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Abstract

Career Quest is an Al-enabled career assistance platform designed to
enhance resume building and interview preparation through the integration of large
language models (LLMs) and multimodal analytics. The system processes resumes
using automated workflows and evaluates them using GPT-based models to generate
ATS scores, semantic feedback, and job recommendations. For interview preparation,
the platform incorporates multi-modal inputs, including text, speech, and facial
expressions. Responses are analyzed using speech recognition, linguistic evaluation,
and emotion detection models to assess technical accuracy, communication clarity,
and behavioral traits. To improve reliability, the proposed framework introduces
uncertainty estimation at each processing stage, enabling confidence-aware
predictions rather than deterministic outputs. Additionally, a probabilistic fusion
mechanism is incorporated to combine multi-modal signals, ensuring consistency
across modalities. Experimental evaluation demonstrates strong performance in
emotion detection (97.35%), speech hesitation detection (85%), and response
evaluation. The system provides interpretable feedback along with reliability scores,
making it a saleable and robust solution for career assessment and interview
training.

Keywords: Multimodal Learning, Large Language Models, Uncertainty Estimation,
Career Assessment, Mock Interviews, Deep Learning, ATS Scoring

1. Introduction

Interviews have been a cornerstone of the recruitment process for over a
century, yet they remain one of the most challenging aspects of the job search, with
the average applicant requiring 10 to 15 interviews to secure a single job offer.
Despite adequate preparation, many candidates struggle to gauge their performance,
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often feeling unprepared and anxious, leading to approximately 40% of job seekers
being rejected due to a lack of confidence during interviews. Traditional preparation
methods, such as books and guides, offer valuable insights but lack interactivity and
personalization, while existing online platforms often fall short in providing dynamic
question generation and tailored feedback. Additionally, job seekers face significant
challenges in crafting resumes that stand out to employers, particularly with the
widespread use of Applicant Tracking Systems that filter out applications failing to
meet specific formatting and keyword requirements. To address these challenges, our
proposed work introduces an Al-powered platform that leverages Large Language
Models (LLMs) for resume analysis, providing scores and actionable suggestions to
improve content, formatting, and ATS compatibility. Based on the refined resume,
the platform recommends suitable job roles aligned with the candidate’s skills,
experience, and preferences. Furthermore, it offers personalized mock interview
sessions tailored to specific job descriptions and interview types (e.g., behavioral,
technical), utilizing LLMs to generate dynamic questions, evaluate responses in real-
time, and provide detailed feedback. For each question, candidates receive a score, a
model answer, and guidance on how to improve their response. At the end of the
session, the platform delivers an overall performance score, highlights areas of
strength, and identifies areas for improvement, such as communication skills,
technical knowledge, or emotional tone.

To quantify ATS relevance, the system computes keyword coverage as:

| Yresumen Z’ob|

)7'017

Keyword Matc (%)=

Where

Yresume=Skill/ keyword set extracted from the resume
Y= Required keywords set from the job description

II. Literature Review

Recent studies have utilized Natural Language Processing (NLP) and Named
Entity Recognition (NER) techniques for efficient resume parsing and job domain
prediction, thereby improving recruitment processes. Al-based mock interview
systems further enhance candidate evaluation by analyzing multimodal inputs such as
text, speech, and facial expressions. These systems extract features including head
posture, gaze direction, prosodic and acoustic characteristics, and linguistic cues to
assess both technical knowledge and behavioral attributes. With the growing adoption
of video interviews, multimodal analysis has become increasingly important for
capturing both verbal and nonverbal communication aspects.

However, most existing approaches suffer from key limitations. They typically
process each modality independently, without leveraging cross-modal
relationships. Additionally, they lack a shared representation or joint
optimization framework, resulting in weak integration of multimodal data.
Another critical limitation is the absence of uncertainty modeling, where
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outputs are treated as deterministic despite potential errors in individual
modules such as speech recognition or emotion detection.

III. Methodology

The proposed platform, Career Quest, is designed to provide an end-to-end
solution for job seekers by integrating resume refinement, job role recommendations,
and Al-powered mock interview preparation into a unified system. The architecture
combines modern web technologies, large language models (LLMs), and multimodal
analysis tools to deliver personalized and actionable career guidance.

A. System Architecture

The frontend is developed using Next.js, a React-based framework that supports
server-side rendering, ensuring fast performance and a seamless user experience.
Shadcn UI components are utilized to maintain consistent styling, responsiveness,
and accessibility. The interface includes pages for Home, Features, Contact, Mock
Interview, How It Works, and Feedback, enabling intuitive navigation and user
interaction. Accessibility features such as keyboard navigation and screen-reader
compatibility are integrated to support diverse users.

The backend uses Nodejs to manage server-side logic, API endpoints, and
communication with external processing services. PostgreSQL serves as the primary
data storage, maintaining user profiles, interview recordings, transcriptions, resume
data, and evaluation results. API routes facilitate secure and efficient frontend—
backend communication.

A high-level system architecture outlining the major modules and data flow is shown
in Fig. 1.
Enhanced Multimodal Framework

The system is reformulated from a simple pipeline into a semi-unified
multimodal framework with:

1. Feature Extraction (per modality)
1. Text — LLM embeddings
2. Audio — Speech features + transcription
3. Visual — Emotion probabilities
2. Shared Latent Representation
All modalities are projected into a common embedding space:
Z=f({T,AV)
where
T = text features
A = audio features
V = visual features

Cross-Modal Attention Fusion

A weighted fusion mechanism ensures interaction:
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qusion = Z M}tzz

Joint Objective Function

L=L,, +L,.+LutAL

‘audio visual ‘consistency

This ensures alignment between modalities.
B. Secure Authentication Module

To ensure secure user access and scalability, the platform implements Clerk, a robust
authentication service handling all user registration, login, identity verification, and
session management. The Clerk Provider wraps the application and offers pre-built
authentication Ul components such as sign-in and sign-out, eliminating the need to
manually implement sensitive login functionalities.

Uncertainty Modeling

Each module produces both prediction and confidence:
Output = (Prediction o)
where ¢ represents uncertainty.

Error propagation across modules:

| 2
O-ﬁnal = Z Ji

Final score is reported as:

scorex confidence

This significantly improves reliability and interpretability.
C. Resume Refinement Module

The resume refinement component combines n8n, a low-code workflow automation
tool, with GPT-4, a state-of-the-art LLM. When a user uploads their resume, n8n
extracts key information, including personal details, work history, skills, education,
certifications, and extracurriculars. The extracted content is evaluated against
Applicant Tracking System (ATS) criteria such as keyword relevance, structure
completeness, formatting consistency, action verb usage, and readability.

The ATS score is computed using a weighted model:
ATS=wy K+w, S+wi F+w, R
where:
K =Keyword match score
S = structure completeness
F = formatting quality
R = readability score
W+ W+ Wi+ W,=1
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GPT-4 performs semantic evaluation and generates an ATS score (0-100) along with
strengths, weaknesses, and improvement suggestions. Based on the analyzed content,
the system recommends job roles best aligned with the candidate’s experience and
skills. Web hooks enable real-time data exchange between the website and n8n,
ensuring users receive immediate feedback, resume improvements, and job-role
suggestions.

Instead of heuristic mapping, confidence is derived using a probabilistic
model:

Confidence= ZP(e[).w[
Where P(e,) =Probability of emotion

w, =learned weight

D. Data Flow and Processing Pipeline

Career Quest operates through a multi-stage data processing pipeline designed to
manage multimodal inputs effectively. Resume files and job descriptions undergo text
pre-processing and are routed to the n8n and GPT-4 workflows. During mock
interviews, audio responses are captured and converted to text, while video frames
are extracted for facial emotion analysis. All processed outputs—such as ATS scores,
transcripts, emotional summaries, and interview ratings—are stored in PostgreSQL.
This modular pipeline supports scalability and efficient parallel data handling.

Text pre-processing includes TF-IDF transformation:

TF =term frequency

DF = document frequency

N = total number of resumes processed.

E. ATS Evaluation and Scoring Mechanism

The ATS scoring process employs a weighted evaluation model based on industry
recruitment standards. Each resume is assessed on criteria including keyword density,
skills relevance, length-to-content balance, structure completeness, and formatting
clarity. GPT-4 enhances this evaluation by performing semantic matching between
the resume and typical job requirements. The final ATS score is normalized to a 0—
100 scale and paired with detailed recommendations to improve ATS visibility.

The ATS score is normalized to the 0—100 scale using:
ATS-ATS, ;.

ATS,orm=100 —————
form ATS o ATS min
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F. AI Mock Interviewer

The mock interview module simulates real interview scenarios by generating
personalized and context-aware questions. The system uses Gemini Flash 1.5, which
analyzes the job description and the chosen interview type—technical or
behavioral—to generate questions that evaluate domain knowledge, communication
skills, and real-world problem-solving abilities.

Each user response is processed through speech recognition and analyzed for
relevance, clarity, structure, and depth. The platform generates a score, a model
answer, and improvement suggestions for every question. At the end of the interview,
a consolidated performance assessment highlights key strengths and areas requiring
improvement.

Al Mock Interviewer
1) Response Scoring Formula
The score for each answer is computed as:
Scorepey=aR+pO+yS
Where
R=Relevence
Q = Technical quality
S = Structure/clarity
at+f+y=1.
1) User Interaction Flow

Users begin by selecting the job role and providing a job description. They then
choose the type of interview (technical or behavioral) and the number of questions
(5-8). Gemini Flash 1.5 creates context-specific questions tailored to the user’s
selection, ensuring a personalized and structured interview experience.

2) Interview Process

During the interview, users activate their microphone and camera. Questions appear
sequentially, and users respond verbally. Audio responses are captured and
transcribed using a built-in speech-to-text module. Video recordings and text
transcripts are securely stored in PostgreSQL for further analysis and user review.

3) Speech-to-Text Module

The platform employs the Web Speech API for real-time, browser-based speech
recognition. This eliminates reliance on external APIs, reduces latency, and ensures
cost-efficient processing. Each spoken response is immediately transcribed, stored,
and later analyzed for linguistic clarity and vocal confidence indicators.

Hesitation score is computed as:
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No. of fillers (um, uh, like)
Total words

Hesitation Rate=

4) Emotion Detection Framework

Emotion analysis is performed using OpenCV and Deep Face, a deep learning model
trained for facial expression recognition. The system extracts one frame per second
from the recorded video and classifies each frame into seven emotions: happy, sad,
neutral, fear, anger, disgust, and surprise. Deep Face, supported by TensorFlow and
Keras, achieves high accuracy (97.35% on LFW benchmarks). Emotion frequency
and transitions are analyzed to assess confidence, nervousness, engagement, and
emotional stability during the interview.

DeepFace uses a softmax emotion classifier:

0

Confidence Interval
o

JN

CI = 1+1.96

Cl =73+£9
ATS Score=7319(95% CI)

5) Performance and Feedback

CareerQuest generates a comprehensive feedback report divided into two
major categories:
e Technical Knowledge: evaluates the accuracy, completeness, and
relevance of responses
e Personal Traits: evaluates confidence level, emotional consistency,
vocal fluency, and nonverbal cues
Feedback includes personalized suggestions, model responses, and a final
score out of 10 to guide improvement. Users can also view their complete
performance history through the session dashboard.

G. Interview Question Generation Strategy (Added Section)

Interview questions are produced through a prompt-engineered workflow that
optimizes contextual awareness. For technical roles, Gemini Flash 1.5
generates problem-solving and domain-specific questions. For behavioral
interviews, the model applies structured frameworks such as the STAR
method to craft questions that assess teamwork, leadership, and adaptability.
This ensures realism and diversity in the question set.
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H. Final Performance Scoring Model

The final interview score is computed by combining three weighted
components:
e Technical Accuracy —40%
¢ Communication Clarity —35%
¢ Emotional Stability —25%
These weights are derived from standard recruiter evaluation practices. The result is
normalized to a 10-point scale and presented with detailed scoring explanations.
This is normalized to a 10-point scale:
Scoregp,a
10
L. System Optimization and Performance Enhancements
To achieve high responsiveness, the system uses:
e Server-side rendering through Next.js
e (Caching mechanisms for repeated LLM prompts
e Optimized SQL queries and indexing in PostgreSQL
e Asynchronous webhooks for resume processing
o Parallel processing for emotion-detection frames
These strategies minimize latency and ensure smooth user experiences even under
high server load.
System Optimization Section
Query optimization efficiency is estimated using:

Scorejg=

where V= number of rows in PostgreSQL table.
J. Security, Privacy, and Data Protection

CareerQuest employs multiple layers of data protection. All communications use
HTTPS encryption, and sensitive files such as resumes, video recordings, and
transcripts are stored with restricted access permissions. Clerk handles authentication
using secure tokens and encrypted credentials. Only anonymized or minimized data is
transmitted to LLMs, ensuring user privacy and compliance with ethical data
handling practices.

IV. Results

The performance of CareerQuest was evaluated using a sample dataset of 30
users consisting of students, job seekers, and working professionals. The results
demonstrate the system’s ability to generate accurate resume scores, provide relevant
job recommendations, create realistic mock interview questions, and evaluate user
responses with high reliability. The most important quantitative results are presented
in the tables below.

Final Score is calculated using:

Tech Scorex0.404+Communicationx0.35+Emotion Stabilityx0.25
1

Final Score=
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Table 1: Resume Analysis & ATS Scoring Results

Table 2: Interview Question Generation & Response Evaluation

Table 3. Emotion Detection Analysis During Interviews

Table 4. Overall Performance Summary
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Career Quest recommends job roles by measuring similarity between resume
embeddings and job embeddings using cosine similarity
Cosine Similarity=

V
__where
v Al vl

v,= resume embedding vector,
v;= job description embedding vector.

Higher similarity values indicate better role alignment.

Career-Quest: Live Demonstration of the AI-Powered Resume and Interview
Assistance System — https://careerquest-v2-0.onrender.com

Below are the screenshots showcasing the key features and functionalities of the
Career-Quest platform. The demonstration highlights how the system provides
intelligent support for resume creation, interview preparation, and personalized career
guidance.

oot e
- — - - L
- -
—_

- ——

Y LA Al I . AR AL L " . skt T .
pc —
ﬁ-.-

iakiter e 15 . " T et -

Sricharani P. et al.

249


https://careerquest-v2-0.onrender.com/

J. Mech. Cont. & Math. Sci., Vol.-21, No.-04, April (2026) pp 240-251

Fig.1. Functionalities of the Career-Quest platform

The Resume Refining Module employs n8n and ChatGPT 4 in refining resumes for
ATS by extracting key information, computing ATS scores, and delivering actionable
feedback. It also sends Al-driven suggestions for job roles with high relevance, along
with improved employment opportunities. The Deep Face pre-trained model is an
effective tool for recognizing facial emotions, with an average accuracy of 97.35%
across benchmark datasets. The system processes one frame every second, detecting
seven major emotions and identifying the dominating emotion in each frame. The
Speech-to-text also recognizes speech irregularities, recognizing 85% of hesitation
signs in trials. The technical response evaluation, driven by Gemini 1.5 Flash LLM,
has excellent precision in analyzing correctness and completeness, making it an
invaluable tool for interview preparation. The users can also learn from past
performances. Users can access a detailed history of all completed mock interviews,
including the job role and type of interview (e.g., behavioral, technical). For each
session, the platform provides comprehensive feedback.

V. Conclusion

Career Quest presents a robust Al-driven framework for automated career
assessment by integrating resume optimization, job-role recommendation, and
multimodal interview evaluation into a unified system. Unlike conventional pipeline-
based approaches, the proposed model incorporates probabilistic multimodal fusion,
enabling effective integration of textual, audio, and visual features through a shared
representation. The inclusion of uncertainty estimation and confidence-aware scoring
enhances the reliability and interpretability of system outputs.

The experimental results demonstrate that the system achieves strong performance in
resume evaluation, interview question generation, and response assessment.
Statistical analysis, including mean scores, confidence intervals, and correlation
measures, confirms the consistency and reliability of the proposed evaluation
framework. Additionally, cross-modal consistency modeling ensures alignment
between verbal responses, speech characteristics, and emotional signals, leading to
more accurate and unbiased performance assessment.

CareerQuest provides comprehensive feedback on technical knowledge,
communication clarity, and emotional stability, enabling users to identify strengths
and areas for improvement. Its scalable web-based architecture makes it suitable for
students, job seekers, and institutional deployment in placement training
environments.
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Overall, the proposed system advances existing approaches by combining multimodal
learning, statistical validation, and uncertainty modeling, thereby offering a more
reliable and interpretable career assessment solution. Future work will focus on
transformer-based multimodal architectures, real-time adaptive feedback,
multilingual capabilities, and large-scale validation to further enhance system
effectiveness and applicability.
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