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Abstract—Career counseling is essential in guiding both stu-
dents and professionals toward informed career decisions. How-
ever, traditional counseling methods often fall short in terms of
personalization, scalability, and responsiveness to the evolving job
market. With recent advancements in Machine Learning (ML)
and Explainable Artificial Intelligence (XAl), it is now feasible
to develop intelligent systems that not only recommend suitable
career paths but also provide clear, interpretable justifications
for their suggestions.

This paper presents a machine learning-driven career guid-
ance framework that combines classification models for career
path prediction, natural language processing (NLP) techniques
for extracting relevant skills, and a hybrid recommendation
engine to offer personalized upskilling pathways. Furthermore,
explainability tools like SHAP and LIME are integrated to
enhance transparency and build user trust. Experimental re-
sults demonstrate the system’s effectiveness in delivering ac-
curate recommendations, meaningful learning trajectories, and
improved interpretability—bridging the gap between opaque ML
algorithms and user-centric career advising.

Index Terms—Career guidance, Explainable Al, Machine
learning, Career counseling, Recommender systems, Skill gap
analysis

|. INTRODUCTION

Career decision-making is a complex and multifaceted
process that significantly impacts an individual’s long-term
personal and professional development. For students and early-
career professionals, identifying a career path that aligns
with their abilities, interests, and academic background can
be particularly challenging. Conventional counseling methods
often lack the flexibility and depth needed to address the
rapidly evolving demands of the job market.

Machine Learning (ML) offers the capability to analyze
large datasets, uncover patterns between skills and career
roles, and generate tailored career recommendations. How-
ever, a major drawback of many ML-based systems is their
opaque, black-box nature, which can reduce user confidence—
especially in critical areas like career guidance. Explainable
Al (XAl) addresses this issue by making ML outputs more
transparent and understandable to users.

This paper introduces a novel framework that integrates
ML-driven prediction with XAl techniques to provide career
counseling that is not only personalized and adaptive, but also
interpretable and trustworthy.

Il. LITERATURE REVIEW

A. ML for Career Guidance and Educational Decision-
Making

Recent studies have utilized machine learning to support
career decisions by predicting employability, academic suc-
cess, and field suitability. Inputs include academic records,
subject preferences, work experience, and psychometric data.
For instance, Guleria and Sood (2022) developed ML-based
models using both interpretable and complex classifiers to
guide career choices.

B. Educational Data Mining and Feature-Based Prediction

Educational Data Mining (EDM) techniques are widely used
to extract patterns from academic scores, test results, and
personal attributes. Models like Decision Trees, Na“1ve Bayes,
SVM, KNN, and ensemble methods are applied to predict
suitable career paths.

C. Recommendation and Hybrid Systems

Beyond prediction, some systems offer recommendations—
suggesting skills, courses, or learning -paths tailored to the
user. Hybrid recommendation models (combining content-
based, collaborative, and knowledge-based approaches) are
increasingly popular [2].

D. Explainability and Interpretability

Given the high-stakes nature of career decisions, making
ML systems interpretable is essential. Techniques include
white-box models (e.g., decision trees) and post-hoc expla-
nation tools (e.g., SHAP, LIME).

E. Model Evaluation and User Trust

While traditional metrics like accuracy and F1-score are
standard, recent work also considers user perception and trust.
Nauta et al. (2022) emphasize that user-centered evaluation is
lacking in many studies.

F. Ethics, Fairness, and Data Privacy

Concerns around privacy, bias, and equitable access remain
underexplored. Ethical guidelines and standardized datasets
are increasingly needed.
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I1l. LIMITATIONS AND RESEARCH GAPS

Key research gaps include:

- Limited feature diversity (ignoring soft skills, labor mar-
ket trends).

- Shallow explainability (generic or post-hoc only).

- Lack of user-centered evaluation.

- Minimal attention to bias, fairness, and data privacy.

- Poor adaptation to evolving job markets.

- Lack of longitudinal validation on career outcomes.

IV. FUTURE RESEARCH DIRECTIONS

Future systems should:

1) Integrate diverse data (psychometrics, real-time labor
data).

2) Provide instance-level explanations (e.g., counterfactu-
als).

3) Adopt user-centered evaluation (trust, satisfaction stud-
ies).

4) Incorporate fairness audits and privacy safeguards.

5) Continuously adapt to labor market trends.

6) Support human-Al collaboration with counselors.

7) Assess long-term impact (employment, satisfaction).

8) Ensure scalability across regions and contexts.

V. SYSTEM DESIGN AND METHODOLOGY
A. System Overview
The proposed system is a machine learning-driven platform
designed to provide personalized career counseling based on a

user’s academic profile, skills, interests, and personality traits.
It integrates an explainability layer to enhance user trust.

B. Data Collection

Data is collected from:

- Academic records (grades, certifications).

- Psychometric assessments (MBT]I, Big Five, interests).

- External databases (O*NET, LinkedIn, government out-
looks).

C. Preprocessing and Feature Engineering

Steps include:

- Handling missing values.

- Normalization and encoding.

- Feature selection and creation (e.g., skill vectors).

D. ML Models

Supervised models tested:
- Random Forest
- Gradient Boosting (XGBoost)
- Support Vector Machines
- Neural Networks
Evaluation metrics: Accuracy, F1-score, Top-K accuracy.

E. Explainable Al Integration

Techniques used:

- SHAP for feature attribution.

- LIME for local explanations.

- Feature importance visualization.

F. Recommendation and Feedback Loop

The recommendation engine presents:

- Predicted career paths with explanations.
- Skill-gap analysis and upskilling resources.
- Feedback mechanisms for iterative improvement.

G. Conceptual Framework

1. User Input

l

2. Data Collection & Profiling

v
3. Data Cleaning & Feature Eng.

5. Skill Extraction

A\ 4

v
4. Career Prediction (ML)

v
6. Upskilling Recommendation

v
7. Explainable Al (SHAP, LIME)

v
8. User Interface & Feedback

Fig. 1. Compact conceptual framework for personalized career counseling
using ML and XAl

VI. EVALUATION

Evaluation combines:

ML metrics (accuracy, F1-score, confusion matrix).
Skill extraction validation against annotated data.
User studies for clarity, trust, and satisfaction.
Fairness and bias audits across demographic groups.
Scalability and adaptability analysis.

VIl. REVIEW AND COMPARISON OF TECHNIQUES

Traditional and rule-based systems offer transparency but
lack adaptability. ML and NLP methods scale and person-
alize well but often struggle with interpretability. Hybrid
recommender systems, supported by explainability tools and
human oversight, show the strongest potential for scalable,
trustworthy counseling.
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VIIl. CONCLUSION

Combining ML with XAl enhances personalization, scala-
bility, and transparency in career counseling. This framework
integrates prediction, skill extraction, and hybrid recommen-
dations with interpretability methods to improve user trust. Fu-
ture work should emphasize fairness, diverse data integration,
dynamic labor market adaptation, and long-term validation of
outcomes.
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