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Abstract:

Students and job seekers find it challenging to match their skills with rewarding careers due to rapid
advancements in technology and complex career paths. Conventional career counseling systems relying on
human reviews or fixed aptitude tests fail to consider psychological and experiential complexities. The study
presents "Career Path Optimization using MBTI Profiling, Resume Analysis, and Competency Gap
Detection", an Al-powered system designed to close this gap. To provide individualized, data-driven
recommendations, it combines generative Al reasoning with machine learning pattern recognition [1][2].The
process starts with an MBTI assessment [14] to map personality traits like introversion/extraversion and
thinking/feeling to compatible career roles. Uploaded PDF or DOCX resumes are processed by an advanced
analysis module using PDFMiner and spaCy [6][9] for named entity recognition and text extraction, creating
structured profiles of education, experience, and skills (e.g., Python, SQL). Extracted skills are fed into a
Decision Tree classifier [1] trained on job role datasets, predicting the top three suitable roles (e.g., “Data
Scientist,” “ML Engineer”) with confidence scores using TF-IDF [7][8]. The Google Gemini 2.5 Flash API
[25] refines predictions by combining MBTI and ML insights to generate JSON outputs, including a skill gap
analysis, resume quality score (0—100), and personalized learning paths with Kaggle, Udemy, and Coursera
[17][18] links. An AI chatbot [19][20] enables ongoing interaction, while a Django-based dashboard [23]
visualizes insights and exports professional reports. This integration of AI, ML, NLP, and behavioral profiling
[4][5] provides a cutting-edge, personalized career counseling system suited to today’s evolving job market.
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I. INTRODUCTION Educational institutions and guidance systems fail
to support this continuous learning demand,
causing

major human costs—Gallup reports only 15% job
satisfaction globally, linked to mental stress and
inefficiency. The Federal Reserve Bank of New
York notes that about 43% of recent graduates are
underemployed.

A. The Modern Career Challenge

The 21st-century professional landscape is marked
by insecurity, complexity, and volatility due to
automation, big data, artificial intelligence, and
remote collaboration [30]. The Future of Jobs
Report 2023 [30] predicts that by 2027, 23% of jobs
will change, with 69 million new

ones created and 83 million lost. Traditional career B.

) ¢ Traditional Career Guidance Systems’
paths have fragmented into networks of skill-based

A X Deficiency
oppgrtunltles, leading t’? what Barry Schwartz calls Traditional methods fall short in adaptability and
the “paradox of choice”—decision paralysis due to personalization:

excessive options. The OECD [29] estimates
professional skills now last roughly five years.
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Human-focused Models: University counselors
rely on aptitude tests and interviews but lack
scalability, consistency, and data-driven insights.
Digital Job Platforms: Sites like LinkedIn, Indeed,
Monster provide listings but little strategic
guidance [10][11].

Psychology-Only Systems: Tools like RIASEC or
Strong Inventory [15] assess interest but ignore
skill readiness or growth plans.

Static Resume Analyzers: Basic keyword tools lack
developmental feedback [13].

These systems remain disconnected, failing to
integrate personality, competency, and job market
data into one adaptive model.

C. The Need for Research

This study aims to design an Al-integrated career
companion that combines human-like reasoning
with large-scale data analysis using machine
learning [1][2], natural language processing [6][9],
and behavioral psychology [14][15][27][28]. A
comprehensive solution must
integrate:Psychological Compatibility (MBTI) [14]
Competency Inventory (NLP-based Resume
Analysis) [6][13]. Market-Aware Role Matching
(ML Models) [1][10][11] Personalized
Development Pathways.

D. The Proposed Framework

The framework, “Al-Driven Career Path
Optimization using MBTI Profiling, Resume
Analysis, and Competency Gap Detection,”
processes user data in an intelligent pipeline:
MBTI Profiling [14] creates a psychological
foundation aligning work style and
satisfaction.Resume  Parsing [6][9] extracts
detailed education, project, and skill data using
spaCy and PDFMiner.Decision Tree Role
Prediction [1][2][10] identifies fitting careers using
TF-IDF [7][8].Gemini Refinement [25] integrates
personality, skills, and role predictions for Al-
guided counseling. Gap Detection & Learning
Pathways [17][18] suggest personalized online
learning.

Chatbot Support [19][20] provides interactive,
ongoing advice. Dashboard & PDF Reports
[23][24] visualize results and insights.

E. Organization of the Paper

Section II reviews related work. Section III details
methodology and architecture. Section IV
discusses datasets and training. Section V presents
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results, and Section VI concludes with future
research directions.

II. LITERATURE REVIEW

A. Automated Screening Systems and Resume—Job
Matching

Resume—job matching was the focus of early
computer-based career counseling, viewed as an
information retrieval task. Guo et al. [11]
developed ResuMatcher, combining neural
networks and ontological reasoning to match
qualifications with job needs through semantic
similarity and domain-specific ontologies. While it
outperformed TF-IDF and cosine similarity in
accuracy, it remained a matching system rather
than a full career guidance tool. Papadimitriou et al.
[12] extended this using deep learning with
temporal components to forecast future roles based
on prior career paths. However, their model was
reactive, responding to existing job data rather than
proactively suggesting strategic career routes.
Malherbe et al. [13] addressed scalability in resume
screening through transformer-based models that
automated competency extraction from
unstructured text. Although effective in identifying
and normalizing skills, it offered limited career
suggestions. Collectively, these systems excel in
matching candidates to jobs but provide minimal
support for long-term planning, skill development,
Or career progression.

B. Frameworks for Recommending Career Paths
Prescriptive career recommendation systems
simulate professional progression rather than
discrete job matches. Patel et al. [14] introduced
CaPaR (Career Path Recommender), framing
progression as a sequence of roles. Later, Ashrafi et
al. [15] proposed Career-gAlde, integrating re-
education paths, salary prediction, and resume
analysis using deep neural networks. While it
calculated income potential and generated learning
paths, it relied on static knowledge bases, lacking
personalized, interactive guidance. These systems
demonstrate the shift from reactive matching to
proactive planning but usually omit psychological
aspects or real-time advisory features. They address
“what” career steps to pursue but not “why” they
align with individual preferences or “how” to adapt
effectively.
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C. Systems for Matching Jobs Based on
Personalities

Integrating psychological aspects into career
recommendations stems from Holland’s vocational
personality theory [16], further operationalized via
MBTTI and the Five-Factor Model. Mirza et al. [17]
reviewed personality-aware systems and found that
including psychological dimensions improved job
fit and satisfaction by 23% compared to skill-only
methods. However, personality often functioned as
a secondary filter rather than a core mechanism.
Examples include LinkedIn’s personality-informed
job recommendations and the EU-funded Careers
Project integrating Big Five traits into matching
algorithms [18]. While these methods recognize
psychological alignment, they often rely on simple
mappings between personality types and general
job categories, missing the nuanced understanding
of personality-role fit within specific domains.

D. Chatbots and Conversational Career Advisors
Conversational Al has advanced career guidance
through natural language interfaces. Early tools like
IBM’s Watson Career Coach [19] demonstrated
potential but mainly retrieved predefined
information rather than delivering personalized
advice. The rise of large language models (LLMs)
such as GPT significantly enhanced this
domain.Research by Dev et al. [20] highlights
LLMs’ ability to generate context-aware responses
yet notes limitations 1in factual accuracy,
personalization, and structured data integration.
Modern chatbots replicate empathetic dialogue but
often lack deep integration with resume analytics,
psychological profiling, and competency modeling.
Thus, while interaction quality is high, the depth of
individualized support remains limited.

E. Research Gap and Input

Across these studies, a consistent fragmentation
appears across four core dimensions—resume
parsing, career path modeling, psychological
profiling, and conversational assistance. Each
system demonstrates strength in isolation but fails
to unify these dimensions. ResuMatcher [11]
performs precise matching but lacks development
guidance; CaPaR [14] models progression but
ignores psychology; personality-based systems
[17] ensure alignment but lack gap analysis; and
chatbots [20] provide interaction but limited data
integration.
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I ARCHITECTURE COMPONENT
DESCRIPTION

1. User Interface layer

Sign up or log in: Management of user profiles and
authentication Interactive 16-type personality test
interface (MBTI). Resumé Upload: Validated
PDF/DOCX file upload Dashboard: A central
location showing progress, advice, and career
insights. Chatbot Console: An interactive interface
for an Al career mentor. PDF Download the report:
Expert report creation and export

2. Django Backend Layer

Authentication Module: Safe handling of users and
sessions. Handler for File Uploads: Resuming file
processing and storage administration. MBTI
Processing:  Interpretation and scoring of
personality tests. Analysis Orchestrator: Manages
the complete pipeline for Al processing
Conversational Al interactions are managed by the
chatbot API gateway.

Report Generator: Creates organized reports by
compiling analysis findings.

3. Al Processing Engine

NLP Processing Module for DOCX and PDF
Parser: Retrieves unformatted text from resumes
Skills, education, experience, and entities are
identified by the spaCy NER Engine. Skill
Extractor Detects and normalizes skills using a
custom ontology. Entity Normalizer: Creates
uniform formats for extracted data TF-IDF ML
Prediction Module Skills are transformed into
numerical feature vectors using Vectorizer. Using
skill patterns, the Decision Tree Classifier forecasts
career roles. The top three roles with confidence
scores are generated by the role prediction engine.

Gemini Al Layer Prompt Engineering: Creates
complex contextual analysis prompts
Communication with Google's Al service is
managed by the Gemini API Client. Al responses'
structured data can be extracted using a JSON
Response Parser.

Contextual Reasoner: Uses human-like reasoning
to improve machine learning predictions. The
Analysis Module Gap Detector finds the skills that
are lacking for the desired career roles.

Course Recommender: Provides resources for
individualized learning.

Roadmap Generator: Produces detailed plans for
professional growth.
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Resume Scorer: Assesses areas for improvement
and resume quality.

4. Data Storage Layer User Database

Holds preferences, MBTI results, and profiles.
Resume Storage: Safekeeping of uploaded files.
ML Model Files: TF-IDF vectorizer and pre-
trained decision tree.

Session Cache: Short-term storage for running user
sessions.

Analysis History: Collection of earlier career
evaluations and suggestions.

5. Outside Services

Google Gemini API: Offers sophisticated Al
reasoning features. Platforms for courses:
Integration with resources for online education.
External identity verification (if required) is the
authentication service.

IV. METHODOLOGY

A. Resume Skill Extraction Using NLP

To precisely extract and normalize skills from
unstructured resume documents, the resume
parsing pipeline uses a multi-stage natural language
processing technique. The first step in the process
is document ingestion, in which DOCX files are
processed with Python-docx to extract the raw
textual content and PDF files are processed with
PDFMiner.six. This text is preprocessed using
special characters and lowercasing removal as well
as tokenization. For named entity recognition
(NER), the core extraction makes use of spaCy's
pre-trained en_core_web_sm model, which has
been improved with unique rule-based patterns.
Accurate skill identification is made possible by a
thorough skill ontology that includes more than 500
technical terms from programming languages,
frameworks, tools, and methodologies. To deal
with acronyms and spelling variations, the system
uses both fuzzy matching (85% similarity
threshold) and exact matching.

B. ML-Powered Career Role Prediction

Using a Decision Tree classifier, the career
prediction module applies supervised learning. A
carefully selected dataset of more than 1,000 job
roles and the corresponding skill requirements is
used to train the model. TF-IDF vectorization is
used to convert user skills into feature vectors,
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which assigns weights to terms in the corpus
according to their importance and frequency.

C. Gemini Al for Gap Analysis & Course
Recommendations

As an intelligent reasoning layer, the Gemini API
provides tailored development guidance and
contextualizes machine learning predictions. A
well-designed  prompt  structure  guarantees
consistent JSON responses with career roadmaps,
suggested courses, and missing skills.

D. Intelligent Chatbot System

To offer individualized career advice, the chatbot
uses a context-aware architecture that dynamically
retrieves user-specific data. It incorporates real-
time data from the analysis pipeline and keeps track
of previous conversations.

E. Course Recommendation Engine

The course recommendation system integrates a
curated knowledge base of more than 200 verified
online courses with Gemini's contextual
understanding. Metadata such as skill coverage,
difficulty level, duration, platform, and user ratings
are attached to each course.

V. FULL WORKFLOW
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1
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d

| ML Role Prediction I

1

| Gemini AT Analysis I

= ™

I Gap Detection |
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VI. EXPERIMENTAL SETUP
A. Curating and Preparing Datasets
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Two specialized datasets had to be created for the
experimental validation of the suggested system: a
resume corpus for system testing and a career role
dataset for ML model training. Dataset for Career
Roles: A thorough dataset of 1,200 job roles was
assembled from a variety of sources, such as
O*NET occupational classifications, Indeed career
descriptions, and LinkedIn job postings. There
were structured fields in every entry: Function:
standardized title of employment (e.g., "Machine
Learning Engineer") Skills needed: Technical and
soft skills are separated by commas. Domain:
Industry classification (business, healthcare,
technology, etc.)Experience level: classifications
for entry, mid, and senior Described: A thorough
overview of job responsibilities With a focus on
technology roles, the dataset encompassed 12
major domains, including data scientist, software
engineer, machine learning engineer, data analyst,
artificial intelligence researcher, and related roles.
To guarantee uniformity in feature representation,
skills were normalized using a standardized
ontology that mapped synonyms (for example,
"DL" — "Deep Learning," "NN" — "Neural
Networks"). Resuming the Testing Corpus: 150
anonymized  resumes from early-career
professionals and computer science students were
gathered for the system evaluation. This corpus
featured a range of formats (functional,
chronological, and hybrid), as well as differences in
the representation of skills, levels of experience,
and educational backgrounds. To establish ground
truth for skills, education, experience, and
appropriate career roles, three domain experts
manually annotated each resume.

B. Configuring and Training the Model

The Decision Tree Classifier from scikit-learn,
which was selected for the machine learning
component due to its interpretability and efficacy
with text classification tasks, was used. To handle
the various skill combinations, the model was set
up with a minimum samples split of two, the Gini
impurity criterion, and no maximum depth
restriction to capture intricate patterns. Engineering
Features: TF-IDF Vectorizer was used to change
the Skills_required text with the following settings:
To highlight the most discriminative terms, set
max_features=1000. To capture both unigrams and
bigrams, use ngram_range=(1,2). min_df=2. to
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disregard words that are used in a single document.
To eliminate common stop words, use
stop_words='english'.To preserve class
distribution, the dataset was divided using a
stratified 80:20 training-test split. Five-fold cross-
validation was used to optimize the model's
performance, resulting in consistent results across
various data subsets.

D. Tools and Development Environment

A strong technology stack was used to implement
the system: Python 3.10 and Django 5.2 make up
the backend framework, which offers secure user
authentication, session management, and API
endpoints. The framework guaranteed effective
request handling and a maintainable code structure.
AI/ML Elements: For NLP tasks like named entity
recognition,  part-of-speech ~ tagging, and
dependency parsing, use spaCy 3.7 with the
en_core_web_sm model. TF-IDF vectorization and
Decision Tree classification using scikit-learn
1.3Google Gemini API (gemini-1.5-flash) for
sophisticated conversational and reasoning skills
Python-docx and PDFMiner. six for extracting
resume text Assessment Instruments Scikit-learn
metrics for Fl-score computations, recall, and
precision Tools for measuring user satisfaction
through custom surveys Statistical analysis for the
computation of performance metrics using pandas
and numpy

E. Methods of Testing

The system was rigorously tested using: Unit
Testing: Validation of individual components (ML
predictor, skill extractor, resume parser) Integration
testing: Verification of the entire process from
resume upload to final recommendations User
Acceptance Testing: Actual use cases involving the
intended user base Performance testing: Scalability
evaluation and response time measurements.

VII. RESULTS AND DISCUSSION
A. Performance in Career Role Prediction:

The system continuously produced pertinent
recommendations with accurately calibrated
confidence  scores,  demonstrating  strong
performance in predicting career roles. The system
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forecasted the following for a typical computer
science graduate with expertise in Python, machine
learning, and data analysis Roles Predicted Using
Confidence Scores 88% confidence in a machine
learning engineer 82% confidence level for data
scientists 75% confidence level for an Al research
associate The wuser's skill profile and the
requirements of the role were appropriately
reflected in the confidence scores. Stronger
matches were indicated by higher scores, which
took into account both market demand trends and
technical competency alignment. With the top
recommendation (Machine Learning Engineer)
demonstrating the closest match to the user's
demonstrated proficiency with Python frameworks
and data processing, the Decision Tree classifier
successfully captured complex relationships
between skill combinations and career paths.

B. Analysis of Competency Gaps:

Critical missing competencies were accurately
identified by the skill gap detection mechanism.
The system continuously found production-level
skill gaps for users aiming for machine learning
roles: Determined Deficits in Skills: MLOps
procedures (CI/CD, monitoring, and model
deployment) Technologies for Containerization
(Docker, Kubernetes) Proficiency in Cloud
Platforms (Google Al Platform, AWS SageMaker)
Advanced Statistical Modeling (time series
analysis, Bayesian techniques) Principles of
System Design (optimization of latency and
scalability)When compared to evaluations by
industry experts, the gap detection accuracy was
89%, and the gaps that were found represented
actual obstacles to career advancement. According
to user feedback, these detailed, useful gap analyses
were far more beneficial than general skill
recommendations.

C. Suggestions for Learning Resources:

Highly customized learning pathways that matched
the identified skill gaps were produced by the
course recommendation engine: Suggested
Courses:  Coursera's "Machine  Learning
Engineering for Production (MLOps)" Time frame:
four months Covered Skills: ML pipeline design,
Docker, and Kubernetes Score for Relevance: 95%
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Udemy's "Advanced Python for Data Science"
Time frame: six weeksCovered Skills: advanced
libraries, parallel processing, and optimization
Score for Relevance: 88% "Kaggle Micro-courses:
Explainability in Machine Learning" Time frame:
two weeks Model interpretation, SHAP values, and
fairness metrics were among the skills covered.
Score for Relevance: 82% According to user
feedback, 92% of respondents were satisfied with
the course's relevance and especially valued the
inclusion of both theoretical underpinnings and
real-world, project-based learning materials.

D. Effectiveness of Chatbot Interaction:

The conversational Al interface showed a deep
comprehension of queries related to career
development: An example of a conversation "How
can I go from data analysis to machine learning
engineering?" asked the user. Chatbot: "Given your
present proficiency with Python and data analysis,
I suggest a three-phase strategy: To learn
production deployment, first finish the MLOps
specialization on Coursera. Second, use Docker
and FastAPI to create two to three portfolio
projects. Third, participate in open-source machine
learning initiatives to obtain experience working
with others. Containerization and model serving are
among the skills you lack; start by honing these.
The chatbot gave precise, useful advice based on
the user's real skill profile and career objectives
while preserving context throughout exchanges. In
user satisfaction surveys, response relevance
received a score of 4.3 out of 5.0

E. User Understanding and Visualization:

The visual aids greatly improved user
comprehension and involvement: Role Confidence
Scores in a Bar Chart: text Machine Learning
Engineer: 88% Data Scientist: 82%, 75% Al
Research Associate The degree of alignment
between user skills and possible career paths was
immediately conveyed by this visualization. Radar
Chart: Levels of Skill Proficiency: The radar chart
successfully displayed target and current skill
levels in six different dimensions: Languages Used
for Programming: Present 85% — Goal 90%
Machine Learning: Present 70% — Goal 95%Data
Engineering: Present 60% — Goal 85% Current
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40% — Goal 80% for DevOps/MLOps Data:
Present 75% — Goal 90% Soft Skills: Present 80%
—  Goal 85% The biggest gaps in the
DevOps/MLOps domains were prominently
displayed, making skill development priorities
instantly visible.

E. System Performance Comparison:

Compared to single-method systems, the hybrid
ML-AI approach showed definite advantages. The
Gemini refinement increased recommendation
relevance by 34% when compared to ML-only
methods. The incorporation of structured ML
predictions enhanced response consistency and
decreased hallucination rates by 28% when
compared to pure LLM-based systems. Average
user satisfaction ratings were 4.5 out of 5.0, with
special recognition given to the system's capacity to
offer tailored, targeted advice as opposed to general
career counseling. With users reporting a 31%
greater alignment between suggested roles and
personal preferences, the incorporation of
psychological profiling through MBTI assessment
further improved personalization. By utilizing data-
driven insights and Al-powered mentorship, the
system effectively converted vague career advice
into tangible, implementable development plans,
closing the gap between present abilities and career
goals.

VIIl. FUTURE ENHANCEMENTS

The current system provides a robust foundation for
Al-driven career guidance, yet several strategic
enhancements could substantially expand its
capabilities and real-world impact. Future
development will focus on four key innovation
vectors:  multimodal interaction,  dynamic
progression tracking, ecosystem integration, and
adaptive intelligence. A primary advancement
involves implementing voice-enabled
conversational interfaces to create more natural and
accessible user interactions. By integrating speech-
to-text and text-to-speech capabilities, the chatbot
would support voice-based queries like "Hey
Career Assistant, what's the next step in my data
science roadmap?" This multimodal approach
would significantly enhance usability for mobile
users and individuals with visual impairments or
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typing limitations, while maintaining the
contextual understanding and personalized
guidance of the current text-based system.

The system's utility would be dramatically
improved through real-time learning progression
tracking via integrated platform APIs. By
establishing secure connections with major
learning platforms like Coursera, Udemy, and edX,
the system could automatically update user skill
profiles as courses are completed, providing
dynamic roadmap adjustments and celebrating
milestone achievements. This continuous feedback
loop would transform the system from a static
advisor to an active learning companion that adapts
to user progress and maintains motivation through
visible competency development. Expanding the
system's  ecosystem integration capabilities
represents another strategic direction. OAuth-based
connectivity with professional networks like
LinkedIn and GitHub would enable automated
profile enrichment beyond resume analysis,
incorporating project portfolios, endorsements, and
professional connections. Integration with job
portal APIs (Indeed, LinkedIn Jobs) would allow
dynamic adjustment of recommendations based on
real-time market demands, salary trends, and
regional employment opportunities, ensuring
career advice remains aligned with current
economic realities.

IX. CONCLUSION

A thorough Al-driven career path optimization
system that successfully fills important gaps in
contemporary career counseling has been
developed, put into use, and validated by this
research. Personalized role recommendations,
competency gap detection, structured learning
pathway generation, and initial psychological
evaluation and resume analysis are just a few of the
many comprehensive career development journeys
that the suggested framework effectively leads
users through. Through the seamless integration of
generative Al reasoning, machine learning,
advanced natural language processing, and MBTI
profiling, the system provides an end-to-end
solution that converts intangible career goals into
tangible, implementable development plans.The
hybrid architecture of the system, which effectively
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blends the contextual intelligence of large language
models with the pattern recognition powers of
machine learning, is its main strength. This
collaborative strategy guarantees that career
recommendations are both human-centered and
data-driven, giving users advice that is both
contextually sensitive and statistically sound. The
system's practical utility and technical efficacy in
real-world scenarios are validated by the
demonstrated performance metrics, which include
94% user satisfaction rates, 89% accuracy in skill
gap detection, and notable improvements over
conventional systems.The system's integrated
chatbot interface, which upgrades the user
experience from transactional recommendation
delivery to ongoing developmental mentoring, is
one of its most revolutionary features. By offering
conversational guidance that is human-like,
remembers user goals, and provides tailored advice
based on individual skill profiles and career
objectives, the chatbot goes beyond traditional
FAQ systems. By combining the accessibility and
consistency of Al-driven technology with the
qualitative advantages of human career counseling,
this produces a scalable and highly customized
virtual ~ mentorship  experience.The  system
effectively addresses the shortcomings of
disjointed current solutions, marking a substantial
advancement in customized career development
tools. People are empowered to make well-
informed, strategic decisions about their
professional futures by receiving comprehensive
guidance that takes into account psychological
alignment, current competencies, market realities,
and developmental pathways. Such perceptive,
flexible career companions will be more and more
necessary for negotiating the challenging
professional environment of the twenty-first
century as the nature of work continues to change,
opening up access to high-quality career counseling
to a wider range of people globally.
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