[T e X

\‘,’ ISIEM ‘J, International Scientific Journal of Engineering and Management (ISJEM) ISSN: 2583-6129
N ]r Volume: 04 Issue: 05 | May — 2025 DOI: 10.55041/ISJEM03424
% 2  AnInternational Scholarly | | Multidisciplinary | | Open Access | | Indexing in all major Database & Metadata

AI-BASED BODY LANGUAGE ANALYSIS FOR INTERVIEW FEEDBACK

— Al POSTURE VIEW

K. Swetha Sailaja*!, Cheekati Shleshitha *2, Garine Nagasmitha*3, Lakum Tharun**
*1 Assistant Professor of the Department of CSE (Al & ML) of ACE Engineering College, India.

*234 Students of Department of CSE (Al & ML) of ACE Engineering College, India.

ABSTRACT

Body language is a vital communication component, particularly in job interviews, where non-verbal cues
significantly influence a candidate’s perception and evaluation. This project proposes an Al-powered system that
analyzes candidates’ body language during interviews to deliver structured feedback. Leveraging computer vision and
machine learning, the system evaluates facial expressions, gestures, posture, and eye contact to assess confidence,
engagement, and professionalism. By processing video inputs, it extracts behavioral patterns and generates
personalized, data-driven insights to help candidates improve their non-verbal communication. The system benefits
job seekers, HR professionals, and training institutions by offering unbiased, automated feedback to identify strengths
and areas for improvement—promoting more effective interview preparation and decision-making.

Keywords: Body Language, Interview Feedback, Machine Learning, Computer Vision, Posture Analysis, Facial
Expression Recognition.

. INTRODUCTION

In recent years, Al’s application in human behavior analysis has opened new avenues for evaluating interpersonal
communication. Traditional interview methods often rely on subjective human judgment, which may introduce
inconsistencies and biases. Al-based systems provide a standardized, objective framework for assessing non-verbal
behavior. By analyzing visual cues like facial expressions, gestures, and posture, such systems can offer valuable
insights into candidates’ confidence, attentiveness, and emotional responses. This survey delves into current Al
models, relevant datasets, and feature extraction methodologies in the context of automated interview feedback,
focusing on enhancing the reliability and impact of candidate evaluations.
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1. BACKGROUND OF THE PROJECT

Non-verbal communication—facial expressions, posture, and gestures—is crucial in interviews and interpersonal
interactions. However, traditional assessments of body language are often subjective and inconsistent. The evolution
of Al and computer vision has made it feasible to automate and standardize these evaluations. Existing systems utilize
deep learning models to detect subtle behavioral signals. However, challenges such as dataset limitations, real-time
analysis bottlenecks, and cultural variation in expression persist. This project addresses these issues by designing a
robust, real-time Al model that analyzes interview footage to provide immediate, contextual feedback on a candidate’s
non-verbal performance.

1. LITERATURE REVIEW

1. Title: A Survey on Deep Multi-modal Learning for Body Language Recognition and Generation
Authors: Li Liu et al. [1]

This paper surveys advanced deep learning models for multi-modal communication involving Sign Language, coded
speech, and co-speech analysis. While it doesn’t report specific accuracy, the study emphasizes model robustness and
identifies critical challenges such as insufficient labeled data and domain adaptation issues, highlighting the need for
transfer learning strategies.

2. Title: Al Body Language Decoder using MediaPipe and Python
Authors: Sankeerthana Rajan Karem et al. [2]

The authors implemented a real-time body tracking system using MediaPipe with a skeletal pose detection model. The
paper reports a prediction accuracy of approximately 85% in controlled environments but notes reduced accuracy in
variable lighting and motion blur conditions, underlining the importance of environmental robustness.

3. Title: An Analysis of Body Language of Patients Using Artificial Intelligence

Authors: Abdulghafor et al. [3]

This healthcare-focused study utilizes Al to interpret patient gestures for symptom detection. The paper demonstrates
an accuracy of 82.3% in identifying relevant non-verbal cues, making it useful for preliminary diagnostics, though
real-time performance and diverse training data remain areas for improvement.

4. Title: Machine Learning Classification of Design Team Members' Body Language Patterns for Real-Time
Emotional State Detection

Authors: Christopher McComb and Matthew C. Parkinson [4]

This research applied machine learning to classify emotional states in collaborative design teams using sensor data.
The model achieved a classifcation accuracy of 78%, proving effective in real-time monitoring but suggesting scope
for improvement with deep learning integration.

© 2025, ISJEM (All Rights Reserved) | www.isjem.com | Page 2



7=t XY

\‘,’ ISIEM :’, International Scientific Journal of Engineering and Management (ISJEM) ISSN: 2583-6129
\\“l P~ Volume: 04 Issue: 05 | May — 2025 DOI: 10.55041/1SJEM03424
% 2  AnInternational Scholarly | | Multidisciplinary | | Open Access | | Indexing in all major Database & Metadata

5. Title: Automatic Prediction of Frustration

Authors: Ashish Kapoor et al. [5]

Using facial expressions and posture, this system predicts user frustration. The authors report an average classification
accuracy of 88%, noting high performance in controlled test environments. They also stress the need for testing on
larger, more diverse populations.

6. Title: Observations of Teamwork and Social Processes in Design

Authors: Nigel Cross and Henri Christiaans [6]

This study is qualitative and observational, focusing on the impact of body language on team collaboration. It doesn’t
provide quantitative accuracy but delivers key behavioral insights used to inform subsequent Al system development
in creative teamwork settings.

7. Title: Better to be Frustrated than Bored

Authors: Ryan S. Baker et al. [7]

This paper explores Al detection of cognitive-affective states in classrooms. The system showed an average detection
accuracy of 83% for identifying frustration versus boredom, indicating strong potential for Al-enhanced student
engagement analytics.

8. Title: Influence of Intensity on Children's Sensitivity to Facial Expressions

Authors: Xiaoging Gao et al. [8]

This psychological study on emotion sensitivity in children feeds into facial expression datasets. It provides
foundational data but doesn’t present accuracy metrics as it's primarily a human-subject study rather than a
computational model assessment.

9. Title: How Good Are Good ldeas?

Authors: Gabriela Goldschmidt and Tirtsa Tatsa [9]

This design-centric research links body movements to creativity but does not quantify Al model accuracy. It lays the
groundwork for behavioral feature selection in creativity scoring systems.

10. Title: Body Language Analysis in Healthcare: An Overview

Authors: Abdulghafor et al. [10]

The paper evaluates body language detection tools in clinical settings, highlighting AI’s capability in improving
diagnosis with up to 86% accuracy for specific gesture and posture classifications. It also identifies gaps in cross-
cultural interpretation and real-time processing.
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COMPARATIVE ANALYSIS OF EXISTING BODY LANGUAGE INTERPRETATION TECHNIQUES:

S.No | Authors Title Methodology Used Findings from the Reference
Paper
1 Li Liuetal. A Survey on Deep Deep learning across sign | Identifies need for labeled data
Multi-modal Learning language, co-speech, etc. | and domain adaptation.
2 Sankeerthana Rajan | Al Body Language Skeletal tracking via Real-time detection, ~85%
Karem et al. Decoder using MediaPipe accuracy, issues with
MediaPipe environment.
3 Abdulghafor et al. Al Analysis of Pati Machine learning on 82.3% accuracy, useful for
healthcare video data diagnostics, limited real-time
ent Body Language ability.

4 Christopher Classification of Body | Sensor-based ML Achieves 78% accuracy for
McComb & M. Language in Teams emotional detection emotion recognition in teams.
Parkinson

5 Ashish Kapoor etal. | Prediction of Facial/body movement- 88% accuracy in detecting

Frustration using Al based ML frustration; validated in lab
tests.

6 Nigel Cross & H. Observations in Design | Behavioral observation No accuracy; provides key
Christiaans Team Dynamics study patterns for future model

design.

7 Ryan S. Baker et al. | Frustration vs. Boredom | Al-based classroom 83% accuracy in identifying

in Learning emotion tracking affective states in students.

8 Xiaoging Gao et al. Sensitivity to Facial Psychological analysis of | Foundation for datasets; no

Expression Intensity child emotion ML model accuracy reported.

9 G. Goldschmidt & T. | Creativity and Body Qualitative gesture Behavioral links to innovation;
Tatsa Language observation supports Al creativity metrics.

10 Abdulghafor et al. Body Language in Al classification of Achieves up to 86% accuracy;

Healthcare

patient cues

culturally adaptive modeling
needed.

Table 1: Review of Existing Research on Body Language Analysis
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Figure 1: Comparison of Accuracy Reported in
Existing Studies
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Figure 1: Comparison of Accuracy Reported in Existing Studies
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Figure 2: Distribution of Methodologies Used in
Reviewed Studies
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Figure 2: Distribution of Methodologies (Pie Chart)

V. RESEARCH GAPS IN EXISTING SYSTEMS

Based on the literature review, several research gaps have been identified in Al-based body language analysis systems
for interview feedback:

1. Limited Dataset Availability and Diversity

e Most current systems rely on small-scale, domain-specific datasets that are not sufficiently diverse in terms of
demographics, cultural backgrounds, and interview settings.

o This limits the model’s ability to generalize and accurately assess candidates in real-world, cross-cultural
interview scenarios.

e There is a need for the development and adoption of large, open-source datasets with annotated body language
cues from varied populations and industries.

2. Real-Time Analysis Challenges

e Many studies focus on post-processed video analysis, lacking real-time performance capabilities that are
essential for live interviews and feedback sessions.
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o Existing models often struggle with computational delays, making them unsuitable for dynamic feedback
delivery.

e Research is needed on optimizing model architectures (e.g., using lightweight CNNs or transformer variants)
to ensure low-latency, real-time body language interpretation.

3. Lack of Context and Cultural Awareness

e Body language cues differ across cultural, geographic, and professional contexts, but current models often
apply a one-size-fits-all approach.

e Systems that do not factor in cultural norms may misinterpret neutral or positive gestures as negative, leading
to inaccurate or biased feedback.

e Future work should focus on building adaptive models that incorporate contextual and cultural metadata to
improve interpretability and fairness.

4. Evaluation Metrics Beyond Accuracy

e A significant number of studies emphasize overall accuracy but fail to analyse other essential metrics like
precision, recall, F1-score, and confusion matrices.

e Given the subjective nature of non-verbal communication, misclassifications (e.g., labelling calmness as
disinterest) can adversely affect a candidate’s preparation and confidence.

e Comprehensive evaluation using diverse metrics is crucial to ensure reliable and actionable feedback.

V. PROPOSED SYSTEM

The proposed system adopts a multi-modal Al approach that combines facial expression analysis, gesture tracking, and
posture evaluation to provide structured interview feedback. Using lightweight convolutional neural networks (CNNs)
and tools like MediaPipe for real-time skeletal tracking, the system processes video input to identify behavioral
indicators such as eye contact, fidgeting, and posture stability. These features are analyzed to assess a candidate's
confidence, engagement, and professionalism. The model is trained on a diverse dataset to enhance its adaptability and
reduce bias, with feedback delivered through intuitive reports that highlight strengths and areas for improvement. This
phase of the project focuses on post-interview analysis, with potential future enhancements aimed at enabling real-time
feedback and adaptive learning.
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VI. CONCLUSION AND FUTURE SCOPE

Al-based body language analysis represents a significant advancement in how interviews are evaluated, offering a
more objective and consistent alternative to traditional human assessment. By leveraging computer vision and machine
learning, the system enables data-driven feedback that can support candidates in improving their non-verbal
communication while assisting recruiters in making fairer, more informed decisions. As the technology evolves,
incorporating broader cultural context, expanding dataset diversity, and improving real-time processing capabilities
will be critical. In the future, this system could be extended to include real-time feedback during interviews,
integration with virtual reality platforms for simulation-based training, and wearable devices for continuous posture
and gesture monitoring, making it applicable not only in recruitment but also in education, therapy, and soft skills
development.
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