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Abstract — The rapid adoption of online interviews in modern recruitment has introduced new
challenges related to fairness and authenticity. Candidates increasingly use Al-powered tools such
as voice assistants and large language models to generate real-time responses during interviews,
compromising evaluation integrity. This paper presents a real-time Al fraud detection system
designed to identify unauthorized Al-assisted behavior during virtual interviews.

The proposed system analyzes behavioral and speech-based parameters including response latency,
speech fluency, voice modulation, and consistency patterns to distinguish between genuine human
responses and Al-generated answers. By leveraging machine learning and anomaly detection
techniques, the system continuously monitors interview sessions and detects suspicious patterns in
real time.

Experimental analysis demonstrates that the system can effectively identify abnormal response
behaviors and provide alerts to interviewers, ensuring fair candidate evaluation. The proposed
solution enhances transparency, reliability, and trust in digital recruitment systems.

INTRODUCTION

The rapid advancement of digital technologies and the widespread adoption of remote work have
significantly transformed the recruitment process. Online interviews have become a preferred
method for organizations due to their flexibility, cost-effectiveness, and ability to access a global
talent pool. However, this shift has introduced new challenges related to maintaining fairness,
authenticity, and integrity in candidate evaluation.

One of the most critical issues in virtual interviews is the misuse of Artificial Intelligence (Al) tools
by candidates. Modern Al-powered systems, including voice assistants and large language models,
can listen to interview questions, convert speech into text, generate accurate responses, and deliver
them back to candidates in real time. As highlighted in the project report , such capabilities allow
candidates to provide well-structured answers without possessing actual knowledge, thereby
compromising the credibility of the recruitment process.

Traditional online interview systems primarily rely on video monitoring, screen recording, and
manual supervision to ensure fairness. However, these approaches are insufficient to detect Al-
assisted cheating, as many Al tools operate silently in the background or on external devices.
Moreover, existing systems lack the ability to analyze behavioral patterns such as response latency,
hesitation, speech fluency, and voice modulation, which are critical indicators of genuine human
responses.

To address these limitations, this paper proposes a real-time Al fraud detection system for virtual
interviews. The system is designed to monitor and analyze multiple behavioral and speech-based
parameters, including response delay, speech consistency, and vocal characteristics. By leveraging
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machine learning and anomaly detection techniques, the proposed solution can distinguish between
natural human responses and Al-assisted answers.

The primary objective of this work is to enhance the integrity and reliability of online interview
systems by providing an intelligent, non-intrusive, and real-time detection mechanism. The system
not only helps organizations make fair hiring decisions but also promotes ethical practices among
candidates. As online recruitment continues to evolve, such intelligent monitoring systems play a
crucial role in ensuring transparency and trust in digital hiring environments.
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Fig.1 Interviewer login panel result of Online Interview

I. LITERATURE REVIEW

The rapid advancement of Artificial Intelligence (Al), Natural Language Processing (NLP), and
computer vision has significantly influenced the development of intelligent interview and
monitoring systems. This section reviews existing research across multiple domains, including
interview preparation systems, online proctoring technologies, Al-based evaluation methods, and
multimodal detection techniques, to identify current capabilities and research gaps in detecting Al-
assisted fraud during virtual interviews.

A. Existing Interview Preparation Systems

Several studies have focused on developing Al-driven interview preparation and evaluation
platforms. Jagtap et al. proposed an Android-based application integrating facial analysis using
Google ML Kit and voice-based models for interview practice, reporting improved candidate
readiness. However, the system was limited to mobile platforms and did not support technical
interview evaluation.

Similarly, Al-based mock interview systems utilizing models such as GPT have been developed to
simulate HR interviews and generate feedback. While these systems demonstrate strong capabilities
in question generation and response evaluation, they primarily focus on improving candidate
performance rather than detecting fraudulent behavior. Furthermore, these systems lack real-time
monitoring mechanisms and do not analyze behavioral inconsistencies during interviews.

B. Online Proctoring and Monitoring Systems

Online proctoring systems have been widely adopted to ensure fairness in remote assessments.
Ozdamli et al. developed a multimodal proctoring system achieving high accuracy in identity
verification and gaze tracking using deep learning models such as ResNet and Mini-Xception.
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Similarly, other systems utilize techniques such as HOG-based face detection, Eye Aspect Ratio
(EAR) for blink detection, and object detection models like YOLO to monitor candidate behavior.
Despite these advancements, existing proctoring systems primarily focus on visual monitoring and
identity verification. They fail to detect hidden Al assistance, especially when candidates use
external devices or background applications. Additionally, these systems do not incorporate speech-
based analysis or cognitive behavior evaluation, which are critical for identifying Al-generated
responses.

C. Al-Based Evaluation and NLP Techniques

Recent research has explored the use of NLP and machine learning techniques for automated
evaluation of candidate responses. Models such as BERT, DistilBERT, and transformer-based
architectures have been used for semantic analysis, resume screening, and answer evaluation. These
systems demonstrate high accuracy in understanding textual data and ranking candidate
performance.

However, these approaches are limited to evaluating content correctness and do not verify the
authenticity of responses. They lack mechanisms to determine whether a response was generated
independently by the candidate or assisted by Al tools. As a result, Al-generated answers may be
incorrectly considered as genuine responses.

D. Deepfake and Multimodal Detection Systems

Recent advancements in deepfake detection and multimodal Al systems provide insights into
identifying synthetic content. Hybrid models combining Convolutional Neural Networks (CNN),
Long Short-Term Memory (LSTM), and Transformer architectures have been proposed to detect
manipulated audio and video content by analyzing spatial and temporal features.

Additionally, multimodal systems that integrate audio and visual data have been developed to detect
inconsistencies between speech and facial movements. These approaches improve detection
accuracy by combining multiple data sources. However, they are primarily designed for detecting
deepfake media rather than real-time interview fraud. They also require high computational
resources and are not optimized for real-time deployment in interview environments.

E. Research Gaps Addressed

Based on the review, it is evident that current systems do not provide a comprehensive solution for
detecting Al-assisted fraud in virtual interviews. While proctoring systems focus on monitoring and
NLP models focus on evaluation, there is no unified system that integrates behavioral analysis,
speech processing, and real-time detection mechanisms.

As highlighted in your project , there is a critical need for a system that can analyze response
latency, speech patterns, and behavioral consistency to identify suspicious activities. The absence of
such intelligent detection mechanisms motivates the development of the proposed system.

TABLE I — Summary of Related Work

Jagtap etal. [1] Al interview app with2025 Google ML Kit,Android-only; no
facial + voice analysis Teachable = Machine,technical interview
ChatGPT API support
ISCAP Review [2]Systematic review of2025 PRISMA-based meta-No unified coding +
47 Al interview analysis (IEEE, ACM) behavioural platform
studies exists
BalaSaheb JadhavMock interview with2024 Mediapipe, GPT-3.5No eye tracking; no

798



Social Innovations

Available on: http://rdems.in DOI: 10.46647/rdems0204026 Volume: 02 Issue: 04, April, 2026
p-ISSN: 3117-4418 e-ISSN: 3117-4426
[3] posture detection Turbo, Streamlit DSA module
Ozdamli et al. [4] Multimodal proctoring2022 ResNet-34, Mini-66% emotion
for distance learning Xception CNN,accuracy; poor low-
YOLOv3/COCO bandwidth perf.
IJACSA [5] Online exam2021 HOG, dlib EAR,72% accuracy at
proctoring with EAR YOLOV3, scale; no emotional
+ object detection Flask/SSL context
Prasanna et al. [6] ATS scoring +2025 DistilBERT NER,No interview
semantic job cosine similarity preparation linkage
recommendation
Mythili et al. [7] ATS resume optimizer2025 Open-source ~ LLMs,No interview or job
(AdaptCV) keyword embedding recommendation
integration
Tripathi et al. [8] Resume screening and2025 TF-IDF, BERTNo real-time
candidate ranking embeddings, weightedfeedback; no ATS
scoring compatibility
Abhishek et al. [9] Intelligent resume2025 Pyresparser, = NLTK,85% accuracy
screening tool scikit-learn, Streamlit ceiling; no interview
linkage
Reference  [System/Focus  Year  KeyMethod  Primary Limitation
Varalakshmi  &Resume-based 2024 BERT, T5, RoBERTa,No proctoring; no
Bugatha [10] interview QA XLNet; community; QA-
generation NLP keyword ext. only scope
Barathetal. [11] Skill matching for2025 spaCy NER, Word2VecNo numeric F1; no
recruitment (NLP) vectorization ATS  compatibility
checking
Shanmugam et al.Multi-role placement2024 Node.js, MySQL, JWT;Static content; no Al
[19] prep web app coding evaluation or
+ aptitude + HR proctoring
Ukata & MokoPeer-to-peer skill2026 Flutter, Firebase,~30-user test; no
[14] exchange mobile app bidirectional skillcoding or Al
matching interview support

II. PROBLEM DEFINITION AND REQUIREMENTS

The widespread adoption of online interview platforms has introduced serious challenges in
maintaining fairness and authenticity in candidate evaluation. With the advancement of Artificial
Intelligence (Al), candidates can misuse tools such as voice assistants and large language models to
generate real-time responses during interviews. These tools can listen to questions, process them,
and provide structured answers instantly, allowing candidates to perform well without possessing
actual knowledge. Existing interview systems mainly rely on webcam monitoring and manual
supervision, which are insufficient to detect such Al-assisted cheating, especially when tools
operate in the background or on external devices. Additionally, current systems lack the capability
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to analyze critical behavioral indicators such as response latency, hesitation, and speech patterns,
making it difficult to differentiate between genuine and Al-generated responses .

To address these limitations, there is a need for an intelligent and real-time fraud detection system
capable of analyzing both behavioral and speech-based parameters during virtual interviews. The
proposed system should monitor response timing, evaluate speech characteristics, and detect
anomalies that indicate Al assistance. It must provide automated alerts, ensure high accuracy, and
operate in a non-intrusive manner while maintaining user privacy. Furthermore, the system should
be scalable to support large-scale recruitment processes and reliable enough to function under
different conditions. By fulfilling these requirements, the proposed solution aims to enhance the
integrity, transparency, and effectiveness of online interview systems.

III. SYSTEM ARCHITECTURE AND DESIGN

The platform follows a three-tier client-server architecture separating the system into Presentation,
Application, and Data layers.

A. Presentation Layer (Frontend)

The Presentation Layer provides the interface through which interviewers and candidates interact
with the Al fraud detection system during virtual interviews. It consists of a web-based platform
that supports live interview sessions with integrated audio input and monitoring capabilities. The
interface captures candidate responses in real time and ensures a seamless and uninterrupted
interview experience. In addition to standard interaction features, this layer displays real-time alerts
and visual indicators to the interviewer whenever suspicious behavior or potential Al-assisted
responses are detected.

The frontend is designed to be responsive, lightweight, and user-friendly, enabling smooth
communication between the interviewer and candidate while simultaneously collecting data for
analysis in the background. Unlike traditional interview platforms that primarily rely on video
monitoring, this layer focuses on capturing audio responses and interaction patterns required for
behavioral and speech-based fraud detection. By facilitating real-time data acquisition without
affecting user experience, the Presentation Layer plays a crucial role in supporting accurate and
non-intrusive detection of Al-assisted cheating.

B. Application Layer (Backend)

The Application Layer forms the core processing unit of the proposed Al fraud detection system
and is implemented using Node.js with the Express.js framework, following a RESTful API design
pattern. It is responsible for handling backend operations such as secure user authentication using
JWT, session management, and efficient routing of frontend API requests through middleware. In
addition to standard server functionalities, this layer integrates key fraud detection modules
including speech analysis, response latency measurement, and behavioral evaluation. Candidate
responses captured during virtual interviews are processed to extract features such as fluency, tone
consistency, hesitation patterns, and response timing, which are then analyzed using machine
learning-based anomaly detection techniques to identify deviations from normal human behavior.
Based on this analysis, the system determines the likelihood of Al-assisted responses and generates
real-time alerts for suspicious activity. Furthermore, the backend manages data persistence using
MongoDB, storing interview recordings, extracted features, and detection results for further
analysis and reporting. The architecture is designed to support real-time processing, scalability for
multiple concurrent users, and secure data handling, while external access during development can
be facilitated through tools such as ngrok.

C. Data Layer (Database)

The Data Layer is implemented using MongoDB with a document-oriented schema capable of
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handling heterogeneous data types required for Al fraud detection in virtual interviews. It manages
multiple collections, including users (profile information, authentication credentials, and roles),
interview sessions (candidate responses, timestamps, and session metadata), speech features
(extracted attributes such as fluency, tone, and response latency), detection results (fraud probability
scores, anomaly flags, and alerts), and system logs (activity tracking and monitoring records). This
layer supports efficient storage and retrieval of both structured and unstructured data generated
during interview sessions. MongoDB aggregation pipelines are utilized to perform advanced
analytics, including behavioral pattern analysis, response timing trends, and fraud detection
statistics, enabling detailed reporting and continuous improvement of the detection models..

D. Development Methodology

The proposed Al fraud detection system was developed following the Waterfall Software
Development Life Cycle (SDLC) model, consisting of six sequential phases: requirement analysis,
system design, frontend development, backend development, module integration, and testing and
validation. This structured and phase-driven approach was chosen due to the fixed scope and well-
defined objectives of the academic project, ensuring systematic development and clear module
separation. During the design phase, various UML diagrams were created to represent system
structure and workflow, including class diagrams (User, InterviewSession, DetectionModule),
sequence diagrams (interview-to-detection flow), activity diagrams, state diagrams, object diagrams,
and composite structure diagrams. This methodology ensured a clear development roadmap,
effective implementation of fraud detection modules, and reliable system validation.

Al Fraud Detection in Recruitment

Protecting candidate
information

Fig.2 System Architecture

IV. IMPLEMENTATION

A. User Authentication and Session Management

The system supports secure user authentication using JWT-based mechanisms, ensuring safe access
for interviewers and candidates. User credentials are validated and stored securely, and session
management is handled through token-based authentication. Role-based access control ensures that
only authorized users can initiate or monitor interview sessions..

B. Real Time Interview Monitoring Module

The interview module enables live virtual interview sessions where candidate responses are
captured through audio input. The system ensures seamless interaction between interviewer and
candidate while continuously collecting response data in the background. This module acts as the
entry point for capturing behavioral and speech-related inputs required for fraud detection..

C. Speech Analysis Module

The speech analysis module processes candidate responses to extract features such as fluency, tone
variation, pitch consistency, and speech rate. These features help identify unnatural speech patterns
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that may indicate Al-generated responses. The module utilizes signal processing techniques to
evaluate voice characteristics in real time.

D. Response Latency and Behavioral Analysis Module

This module measures the time delay between the interviewer’s question and the candidate’s
response to detect abnormal latency patterns. It also evaluates hesitation, pause distribution, and
response structure. Human responses typically involve natural thinking delays, whereas Al-assisted
responses may exhibit unusually fast or highly structured outputs. These behavioral indicators are
used to assess response authenticity..

E. Anomaly Detection Module

The anomaly detection module applies machine learning techniques to analyze extracted features
and identify deviations from normal human behavior. Based on predefined thresholds and learned
patterns, the system assigns a fraud probability score to each response. If suspicious behavior is
detected, the system generates real-time alerts for the interviewer.

ROOM ID (PROVIDED BY INTERVIEWER)

ajg7gjrd

ULl

Fig.3 Candidate login panel result of Online Interview

J

END INTERVIEW

[T rs START VIDEO SHARE SCREEN

Fig.4 Interviewer and candidate after login in the Online Interview
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Fig.5 Live Al detection monitor

F. System Workflow

System Workflow

The implementation workflow begins with user authentication and initiation of a virtual interview
session. Candidate responses are captured in real time and processed through speech and behavioral
analysis modules. The extracted features are evaluated by the anomaly detection module to
determine the likelihood of Al-assisted fraud. Alerts are generated for suspicious activities, and all
results are stored in the database for further analysis and reporting.

Virtual Interview Fraud Detection
Workflow
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V. RESULTS AND EVALUATION

A. Experimental Setup

To ensure a rigorous and reproducible evaluation, the proposed Al fraud detection system was
tested on multiple simulated virtual interview sessions containing both genuine and Al-assisted
responses. The dataset consisted of 100 interview sessions (20 users x 5 sessions each), including
controlled scenarios where candidates used Al-generated responses.

The system was evaluated under the following configuration:
Hardware: Intel 15 processor, 8 GB RAM
Software Stack: Node.js, Express.js, MongoDB
Al Techniques: Speech analysis and anomaly detection models

Browser: Google Chrome

Evaluation metrics used include Accuracy, Precision, Recall, FI1-Score, Detection Latency, and
Fraud Detection Rate to measure the effectiveness of identifying Al-assisted responses

B. Quantitative Performance Results

1) Fraud Detection Performance

The system was evaluated on its ability to correctly identify Al-assisted responses during virtual
interviews.

Metric Value
Accuracy 94.6%
Precision 93.8%
Recall 92.9%
F1-Score 93.3%

Detection Latency 0.6 seconds

The results indicate that the system can accurately distinguish between genuine human responses
and Al-generated answers with high reliability and minimal delay.

2) Speech and Behavioral Analysis Performance

The speech and behavioral modules were evaluated based on response timing, fluency patterns, and
hesitation detection.

Metric Value
Response Latency Detection Accuracy 95.2%
Speech Pattern Consistency Detection 93.7%
Behavioral Anomaly Detection 92.5%
Avg Processing Time 0.4 seconds

The system effectively identified abnormal response delays and unnatural fluency patterns
commonly associated with Al-generated answers.
3) System-Level Performance

Metric Value
Average API Latency 0.9 seconds

Concurrent Users 50 users
System Uptime 99.1%
Error Rate <1.5%

The system maintained stable performance under moderate concurrent usage and ensured real-time
detection without disrupting the interview process
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Fraud Detection Performance

Fig. 7. Accuracy comparison across system modules (Aptitude, Al Interview, Proctoring, ATS).
C. Baseline Comparison
To wvalidate effectiveness, the proposed system was compared with traditional monitoring
approaches.

Module Baseline Method Proposed System Improvement
Fraud Detection = Manual Observation Al-based Behavioral Analysis +26% accuracy
Response Analysis Rule-based Detection =~ ML-based Anomaly Detection +21% detection rate
Monitoring Webcam-only Proctoring Speech + Behavior Analysis  +18% accuracy

The proposed system consistently outperformed traditional methods by providing automated and
intelligent fraud detection.

~-

Detection Latency

Fig. 8. Latency comparison across system modules showing response time in seconds.
D. Cross-Validation
A 5-fold cross-validation technique was applied to ensure robustness and generalization.

Metric Mean Value Standard Deviation
Accuracy  94.2% +1.3
F1-Score 93.1% +1.5

Low variance indicates stable and reliable system performance across different datasets.
E. Statistical Significance Testing

805



Research Digest on Engineering Management and
Social Innovations

Available on: http://rdems.in DOI: 10.46647/rdems0204026 Volume: 02 Issue: 04, April, 2026
p-ISSN: 3117-4418 e-ISSN: 3117-4426

A paired t-test was conducted at a 95% confidence level to validate improvements over baseline
methods.

Comparison p-value Result

Proposed vs Manual Monitoring 0.002  Significant

ML Detection vs Rule-based ~ 0.001  Significant

Since p < 0.05, the improvements are statistically significant.

F. User Study
A controlled user study was conducted with 20 students over a 2-week period.

. Fraud detection accuracy perceived by users: ~92%

. User satisfaction score: 4.3 /5

. 87% of users agreed that the system improves interview fairness
. 82% preferred Al-based monitoring over manual supervision

G. Summary of Findings

The evaluation demonstrates that the proposed Al fraud detection system achieves high accuracy
(>94%) in identifying Al-assisted responses during virtual interviews. The integration of speech and
behavioral analysis enables effective detection of anomalies such as abnormal response latency and
unnatural fluency. The system operates in real time with low latency and maintains high reliability
under concurrent usage. Cross-validation and statistical testing confirm the robustness and
effectiveness of the proposed approach, making it a reliable solution for ensuring fairness and
integrity in online recruitment systems.

VI. DISCUSSION

The evaluation results demonstrate that the proposed Al fraud detection system achieves high
accuracy (greater than 94%) in identifying Al-assisted responses during virtual interviews. The
integration of speech analysis and behavioral pattern evaluation plays a crucial role in detecting
anomalies such as abnormal response latency, reduced hesitation, and unusually fluent or structured
answers. These indicators effectively differentiate between genuine human responses and Al-
generated outputs.

Furthermore, the system operates in real time with low processing latency, ensuring that detection
does not interfere with the interview process. It also maintains stable performance under concurrent
usage, indicating good scalability for practical deployment in large-scale recruitment scenarios. The
results obtained from cross-validation and statistical significance testing confirm the robustness,
consistency, and reliability of the proposed approach. Overall, the system provides an effective and
non-intrusive solution for maintaining fairness, transparency, and integrity in online interview
environments.

VII. CONCLUSION

This paper presented a real-time Al fraud detection system designed to identify Al-assisted
responses during virtual interviews. The experimental results demonstrate that the proposed system
achieves high accuracy (greater than 94%) by effectively combining speech analysis and behavioral
pattern evaluation. Key indicators such as response latency, hesitation patterns, and speech fluency
enable reliable differentiation between genuine human responses and Al-generated outputs.

The system operates with low processing latency and maintains stable performance under
concurrent usage, making it suitable for real-time deployment in large-scale recruitment
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environments. The results from cross-validation and statistical testing further confirm the robustness
and consistency of the proposed approach. Overall, the system provides an effective, scalable, and
non-intrusive solution for enhancing fairness, transparency, and integrity in online interview
processes. Future work may focus on incorporating multimodal analysis, including video and facial
cues, to further improve detection accuracy and adaptability to evolving Al technologies.
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