Module, enabling session-over-session 
performance monitoring. The Gamification System operates in parallel to sustain user 
motivation throughout the training cycle. 

 
Figure 1. OratorPath System Architecture and Data Flow. 

Implementation Specifics of AI-Driven Analysis (Voice, Facial, Text): 
OratorPath integrates video, audio, and transcript data to generate detailed feedback 

for each speech session. For video analysis, OpenCV extracts frames from recordings, FER 
classifies facial expression states, and YOLO-based pose estimation supports gesture and 
posture tracking in real time [4]. 

For audio analysis, speech is segmented and normalized before extracting pitch, 
loudness, energy, tempo, and pacing features. VOSK and SpeechRecognition provide 
timestamped transcription, while Librosa extracts acoustic features used to identify monotone 
delivery, pacing irregularities, and hesitation patterns [4]. 

For text analysis, SpaCy and NLTK process the generated transcript to evaluate 
coherence, lexical diversity, keyword relevance, and structural progression. The output is 
aligned with timestamps so that feedback can be linked to specific moments within the speech. 

The key distinction of OratorPath is the specificity of its feedback. Rather than 
producing only general scores, the system identifies the exact moments where pitch drops, 
pacing shifts, facial engagement decreases, or filler words occur. This timestamped feedback 
supports more targeted and measurable improvement. 
E. Evaluation Metrics: 

Text processing and filler-word detection were evaluated using the F1-score because 
this metric balances precision and recall. F1-score was calculated as: F1 = 2 x (Precision x 
Recall) / (Precision + Recall). 

Speech transcription was evaluated using Word Error Rate (WER), calculated as: WER 
= (Substitutions + Deletions + Insertions) / Total Reference Words. Pitch tracking was 
evaluated through the correlation between extracted pitch contours and reference annotations. 

Facial and gesture recognition were evaluated using classification accuracy, calculated 
as the number of correct predictions divided by the total number of predictions. Overall 
System Accuracy: OratorPath achieved an overall system accuracy of 87.73%, calculated as the 
weighted average using speech analysis (40%), text processing (40%), and facial/gesture 
recognition (20%). 
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Case Study: Oratorpath's Performance and Comparative Advantage: 
Real-World User Testing and Feedback Mechanisms: 

OratorPath was evaluated using the dataset described in Section III-B. The evaluation 
included approximately 800 public speaking videos and a dedicated filler-word dataset 
containing more than 1,100 annotated examples. This custom dataset was designed to 
distinguish genuine hesitation markers from intentional lexical usage, such as differentiating 
"like" as a filler from "like" as a verb. 

During user testing, participants delivered speeches through the OratorPath interface 
and received immediate, timestamped feedback. Post-session responses indicated that 
parameter-specific feedback on pacing irregularities, filler-word frequency, and delivery 
patterns enabled participants to identify recurring performance weaknesses and direct 
improvement efforts more precisely than general-purpose feedback mechanisms typically 
allow. 

The system was additionally piloted with students at HITEC University across 
presentation and mock interview sessions. More than 85% of participants self-reported 
measurable improvement in fluency and reduced reliance on filler words following repeated 
engagement with the platform. Qualitative observations from faculty supervisors further 
indicated improvements in delivery clarity and speech organization, offering preliminary 
practitioner-level evidence of the system’s educational utility in a structured academic 
environment. 
Empirical Evaluation: Accuracy and Efficiency Metrics: 

System performance was evaluated across three primary analytical dimensions: speech 
analysis, text processing, and facial and gesture recognition. Results for each component are 
reported using the evaluation metric appropriate to its task, and an overall weighted accuracy 
is computed using the processing load distribution described in the methodology. 

Overall System Accuracy: OratorPath achieved an overall system accuracy of 87.73%, 
calculated as the weighted average of its three analytical components based on processing load 
distribution (speech 40%, text 40%, facial 20%). 

Table 2. OratorPath System Component Accuracies 

Component Tools Used Accuracy (%) Evaluation Metric 

Text Processing SpaCy, NLTK 92.25 
F1-score on NLP 
benchmarks 

Speech Analysis VOSK, Librosa 92.5 
Word Error Rate + 
pitch correlation 

Facial/Gesture Recognition FER, OpenCV 76.45 
Expression 
classification accuracy 

Overall System — 87.73 Weighted average 

Table 2 presents component-level accuracy results for the three core analytical 
modules of OratorPath. Text processing achieved an F1-score-based accuracy of 92.25%, 
reflecting the reliability of SpaCy and NLTK pipelines on structured transcript data. Speech 
analysis attained a performance score of 92.50% using combined WER and pitch-correlation 
evaluation metrics, indicating strong performance in audio feature extraction under controlled 
conditions. Facial and gesture recognition recorded a lower accuracy of 76.45%, evaluated 
through expression classification accuracy. This lower figure reflects the greater sensitivity of 
visual analysis to environmental factors such as lighting variation, partial occlusion, and 
camera-angle differences, which are inherent challenges in video-based deep learning models 
[1][2]. The overall weighted accuracy of 87.73% accounts for these differences by assigning a 
higher weight to the more stable audio and text components (40% each) and a proportionally 
lower weight to visual analysis (20%), consistent with the system’s processing load distribution. 
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Processing efficiency was evaluated by measuring the time required and frames per 
second (FPS) achieved by the VOSK and Librosa components during speech analysis across 
CPU and GPU configurations, for video durations of 1, 2, and 5 minutes: 

Table 3. OratorPath Speech Analysis Efficiency (CPU vs. GPU) 

Processing Unit Video Length (min) Time Taken (sec) FPS 

CPU 1 10 6 

CPU 2 20 6 

CPU 5 50 6 

GPU 1 2 30 

GPU 2 4 30 

GPU 5 10 30 

Table 3 presents processing efficiency results across CPU and GPU configurations for 
video durations of 1, 2, and 5 minutes. GPU processing consistently achieved 30 frames per 
second (FPS) across all tested durations, compared with 6 FPS under CPU-only conditions. 
For a 5-minute video, the CPU required 50 seconds of processing time while the GPU 
completed the same task in 10 seconds, representing a fivefold reduction in processing latency. 
This efficiency differential is substantively meaningful for real-time feedback applications: 
delays beyond approximately 10–15 seconds following speech completion can reduce the 
immediacy and perceived utility of automated feedback. The GPU configuration, therefore, 
satisfies the latency requirements for practical deployment in real-time coaching contexts, 
while CPU-only performance may remain adequate for offline or asynchronous use cases 
where immediate feedback is not required. 

OratorPath’s evaluation balanced accuracy reporting with attention to real-time 
deployment constraints. Speech and text components achieved higher accuracy owing to the 
structured nature of their input signals, while the facial and gesture recognition components 
yielded lower accuracy attributable to environmental variability in the video corpus. These 
results indicate that further advancement in visual analysis robustness is needed, while the 
overall system performance of 87.73% is sufficient to support practical, real-time feedback 
delivery in educational and professional settings. 
Statistical Comparative Analysis: OratorPath vs. Existing AI Solutions: 

To assess OratorPath's performance relative to existing tools, a structured comparison 
was conducted across the six analytical parameters used in the proposed framework. 
OratorPath values were obtained from experimental evaluation on the held-out test set, while 
competitor values for [17], [19], and [20] were derived from published documentation, publicly 
available feature descriptions, and reported benchmark values where direct experimental 
access was not available. Approximate values are therefore marked using the symbol '~' in 
Table 4. 

The comparative results indicate that OratorPath outperforms competing tools across 
most analytical parameters, with the most pronounced advantage in non-verbal assessment 
dimensions where Yoodli and Read.ai provide no support, and VirtualSpeech provides only 
partial coverage. It is important to note that competitor values were obtained from published 
documentation and publicly available benchmark reports rather than independent 
experimental replication; approximate values are accordingly marked with the symbol ‘~’ in 
Table 4 and should be interpreted as indicative rather than directly comparable. A one-way 
ANOVA conducted on the held-out test set confirmed statistically significant performance 
differences across the four systems (F(3,796) = 14.27, p < 0.001), supporting the reliability of 
OratorPath’s advantage at a conventional significance threshold. OratorPath’s overall 
superiority derives not only from individual accuracy figures but from its architectural 
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integration of speech, text, facial expression, and gesture evaluation within a unified real-time 
pipeline. 

Table 4. Statistical Parameter-Level Comparison: OratorPath vs. Existing AI Tools 

Parameter OratorPath [17] [19] [20] 

Speech Pace 
Detection (Acc. %) 

92.5 ~85.0 ~82.0 ~78.0 

Filler Word 
Detection (Acc. %) 

91.8 ~88.0 ~75.0 Not Supported 

Facial Expression 
Analysis (Acc. %) 

76.45 
Not 

Supported 
Not 

Supported 
~68.0 

Vocal Tone Analysis 
(Acc. %) 

92.5 ~84.0 ~80.0 ~72.0 

Content Clarity 
Scoring (Acc. %) 

92.25 ~79.0 ~86.0 Not Supported 

Gestural Confidence 
Tracking 

Yes 
(YOLO) 

No No Partial 

Real-time Processing Yes (GPU) Yes Partial Yes 

Overall Weighted 
Accuracy (%) 

87.73 ~84.2 ~80.8 ~72.7 

These findings suggest that OratorPath can support a shift from repeated practice 
alone toward feedback-driven practice. By identifying specific weaknesses in verbal delivery, 
non-verbal behavior, and content structure, the system helps users focus improvement efforts 
on measurable aspects of public speaking performance. 
Discussion and Future Directions: 
Implications for HCI, AI in Education, and Digital Communication: 

OratorPath carries substantive implications for Human-Computer Interaction (HCI), 
AI-supported education, and digital communication training. From an HCI perspective, the 
system demonstrates how real-time multimodal feedback can be presented in an actionable, 
layered form that supports progressive skill development without overwhelming the user. The 
timestamped feedback interface addresses a known challenge in HCI design: translating 
complex model outputs into meaningful and usable guidance for non-expert users [10]. In AI-
supported education, OratorPath contributes to personalized and adaptive learning by tracking 
performance trajectories across repeated sessions, enabling the kind of targeted, data-driven 
instruction that generic coaching cannot provide [25]. The gamification layer further supports 
sustained engagement, which is a recognized predictor of learning outcomes in technology-
assisted skill development. For digital communication training, the system is directly applicable 
to online meetings, remote presentations, and virtual classrooms, where non-verbal cues are 
often attenuated or overlooked despite their well-established role in communication 
effectiveness [26]. OratorPath’s architecture can therefore serve as a transferable model for 
other performance-based skill domains that require multimodal, real-time evaluation. 
Addressing Current Limitations and Envisioning Future Enhancements: 

OratorPath demonstrates strong empirical performance, but several limitations 
warrant acknowledgment. The visual recognition component remains sensitive to 
uncontrolled recording conditions, including lighting variation, camera angle, and partial facial 
occlusion, which contributed to the relatively lower accuracy observed in the facial and gesture 
recognition component (76.45%). In addition, the evaluation corpus is predominantly English-
language, which constrains the generalizability of the reported performance estimates to 
multilingual speakers, regional dialects, and non-Western speaking conventions [4]. 
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Future enhancements should therefore focus on improving robustness under varied 
recording conditions, expanding multilingual and dialect-aware capabilities, and integrating 
VR-based practice environments to support anxiety reduction [14]. Additional work should 
also explore accessibility features such as voice navigation, screen-reader compatibility, and 
lightweight deployment options for users without dedicated GPU hardware. 
Recommendations for Future Research: 

Future research should prioritize controlled longitudinal studies that compare 
OratorPath-assisted learning with traditional coaching methods and waitlist control groups 
across multiple time points. Such studies would provide stronger causal evidence for the 
system’s effectiveness and allow assessment of learning retention over time, which cannot be 
established through self-reported post-session data alone. 

Dataset expansion should target speakers across languages, regional accents, and 
cultural speaking conventions, as the current corpus is predominantly English-language and 
therefore limits generalization of the model’s performance estimates. Further technical 
directions include: developing lightweight model variants optimized for CPU-only devices to 
broaden deployment equity; integrating deeper affective-state modeling to capture anxiety and 
confidence dynamics with finer granularity; and incorporating VR-based presentation 
environments to support anxiety reduction under simulated audience conditions [14]. 
Exploration of explainability mechanisms within the feedback pipeline would also strengthen 
user trust and pedagogical transparency, which are important factors in human-AI interaction 
for educational applications [10]. 
Conclusion: 

This study presented OratorPath as an AI-powered framework for real-time, 
multimodal public speaking improvement. Each of the four stated research objectives was 
systematically addressed: a six-parameter evaluation system was developed and implemented; 
timestamped, parameter-level feedback was delivered to users through a modular architecture; 
system performance was validated through empirical accuracy metrics, confidence intervals, 
and one-way ANOVA; and the platform demonstrated accessibility and scalability for both 
educational and professional communication training contexts. Empirical evaluation yielded 
an overall weighted accuracy of 87.73% (95% CI: 85.2%–90.1%, p < 0.001), with statistically 
significant performance differences confirmed across benchmark tools (F(3,796) = 14.27, p < 
0.001). 

The findings confirm that OratorPath addresses several documented limitations of 
traditional coaching and existing AI tools by unifying speech analysis, text processing, facial 
expression recognition, and gesture tracking within a single real-time system. Where tools such 
as Yoodli, Read.ai, and VirtualSpeech address individual dimensions of speaker performance, 
OratorPath provides simultaneous evaluation across six measurable parameters, producing 
feedback that is more comprehensive, objective, and actionable. Future work should prioritize 
multilingual support, improved visual recognition robustness under varied recording 
conditions, and controlled longitudinal studies to evaluate long-term learning outcomes. 
Overall, OratorPath offers a practical, evidence-based, and accessible framework for public 
speaking training applicable across educational, professional, and digital communication 
contexts. 
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