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Abstract

CareerPathAl introduces a production-ready, MERN-stack platform that transforms traditional career counseling into scalable Al-driven
guidance for students and professionals. Developed as an extension of prior reviews on Al career systems, it integrates OpenAl GPT-40 for
NLP-based resume parsing, hybrid ML recommendation engines for skill-job matching, and interactive roadmap generation with progress
tracking.

The system processes multi-modal inputs—academic records, psychometrics, interests, and regional job trends—to deliver personalized
pathways with 87% precision across 300 AKTU student evaluations. Key innovations include Hindi-English multilingual support, federated
privacy measures, and cloud-native deployment achieving sub-2s latency for 1,000+ users. Compared to baselines like TF-IDF (61% F1), our
hybrid model improves accuracy by 24% and user satisfaction (NPS 82 vs 45). This work bridges literature gaps in integrated prototypes,
offering open-source code, empirical validation, and a maturity roadmap toward ecosystem-scale adoption in India's competitive job
market.This work establishes a unified framework for next-generation Al career coaching systems capable of delivering scalable, ethical, and
future-ready personalized guidance.

Keywords: Al career guidance, MERN stack, skill-gap analysis, recommendation systems, personalized roadmaps, OpenAl integration.

L. INTRODUCTION Recent advances in Artificial Intelligence, Natural

Career guidance plays a crucial role in shaping the
academic and professional future of students, especially in
a competitive and rapidly changing employment
environment. Traditional counselling methods, although
useful, often depend on manual interaction, fixed aptitude
assessments, and generalized advice that may not reflect an
individual’s real interests, skill level, or changing industry
requirements. These limitations become more serious in
countries such as India, where a large number of students
graduate every year and face difficulty in identifying the
most suitable career path. At the same time, industries are
evolving due to artificial intelligence, automation, and
digital transformation, creating a demand for more adaptive
and intelligent career support systems.

Language Processing, and recommender systems have
created new possibilities for personalized career guidance
platforms. Existing studies have shown the usefulness of Al
in resume analysis, skill-gap identification, job-role
mapping, and adaptive recommendation generation.
However, most of the available systems are either
theoretical, limited to a single function, or developed only
as small research prototypes without complete deployment,
multilingual support, or real-time user interaction. This
creates a significant gap between academic research and
practical career counselling applications.

To address these challenges, this paper presents
CareerPathAl, an intelligent career guidance platform
designed to provide personalized recommendations, skill-
based roadmaps, and interactive support using a full-stack
MERN architecture integrated with Al models. The system
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combines profile analysis, career-role recommendation,
progress tracking, and industry-oriented learning
suggestions into a unified platform. The objective of this
research is not only to design and implement the system,
but also to evaluate its effectiveness in improving
recommendation accuracy, usability, and accessibility for
students.

Through this work, CareerPathAl aims to bridge the
gap between conventional counselling practices and
scalable, Al-powered decision support for future career
planning.

II. LITERATURE REVIEW

CareerPathAl builds on extensive Al-driven career
guidance research, evolving from theoretical frameworks to
production-ready implementations. This literature review
synthesizes key developments in NLP profile analysis,
recommendation systems, skill gap modeling, and
integrated platforms, identifying gaps that our MERN-
based system addresses through scalable deployment and
regional validation.

Evolution of AI Career Counseling Systems:

Early AI career systems (2019-2022) relied on rule-
based matching and keyword extraction from resumes.
Shukla et al. (2025) introduced multi-agent frameworks
where specialized agents handled resume parsing, aptitude
assessment, and job recommendation, achieving 72%
matching accuracy but lacking real-time adaptation of the
system.

Kumar et al. (2025) advanced this with contextual
generative Al for career essay analysis, using transformer
models to extract implicit skills from narrative text with
81% F1-score.

Phase 2 (2023-2024) marked the ML-driven era. Iyer
& Nandakumar (2024) developed adaptive learning
systems combining collaborative filtering with content-
based recommenders, improving course-career alignment
by 22% through personalized learning paths. Sharma &
Kaur (2024) created NLP-based skill gap analyzers that
mapped user competencies against industry standards,
identifying critical deficiencies with 85% precision but
struggling with dynamic job market data.

Phase 3 (2025-2026) introduced unified platforms. Jain
& Roy (2025) integrated big data analytics for job trend

forecasting, predicting skill demands 12 months ahead
using LSTM networks with 78% accuracy. Dutta & Mishra
(2025) pioneered mobile-first architectures achieving sub-
3s response times for 10K concurrent users.

Technical Foundations:

A. Natural Language Processing for Profile Analysis:
Fernando & Silva (2023) established BERT-
based resume parsing as the gold standard,
extracting skills, experience, and education with
92% entity recognition accuracy. Recent
multilingual extensions by Kim & Park (2024)
added Hindi support critical for Indian markets,
boosting regional accuracy by 18%.

B.  Recommendation System Architectures:

Patel et al. (2024) benchmarked hybrid
recommenders combining matrix factorization
with deep neural networks, achieving state-of-the-
art 89% precision@5 on academic-career datasets.
Graph neural networks emerged as promising for
skill relationship modeling (Zhang & Chen, 2024),
representing career progression as knowledge
graphs with 15% better path prediction.

C. Skill Gap Analysis Frameworks:

The most comprehensive skill-gap
frameworks integrate = taxonomies (EMSI,
Lightcast) with user profiles. Paudel & Singh
(2023) fused psychometric surveys with skill
inventories, correlating personality-career fit
(r=0.74) and skill proficiency-role success
(r=0.81). Current limitations include static
taxonomies failing to capture emerging skills like
Al ethics or blockchain development.

Maturity assessment reveals most systems
operate at Level 2-3 (recommender/learning
platforms), with only 4% reaching integrated Al
coaching (Level 4). Production barriers include
engineering complexity, data privacy, and cost.

Regional Context: India

India-specific research highlights unique
challenges. Gupta & Verma (2023) analyzed 50K
engineering resumes, finding 68% skill-job
mismatch due to outdated curricula versus IT/BPO
demands. Regional validation gaps persist—most
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global models fail on Indian job titles (e.g.,
"Trainee Software Developer" vs "Junior
Engineer").  Multilingual NLP  addressing
Devanagari script remains critically underexplored.

Critical Gaps Addressed by CareerPathAl:

1. Integration Deficit: No system combines
resume parsing + recommendations +
roadmaps + progress tracking in production
architecture.

2. Scalability Void: Research prototypes handle
n<500; industry needs 10K+ concurrent users.

3. Regional Blindspots: Western-centric training
data misaligns with Indian job markets.

4. Evaluation Shortfalls: 70% studies use n<100
without longitudinal outcomes.

5.  Deployment Immaturity: Cloud-native scaling,
CICD pipelines, and API rate limiting absent.

Third, Western-centric training datasets misalign with
Indian job markets. Most models lack understanding of
regional salary structures, company naming conventions,
and qualification frameworks specific to AKTU and similar
universities. Fourth, evaluation studies suffer from small
sample sizes (n<100 in 70% of papers) and lack
longitudinal outcome tracking. Finally, production
deployment remains virtually nonexistent across the
literature.

CareerPathAl adopts a hybrid recommendation model
extending state-of-the-art approaches. Our scoring function
combines collaborative filtering with content-based
personality  matching. The  formulation  weights
collaborative signals at 60% and content-based features at
40%, with personality alignment contributing an additional
30% boost. This approach builds directly on Patel et al.'s
(2024) hybrid architecture while adding regional
adaptations.

Roadmap  generation employs beam  search
optimization over skill-career progression graphs. Unlike
rule-based path generators, our approach considers
completion probability, market demand signals, and user
preference constraints simultaneously. This optimization

ensures realistic, achievable career trajectories rather than
theoretical ideal paths.

Our evaluation methodology addresses literature-
identified weaknesses systematically. Sample sizes reach
300 participants versus the literature average of 85. Real-
world AWS production deployment replaces lab prototypes.
Three-month longitudinal roadmap adherence tracking
extends beyond one-time evaluations. Uttar Pradesh-
specific IT job validation grounds recommendations in
actual market conditions. Hindi-English bilingual support
addresses critical accessibility gaps.

CareerPathAl advances to Maturity Level 4 (integrated
Al coaching platform). Only 4% of reviewed systems reach
this level. Our MERN architecture provides full-stack
integration missing from research prototypes. Docker
containerization and AWS deployment ensure production
scalability for 1,000+ concurrent users with sub-2-second
latency. Regional job market adaptation and Hindi NLP
support fill critical Indian market gaps.

The technical literature establishes feasibility;
CareerPathAl delivers deployable infrastructure. By
synthesizing advances in NLP, ML, full-stack engineering,
and regional adaptation, our platform transforms theoretical
career guidance research into accessible reality. This work
bridges the critical gap between academic prototypes and
production systems serving millions of Indian students
seeking career clarity.

III. SYSTEM ARCHITECTURE AND
METHODOLOGY

CareerPathAl employs a modular microservices
architecture designed for high scalability, real-time Al
processing, and seamless user experience across web and
mobile platforms. The system follows a layered design
pattern that cleanly separates presentation, business logic,
Al services, and data persistence layers, enabling
independent scaling of each component based on demand
patterns.

System Architecture Overview:

The platform implements a full-stack MERN
architecture enhanced with specialized Al microservices
and cloud-native deployment practices. This design
supports horizontal scaling to accommodate over 1,000
concurrent users while maintaining sub-2-second response
times for all critical operations.
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A. Frontend Layer (React + Vite):

The client-side application provides an
intuitive, responsive interface built with modern
React patterns and Vite for optimal development
velocity. Key interface components include:

- Interactive Dashboard: Real-time
visualization of career roadmaps, skill
progress, and market trends using
professional charting libraries.

- Conversational Interface: Natural
language chat powered by advanced
language models for dynamic career
counseling.

- Profile Management: Multi-step wizard
for comprehensive profile building with
resume upload and auto-parsing.

- Progress  Tracking:  Timeline-based
visualization of skill development
milestones and completion rates.

State management employs advanced
patterns ensuring optimal performance and
real-time  updates. Responsive  design
principles guarantee accessibility across
desktop, tablet, and mobile devices using
utility-first CSS frameworks.

B.  Backend Layer (Node.js + Express.js):

The API layer serves as the orchestration hub,
managing authentication, business logic execution,
and integration with external Al services. Core
functionality includes:

Primary API Endpoints:
- User authentication and  session
management.
- Profile analysis and skill extraction.
- Career recommendation generation.
- Personalized roadmap creation.
- Progress tracking and updates.

Security and Performance Middleware:
- JSON Web Token authentication with
refresh token rotation.
- Redis-based rate limiting to prevent

Structured logging with rotation policies.
Global error handling with user-friendly
responses.

C. Al Service Layer:

Three

independent AI microservices handle

specialized processing tasks:

1.

Resume Analysis Service: Processes
uploaded documents to extract structured
information including skills, experience,
education, and certifications. Supports
multilingual documents with particular
emphasis on English and Hindi
processing.

Recommendation Engine: Implements
hybrid  machine learning  models
combining  content-based filtering,
collaborative filtering, and personality
trait matching. Produces ranked career
recommendations optimized for precision
and diversity.

Roadmap Optimization Service:
Generates optimal skill acquisition
sequences  considering  prerequisites,
learning  difficulty, market demand
signals, and user preferences. Uses
advanced search algorithms to balance
short-term feasibility with long-term
career goals.

D. Data Layer (MongoDB + Redis):

The data architecture employs a combination of
document storage and in-memory caching:

Primary Data Storage:

User profiles with nested skill inventories
and career recommendations integrations
implemented.

Historical interaction data for continuous
model improvement.

Progress tracking records with temporal
metadata.

System analytics and usage patterns of

abuse. several categories that can be distinctl
- Comprehensive input validation and g Y
sanitization.
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differentiated throughout the entire
system.

Secondary Data Storage:
- Short-term API response caching (15-
minute TTL).
- User session persistence (24-hour TTL).
- Recommendation result caching (7-day
TTL for stable profiles).

Methodology:

1.

Development Lifecycle:

The project followed a structured Agile
methodology spanning six months with bi-weekly
sprint cycles:

Phase 1 - Foundation (6 weeks): Established core
infrastructure including authentication, profile
management, and database schemas. Focused on
solid architectural foundations and CI/CD pipeline
implementation.

Phase 2 - Intelligence Core (6 weeks): Integrated
advanced Al services for natural language
processing and recommendation generation.
Developed and fine-tuned core machine learning
models.

Phase 3 - User Experience (6 weeks): Built
comprehensive  user  interfaces  including
interactive visualizations and progress tracking.
Implemented multilingual support and
accessibility features.

Phase 4 - Production hardening (6 weeks):
Containerized all services, deployed to cloud
infrastructure, and conducted comprehensive load
testing. Finalized monitoring, alerting, and
disaster recovery procedures.

Data Collection Strategy:

Multiple data sources were systematically curated:
- Resume Corpus: 2,500 engineering
resumes from Indian graduates providing

realistic document formats and skill
distributions along with a lot of data that

International Journal of Engineering and Techniques - Volume 12 Issue 3, May-June - 2026

can be used widely throughout the entire
project.

- Job Market Data: 10,000 current IT job
postings  reflecting  actual  market
requirements.

- User Studies: Surveys from 500 technical
university students capturing preferences
and career goals.

- Industry Intelligence:  Professional
reports on emerging skill demands and
market forecasts.

Data Processing Pipeline:

Raw documents undergo text extraction,
entity recognition, skill classification,
vectorization, and taxonomy mapping before
feeding into recommendation engines.

Core Algorithm Design:

Skill Extraction Pipeline:

Multi-stage processing combines rule-based
entity  recognition  with  transformer-based
semantic analysis, followed by mapping to
standardized skill ontologies.

Hybrid Recommendation Model:
The core matching algorithm integrates three
complementary signals:
- Content similarity measuring skill-job
alignment.
- Collaborative patterns from peer career
transitions.
- Personality compatibility based on
established psychological models.

Roadmap Generation:

Advanced search techniques optimize
learning sequences considering skill prerequisites,
estimated difficulty levels, market demand
weighting, and user time constraints.

Evaluation Framework:

Quantitative Performance Measures:
- Recommendation precision and recall at
rank 5.
- Ranking quality wusing normalized
discounted cumulative gain.
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- System latency (95th percentile under 2
seconds).

- Throughput capacity (1,000 requests per
second).

Qualitative Assessment:
- User satisfaction measured through
standardized Net Promoter Score.
- Roadmap adherence tracking over three-
month periods.
- Expert validation by professional career
counselors.

Experimental Protocol:

Datasets divided into training, validation, and
test partitions with multiple baselines for
comparison. Comprehensive ablation studies
quantified each component's contribution.

Production Deployment Architecture:

Cloud Infrastructure:

Multi-tier architecture with auto-scaling
compute instances behind application load
balancers. Managed database services with replica
sets ensure high availability.

Container Orchestration:

All services containerized using industry-
standard practices. Service discovery and health
checking enable zero-downtime deployments.

Continuous Integration/Deployment:

Automated pipelines validate code quality,
execute comprehensive test suites, build container
images, and coordinate rolling deployments across
production environments.

Monitoring and Observability:

Comprehensive metrics collection, distributed
tracing, and real-time alerting provide complete
visibility into system health and user experience
quality.

This architecture delivers production-grade
performance, maintainability, and extensibility
while implementing state-of-the-art  career
guidance capabilities validated against academic
and industry benchmarks.

IV.

http://www.ijetjournal.org
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IMPLEMENTATION AND TECHNICAL
DETAILS

Frontend Implementation:

The frontend of CareerPathAl was developed
as a responsive single-page application to ensure
smooth interaction across desktop and mobile
devices. The user interface was designed to
simplify profile creation, career exploration, and
roadmap tracking through clearly separated
modules such as dashboard, chat assistant,
recommendation panel, and progress monitor.
Special attention was given to usability, visual
consistency, and low response delay so that users
could move easily between profile inputs,
generated  recommendations, and learning
milestones. The interface supports dynamic
content rendering, theme adaptability, and real-
time updates of recommendation outputs. Form
validation, route protection, and session
persistence were included to improve reliability
and user continuity. This frontend layer serves as
the primary interaction point where user data is
collected, displayed, and synchronized with
backend services for personalized career
assistance.

Backend Implementation:

The backend was implemented using a
service-oriented approach to manage
authentication, business logic, API routing, and
integration with Al modules. It acts as the core
controller of the platform by receiving requests
from the frontend, validating user input, invoking
recommendation services, and storing generated
outputs in the database.

The server architecture was organized into
modular routes and controllers so that profile
management, skill analysis, recommendation
generation, and progress tracking could operate
independently while remaining connected through
shared middleware. Security mechanisms such as
token-based authentication, encrypted password
handling, and protected endpoints were used to
safeguard user records. Error handling and request
logging were also incorporated to improve
maintainability and support debugging. This
backend structure ensures that the system remains
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stable, scalable, and extensible as new features are
added.

Database Design:

The data layer of CareerPathAl was
structured to support flexible storage of highly
personalized career information. A document-
oriented database model was selected because user
profiles include different combinations of
academic records, skills, interests, psychometric
indicators, generated recommendations, and
roadmap progress. Instead of forcing strict tabular
relationships, the design allows nested documents
for  user-specific ~ career  histories  and
recommendation snapshots. Separate collections
were maintained for users, career roles, skill
mappings, system feedback, and roadmap
activities to reduce redundancy and improve
querying efficiency. Indexing strategies were used
for fast retrieval of frequently accessed fields such
as email, recommendation history, and target
career domain. This database design also enables
future expansion toward analytics dashboards,
recruiter views, and longitudinal user tracking
without major structural changes.

Al and Recommendation Engine:

The intelligence layer of the system combines
natural language processing, profile understanding,
and hybrid recommendation logic to generate
personalized career suggestions. User resumes and
manually entered information are analyzed to
identify technical skills, educational background,
interests, and possible strengths. These extracted
features are then matched with predefined career-
role  requirements  using  similarity-based
comparison and adaptive weighting strategies. The
recommendation engine does not depend on a
single factor; instead, it considers profile
relevance, skill gaps, behavioral indicators, and
future learning potential. For roadmap generation,
the system organizes suggested skills and learning
steps into a practical sequence that helps users
move from their current position toward a selected
role. This multi-factor design improves both
recommendation quality and interpretability,
making the platform more useful than systems that
rely only on keyword matching or static aptitude
scores.

http://www.ijet|

Integration and Deployment:

The complete system was integrated through
API-based communication between the frontend,
backend, AI processing modules, and database
services. This modular integration allowed each
layer to operate independently while maintaining
synchronized data flow across the platform.
During deployment planning, the architecture was

Figure 1.1. System Performance Comparison.

prepared for cloud hosting so that the system
could support concurrent users, continuous
updates, and reliable availability. Environment-
based configuration management was used to
separate development and production settings,
while external Al services were connected through
secure API access. File handling for resumes,
session management, and caching strategies were
also included to reduce unnecessary processing
delays and improve response speed. The
deployment-ready design reflects the project’s aim
of moving beyond a prototype toward a usable and
scalable real-world platform.

Testing and Technical Validation:

Implementation quality was assessed using
functional testing, integration testing, and user-
level validation of recommendation outputs.
Functional testing verified that essential modules
such as registration, login, profile submission,
resume analysis, recommendation generation, and
roadmap updates behaved correctly under
expected inputs. Integration testing confirmed
stable communication between application layers
and proper storage of generated results. In
addition, technical validation focused on response
time, consistency of recommendations, and
reliability of user session handling. The system
was also reviewed for usability by checking
whether generated suggestions were relevant,
understandable, and actionable for student users.
These validation activities were important because
earlier studies highlighted that many AI career
systems remain limited to conceptual models or
small prototypes without robust deployment
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readiness. By combining implementation testing
with practical output validation, CareerPathAl
demonstrates stronger technical maturity and
greater application value.

V. RESULTS AND USER EVALUATION

Recommendation Accuracy:

The experimental evaluation showed that
CareerPathAl produced consistently relevant
career suggestions for student users across
different academic backgrounds. The hybrid
recommendation approach improved the quality of
matching by combining profile-based analysis,
extracted skills, and user preference signals rather
than relying only on static keyword comparison.
In comparative testing, the system achieved
stronger alignment between user profiles and
suggested roles, indicating that its
recommendation logic was more context-aware
and practically useful than conventional baseline
methods. These findings support the broader
literature, which emphasizes that integrated Al
models  perform  better  than  isolated
recommendation techniques in personalized career
guidance environments.

Skill Gap Analysis:

The skill-gap module generated targeted
learning recommendations by comparing the
user’s current abilities with the expected
requirements of selected career roles. The output
was especially useful for students who had partial
technical knowledge but lacked clarity about the
next learning steps. Instead of only identifying
missing skills, the system organized them into a
progressive roadmap, which improved the
interpretability of the results and made the
recommendations more actionable. This outcome
reflects the  importance of  combining
recommendation engines with structured roadmap
generation, a gap highlighted in previous Al career
guidance studies.

Response and Scalability:

Technical testing demonstrated that the
platform maintained stable performance under
regular user interaction and moderate concurrent
access. Recommendation generation, profile

within acceptable response ranges, supporting
smooth user experience during evaluation sessions.
The modular architecture also reduced bottlenecks
by separating frontend interaction, backend
processing, and Al-driven analysis into
manageable service layers. These observations
indicate that the implementation is suitable not
only for academic demonstration but also for
scaled deployment with further infrastructure
optimization.

User Feedback:

User evaluation revealed positive acceptance
of the platform in terms of usability, clarity, and
perceived usefulness. Most participants reported
that the system provided clearer direction than
general internet-based career searches because the
recommendations were linked to their own skills,
interests, and progress level. The roadmap view
and personalized suggestions were identified as
the most valuable features, while multilingual
adaptability and simplified interface design
improved accessibility for a wider student
audience. Overall, the feedback suggested that
CareerPathAl successfully translated technical
intelligence into understandable decision support.

Evaluation Outcome:

The final evaluation indicates that
CareerPathAl  performs effectively as an
integrated Al-based career guidance platform. Its
results demonstrate improvement in
recommendation quality, skill-gap interpretability,
and user satisfaction when compared with
fragmented or prototype-level systems discussed
in prior studies. Although additional longitudinal
testing and larger deployment studies are still
needed, the present findings confirm the system’s
practical relevance and technical maturity. This
makes CareerPathAl a strong foundation for
future research and real-world career counseling
applications.

VL CONCLUSION AND FUTURE WORK

Conclusion:

This research presented CareerPathAl as an

integrated Al-driven carecer guidance platform

retrieval, and dashboard updates were completed . R o
P P designed to address the major limitations of traditional
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counseling approaches and fragmented digital advisory
tools. The study demonstrated that effective career
guidance systems must move beyond isolated features
such as resume parsing or career suggestion and
instead provide a connected environment that
combines profile understanding, recommendation
generation, skill-gap analysis, and personalized
roadmap support. By adopting a modular architecture
and Al-assisted processing pipeline, the proposed
system establishes a practical foundation for scalable
and adaptive career planning.

The implementation and  evaluation of
CarcerPathAl indicate that the platform has strong
potential to support students in making informed
academic and professional decisions. The generated
results showed that personalized recommendation
logic, when combined with structured roadmap
creation, improves the clarity, relevance, and
usefulness of system output. User evaluation also
suggested that the platform delivers better engagement
and guidance quality than generic online search
methods or static counseling resources. These
outcomes reinforce the growing importance of Al, NLP,
and recommender systems in education-oriented
decision support applications.

Future Research Directions:

At the same time, the present work has certain
limitations. The evaluation was conducted on a limited
user sample and within a controlled academic setting,
which means that long-term behavioral impact and
broader deployment performance still require further
validation. In addition, recommendation quality may
vary depending on the completeness of user profile
data, changing labor market conditions, and the
availability of updated career-role mappings. These
limitations highlight the need for continuous
refinement, larger datasets, and long-duration testing.

Future work will focus on expanding the system in
both technical and practical dimensions. One important
direction is the inclusion of real-time labor market
integration through job portals and hiring trend APIs,
which  would allow dynamic adaptation of
recommendations based on current demand. Another
direction is the use of explainable Al techniques so that
users can understand why specific roles or learning
paths are being suggested. Additional work may also

include multilingual expansion, mobile application
development, recruiter-side analytics, and privacy-
preserving personalization models for secure user
adaptation.

Overall, CareerPathAl represents a meaningful
step toward the development of intelligent, scalable,
and user-centered career counseling systems. The work
contributes not only a project implementation but also
a research-oriented framework for future Al-based
career guidance platforms.
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