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Abstract: The modern professional landscapes are becoming 

increasingly complicated, necessitating the use of more 
sophisticated career advice tools. Conventional career counseling 
techniques, which depend on human counselors and standardized 
tests, frequently fall short of offering individualized and flexible 
career paths. By utilizing machine learning (ML), natural 
language processing (NLP), big data analytics, and learning 
analytics (LA), artificial intelligence (AI) is revolutionizing career 
counseling. Real-time, tailored recommendations are provided by 
AI-powered career advice systems that evaluate individual 
competencies and match career alternatives with labor market 
trends. This essay examines the advantages, approaches, 
difficulties in implementing AI-driven career counseling, and 
potential applications. There is also discussion of ethical issues like 
decision transparency, AI bias, and data privacy. The suggested 
AI model creates a dynamic and flexible career suggestion system 
by combining real-time skill assessment, labor market 
information, and user profiling. 

 
Keywords: Artificial Intelligence (AI), Machine Learning (ML), 

Natural Language Processing (NLP), Big Data Analytics, 
Learning Analytics (LA), Career Counseling, Personalized 
Recommendations, Labor Market Trends, Decision 
Transparency, Dynamic Career Suggestion System. 

1. Introduction 
Career decision-making represents a critical juncture in an 

individual's life, significantly impacting long-term professional 
achievement and personal fulfillment. Traditional methods of 
career guidance typically encompass self-assessments, 
consultations with career counselors, and the use of 
standardized testing; however, these approaches may not 
consistently yield the most pertinent or individualized career 
recommendations. 

The emergence of artificial intelligence (AI) and big data has 
revolutionized career guidance systems, enabling them to 
provide tailored, scalable, and real-time career advice. 

By leveraging extensive datasets that encompass job market 
trends, skill requirements, and individual competencies, AI can 
effectively direct users toward optimal career trajectories. 

This paper introduces an AI-enhanced career guidance model 
that includes the following components: 

1. User Profiling – Analyzing individual strengths,  

 
preferences, and aspirations. 

2. AI-Driven Career Matching – Employing machine 
learning (ML) and natural language processing (NLP) 
to generate personalized career recommendations. 

3. Labor Market Analytics – Incorporating real-time 
analyses of job demand. 

4. Skill Assessment and Gap Analysis – Offering 
recommendations for skill enhancement based on 
market requirements. 

2. Related Work 
Artificial Intelligence (AI) has profoundly transformed the 

landscape of career guidance by providing tailored, data-driven 
recommendations that enhance the decision-making process. 
This section reviews existing literature that underscores the 
significance of AI in various aspects of career planning, 
including cloud-based career matching, learning analytics, and 
the applications of generative AI. 

A. Development of Career Guidance Technologies 
Historically, career counseling was predominantly based on 

static assessments, in-person advisory sessions, and manual 
job-matching algorithms. These traditional methods were 
limited in scalability and struggled to keep pace with the rapid 
changes in the labor market. The advent of computer-assisted 
career guidance (CACG) systems marked the initial phase of 
automated career assessments, which incorporated early models 
of data-driven decision-making. With the emergence of AI, 
techniques such as machine learning (ML) and natural language 
processing (NLP) have been employed to provide real-time, 
adaptive career recommendations, thereby significantly 
enhancing the accuracy and personalization of decision-making 
processes. 

B. AI-Driven Career Counseling 
Recent research highlights how AI-powered career guidance 

systems leverage big data, NLP, and predictive modeling to 
personalize career recommendations. 

These studies confirm that AI-based career guidance 
outperforms traditional approaches by providing adaptive, 
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scalable, and data-driven recommendations. 

C. Generative AI and Intelligent Career Assistants 
Generative artificial intelligence, exemplified by platforms 

such as ChatGPT, Bard, and Claude, has significantly 
transformed the landscape of career planning by providing 
dynamic insights through natural language interactions. A 
prominent illustration of this innovation is the CABIN-NET 
and CGC-bot, which employ machine learning (ML) and 
natural language processing (NLP) to analyze conversational 
data and align users' interests with occupations listed in the 
O*NET database. These AI-driven career assistants offer 
several advantages: they enhance accessibility by providing 
round-the-clock career guidance foster engagement through 
interactive discussions about career options, and deliver 
personalized recommendations based on real-time user 
interactions. Despite the improvements in user experience 
facilitated by generative AI, existing research indicates that 
there is a need for further advancements in ethical decision-
making and the mitigation of bias within these systems. 

D. AI-Driven Career Matching and Learning Analytics 
Artificial intelligence-based career tools are increasingly 

incorporating learning analytics (LA) to monitor user progress 
and dynamically refine recommendations. Notable 
developments in this area include Career Decision-Making 
Models (CDM), which enable AI to align user interests, 
learning trajectories, and job market trends to enhance decision-
making processes. Additionally, the Technology Acceptance 
Model (TAM) assesses user adoption and the perceived utility 
of AI-driven career tools. Furthermore, predictive learning 
analytics leverage historical student performance data to 
estimate the probabilities of career success. These 
advancements contribute to ensuring that career 
recommendations are more data-driven and continuously 
adaptable to changing circumstances. 

E. Cloud-Based AI Solutions for Career Guidance 
Cloud-based artificial intelligence career platforms have 

emerged as a means to facilitate the career decision-making 
process by linking students, parents, educators, and industry 
stakeholders. These systems employ real-time labor market 

analytics to recommend pertinent career options, deliver 
personalized assessments of skill gaps to identify competencies 
that require development, and provide automated 
recommendations for learning pathways, incorporating massive 
open online courses (MOOCs) such as Coursera and Udemy. 
By bridging the divide between education and employment, 
cloud-based AI solutions ensure that users are equipped with 
current and relevant career insights. 

F. Ethical Considerations and Challenges in AI Career 
Guidance 

Despite AI’s benefits, several challenges remain in career 
counseling applications. 

3. Methodology 
The AI-driven career guidance system employs a systematic 

approach that incorporates Machine Learning (ML), Natural 
Language Processing (NLP), Learning Analytics (LA), and Big 
Data to provide tailored career recommendations. This 
methodology is constructed to be scalable, adaptive, and 
grounded in data, thereby facilitating real-time responsiveness 
to fluctuations in job market trends. The methodology 
encompasses several essential phases, which are outlined as 
follow 

A. System Architecture 
The AI-enhanced career guidance system is structured 

around four primary components:  
1. User Profiling Module – This component is 

responsible for the collection of user data, 
encompassing skills, interests, educational 
background, and personal preferences. 

2. AI-Based Career Matching Engine – This engine 
employs machine learning models to forecast the most 
appropriate career trajectories for users. 

3. Real-Time Job Market Analytics – This component 
integrates analyses of industry demand to enhance the 
accuracy of career recommendations. 

4. Skill Gap Analysis & Personalized Learning  
Pathways – This module proposes relevant courses 
and certifications aimed at addressing identified skill 
deficiencies. 

Table 1 
Summary of AI-Based career guidance research 

Study Focus Area Technologies 
Used 

 

Findings 

Duan & Wu (2024) AI-powered career planning in vocational 
education 

NLP, ML, Predictive 
Analytics 

AI enables dynamic and adaptive career pathways 

Lawal et al. (2024) Cloud-based AI system for career 
decision-making 

Cloud Computing, AI, Data 
Analytics 

AI enhances industry-academia collaboration 

Herath et al. (2024) Computer-Assisted Career Guidance 
(CACG) 

NLP, Learning Analytics, AI AI-driven tools significantly enhance career 
exploration and decision support 

Gedrimiene et al. 
(2024) 

AI-enhanced Learning Analytics for 
career decision support 

Learning Analytics, AI, User 
Profiling 

AI facilitates career transitions, skill assessment, and 
decision-making 

 
Table 2 

Ethical AI research emphasizes the need for transparency, fairness, and privacy in AI-driven career recommendations 
Challenge Impact Possible Solution 
AI Bias & Fairness AI may favor certain demographics due to biased training data. Implement bias detection algorithms. 
Data Privacy Issues Storing sensitive career data raises security concerns. Use secure, GDPR-compliant AI models. 
Interpretability Users may not understand why AI recommends certain careers. Implement Explainable AI (XAI) models. 
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Fig. 1.  AI career guidance system architecture 

B. Data Collection and Preprocessing 
In order to deliver precise career recommendations, the 

system is predicated on three principal data sources: 
• User Data Collection: Users provide information 

regarding their educational qualifications, skills, work 
experience, and career aspirations. Additionally, AI-
driven self-assessment tests evaluate cognitive 
abilities, interests, and personality characteristics. 

• Job Market Data Integration: The system aggregates 
job postings, skill trends, and salary information from 
platforms such as LinkedIn, Indeed, and Glassdoor.  

• Skill Demand Analysis: Utilizing Big Data and 
Predictive Analytics, the system identifies skills that 
are in high demand and emerging job roles.   

C. AI-Based Career Matching Model 
The career matching engine utilizes Machine Learning (ML) 

and Natural Language Processing (NLP) to produce tailored 
recommendations. This process is executed in multiple stages: 
1) Step 1: User Profiling and Data Encoding 

User data is transformed into vector representations utilizing 
the Term Frequency-Inverse Document Frequency (TF-IDF) 
method for textual inputs. Numeric attributes, such as age, 
experience, and skill ratings, are subjected to normalization to 
ensure consistency across the dataset. Subsequently, feature 
selection is performed to eliminate irrelevant parameters from 
the final dataset. 
2) Step 2: Machine Learning-Based Career Classification 

Supervised learning algorithms, including Decision Trees, 
Support Vector Machines, and Neural Networks, are employed 
to categorize users into distinct career classifications. 
Additionally, unsupervised learning techniques, specifically 
clustering, are utilized to uncover latent patterns within user 
profiles. 

D. Model Workflow and Implementation 
The AI-driven career guidance system operates according to 

a systematic workflow designed to process user data and 
generate career recommendations. The workflow is depicted in 
Figure 2 and is elaborated upon in the following sections: 

 

 
Fig. 2.  Workflow of the proposed 

 
1) Data Acquisition and Preprocessing 

Initially, the dataset is obtained and formatted to meet the 
requirements of machine learning applications. 
2) Dataset Partitioning 

The dataset is partitioned into 80% for training purposes and 
20% for testing, facilitating the training and validation of the 
model. 
3) Data Preprocessing 

This phase involves the selection of relevant features, the 
cleaning of textual data, and the encoding of categorical 
variables 
4) Training the Decision Tree Classifier Model 

The Decision Tree Classifier is selected for its 
interpretability and effectiveness in classification tasks. The 
model is trained utilizing the following hyperparameters: 

• Criterion: Gini Index 
• Maximum Depth: 15 
• Minimum Samples Split: 2 
• Minimum Samples Leaf: 1 
• Random State: 42 

Hyperparameter Optimization 
The model undergoes optimization through Grid Search 

Cross-Validation (CV), refining the parameters as follows: 
• Criterion: {Gini, Entropy} 
• Maximum Depth: {5, 10, 15, 20} 
• Minimum Samples Split: {2, 5, 10} 

Table 3 
Data sources and their role in career guidance 

Data Source Information Collected Purpose in AI Career Guidance 
User Profile Data Skills, Education, Work Experience, Interests Creates a career profile for personalized recommendations 
Job Market Data Job Openings, Salary Insights, Demand Trends Aligns career choices with industry needs 
Skill Assessment Data Online Course Data, Certifications, MOOCs Suggests upskilling opportunities for career growth. 

 
Table 4 

AI Models used for career guidance 
AI Model Purpose Accuracy (%) 
Decision Tree Career classification based on skills 94.1% 
Support Vector Machine (SVM) Career field prediction 99.5% 
Random Forest Skill gap analysis 86.0% 
Neural Networks Personalized career suggestions 98.0% 
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• Minimum Samples Leaf: {1, 2, 4} 
5) Model Evaluation 

The performance of the trained model is assessed using the 
validation dataset, resulting in the following metrics: 

• Model Accuracy Score: 95.39% 
• Training Set Accuracy Score: 94.45% 

6) Model Preservation 
The final trained model is saved as a pickle file, facilitating 

its deployment within the AI career guidance system. 

E. Results and Evaluation 
The model underwent testing utilizing a dataset comprising 

10,000 job seekers. A comparative analysis was conducted 
between the AI-generated recommendations and conventional 
counseling approaches, yielding the following outcomes:  

An accuracy rate of 85% in career predictions, significantly 
reduced response times. 

 
Table 5 

Aspects Artificial Intelligence Traditional Methods 
Response Time Seconds. Days 
User Satisfaction levels 88% 62% 

4. Result and Discussion 

A. Model Evaluation and Performance Metrics 
With a high classification accuracy of 95.39%, the trained 

Decision Tree Classifier proved to be capable of successfully 
identifying underlying skill patterns. This impressive 
accomplishment can be ascribed to: 

i. Feature Engineering Excellence: Prediction accuracy 
is greatly influenced by the best possible selection and 
preprocessing of pertinent attributes. 

ii. Hyperparameter Optimization: By carefully adjusting 
splitting criteria and depth limitations, decision 
boundary construction is improved. 

iii. Robust Data Processing: By removing redundancies 
and inconsistencies, the model is guaranteed to 
generalize effectively across a range of skill level 

B. Confusion Matrix and Classification Matrix 
By identifying the examples that were properly and wrongly 

predicted, the confusion matrix of offers a detailed perspective 
of categorization performance: 

 

 
 

Where: 
• True Positives (TP): Positive cases that are correctly 

identified. 
• False Positives (FP): Positive cases that are incorrectly 

classified. 
• False Negatives (FN): Negative cases that are incorrectly 

labeled. 
• True Negatives (TN): Negative cases that are correctly 

classified. 
The classification metrics shown below were calculated: 
 

𝐴𝐴𝐴𝐴𝐴𝐴𝑢𝑢𝑢𝑢𝑢𝑢𝐴𝐴𝑢𝑢 =
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇 + 𝐹𝐹𝑇𝑇
 

 

𝑇𝑇𝑢𝑢𝑃𝑃𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇
 

 

𝑅𝑅𝑃𝑃𝐴𝐴𝑢𝑢𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇
 

 

𝐹𝐹1 − 𝑆𝑆𝐴𝐴𝑃𝑃𝑢𝑢𝑃𝑃 = 2 ∗
(𝑇𝑇𝑢𝑢𝑃𝑃𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑃𝑃𝐴𝐴𝑢𝑢𝑅𝑅𝑅𝑅)
𝑇𝑇𝑢𝑢𝑃𝑃𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∗ 𝑅𝑅𝑃𝑃𝐴𝐴𝑢𝑢𝑅𝑅𝑅𝑅

 
 

Table 6 
Evaluation Metrics Value 
Accuracy 95.39% 
Precision 94.85% 
F1-Score 95.12% 
Recall 95.01% 

 
These results support the model's practicality in skill 

evaluation settings by demonstrating its ability to produce high-
confidence predictions with few misclassifications. 

 
Fig. 3. 

C. Data Perspectives 
The information used in this study was meticulously 

organized to guarantee that different skill levels were 
represented fairly. 
1) Class Balance and Data Distribution       

• To provide equal representation across all competency 
groups, the dataset includes five proficiency levels 
(Label Encoding Mappings: 0 = No Knowledge, 1 = 
Beginner, 2 = Intermediate, 3 = Proficiency, 4 = 
Advanced, and 5 = Expert). 

• To ensure that no class dominates too much and to 
avoid bias in the decision tree learning process, class 
imbalance analysis was carried out. 

• By displaying the range of skill levels, the distribution 
plot verifies the dataset's objectivity and diversity. 
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Fig. 4. 

 
2) Attribute Selection and Feature Engineering 
 A variety of skill qualities, including cybersecurity, AI/ML, 
business analysis, troubleshooting, networking, etc., are 
included in the dataset. To improve model performance, 
preprocessing procedures included addressing missing data, 
encoding category variables, and normalizing numerical 
features. 
3) Attribute Analysis and Feature Influence 

a) Analysis of Correlation Matrix 

 
Fig. 5. 

 
Significant relationships are revealed by the correlation 

matrix, which sheds light on the interdependencies of technical 
competencies: 

Strong Correlations: 
• Software Engineering & Business Analysis (0.65): 

Indicates a convergence of technical and analytical 
abilities. 

• AI/ML & Data Science (0.58): Highlights how 
machine learning applications in data analytics are 
interconnected. 

• Cybersecurity & Forensics (0.56): Emphasizes how 
forensic investigations and security threat mitigation 
are related. 

 Weak Correlations:  
• Networking & Business Analysis (0.29): Shows that 

business strategy and network architecture are not very 
dependent on one another. 

• Graphics Design & Database Fundamentals (0.26): 
Makes a strong case for separating the fields of 
database administration and creativity. 

These findings support the idea that some skill clusters 
support one another while others function largely 
independently, directing the development of organized 
competencies. 
4) Analysis of Feature Importance 

The relative significance of several features to the model's 
decision-making process is highlighted by the feature 
importance plot. 

 Important Points to Note: 
• Most Important Elements: 

o Troubleshooting Skills (Highest Weightage): 
Indicates the need for diagnostic proficiency in 
all technical fields. The industry's increasing 
dependence on security experts is shown in the 
high predictive influence of cybersecurity and 
forensics. 

o AI/ML & Data Science: Highlights how 
computational intelligence is necessary for 
contemporary skill frameworks. 

o Technical Communication: Highlights how 
important clear technical articulation is in work 
environments. 

• Less Important Elements: 
o Networking and Distributed Computing: 

Showed lower relative weights, perhaps as a 
result of knowledge overlap or dataset 
limitations. 

These results validate the model's interpretability and 
applicability by reaffirming the congruence between model-
driven insights and actual industry expectations. 

 

 
Fig. 6. 
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Fig. 7. 

D. Trends in Model Training and Performance 
1) Analysis of Overfitting and Training Convergence 

To avoid overfitting, the training process was closely 
observed.  Among the observations are the following: • The 
confusion matrix shows few incorrect classifications, with rates 
falling below reasonable bounds. 

• Structure of Decision Trees: 
o Top-level nodes emphasize cybersecurity, 

AI/ML, and troubleshooting abilities, 
confirming their importance in expert 
evaluations. 

o Branches at lower levels improve skill 
classification, allowing for accurate proficiency 
differentiation. 

 
Fig. 8. 

 

E. Important Lessons and Industry Consequences 
1) Model Performance Insights 

With a high classification accuracy of 95.39 percent, accurate 
skill-level forecasts are guaranteed. 

Feature Importance Alignment → Strengthens competency 
hierarchies that are pertinent to the industry. 

Strong model generalization capabilities are validated by 
minimal overfitting. 

Potential for Scalability → Flexible enough to be 
incorporated into more extensive frameworks for workforce 
assessments. 
2) Practical Uses 

Career Guidance Systems: Automating skill evaluations to 
prepare for the labor market. 

HR & Recruitment Analytics → Finding the best applicants 
by matching their competencies. 

Optimizing the Educational Pathway → Suggesting 
customized upskilling techniques. 

Corporate Workforce Development → Improving training 
and tracking of employee competencies. 

5. Conclusion 
This study effectively illustrates a high-accuracy, 

interpretable classification model designed for talent evaluation 
and competence assessment.  

The vital role that troubleshooting, cybersecurity, and AI/ML 
abilities play in modern technical competencies is highlighted 
by their high predictive importance. The model proves to be a 
strong analytical tool with great potential for structured learning 
paths and real-world talent assessment, with an accuracy of 
95.39%. 

References 
[1] Durgeshwary Kolhe, Arshad Bhat (2025). Enhancing career guidance 

with AI in Vocational Education.  
[2] Salman Shifa, Haider Ali Javaid, Salman Khalid, Fatima Shafiq (2025). 

How AI Can Facilitate Continuous Education and Skills Development for 
Adults throughout Their Careers.  

[3] Rahul Vadisetty; Anand Polamarasetti (2024). AI-Augmented Skill 
Development Roadmaps: Tailoring 12 months learning paths for future-
ready careers in Education 4.0 and Industry 4.0. 

[4] Mrunal Fattepurkar, Ankita Shelake, Namrata Jagtap, Sakshi More, 
Sabiya Tamboli, K. I. Chouhan (2024). “Navigate Career Thriving AI 
Powered Courses Guidance Junction with Students Reviews,” 
International Journal of Scientific Research in Computer Science, 
Engineering and Information Technology. 

[5] J. Pio Dinesh, Kevin Luke, Ajo Alen Ajeen & M. Indumathy (2024). AI 
Guided career advisor with Integrated AI-Enhanced Decision support, 
Computing Technologies for Sustainable Development. 

[6] P. Dharani Devi; Sivasankari. S; A. Hemavathi (2024). AI Enhanced 
career guidance and aptitude testing for higher education. 

[7] HeeWon Hong, YeonKyoung Kim (2024). Applying artificial intelligence 
in career education for students with intellectual disabilities: The effects 
on career self-efficacy and learning flow, Education and Information 
Technologies. 

[8] Ayush Chandrol, Monisha Awasthi, Deepak Sharma, Mani Kansal, 
Komal Sharma, Ankur Goel (2024). Career Counselling using AI in the 
field of IT Industry in Dynamic Environment. 

[9] Deshpande A.S., Mahajan S.R., Kulkarni S.B., S. A. Puri. (2024). Impact 
of AI on Education: A Review, International Journal on advance 
engineering and management. 



Kumar et al.  International Journal of Research in Engineering, Science and Management, VOL. 8, NO. 5, MAY 2025 115 

[10] Jingyi Duan, Suhan Wu (2024). Beyond Traditional Pathways: 
Leveraging Generative AI for Dynamic Career Planning in Vocational 
Education. 

[11] Seyedali Ahrari, Zeinab Zaremohzzabieh, Rusli Abdullah (2024). AI-
Enhanced Youth Career Guidance by Mapping Future Employment Paths 
with Theory and Practical Application, Exploring Youth Studies in the 
Age of AI.  

[12] Kehinde Hussein Lawal, Shiynsa Charles Lwanga (2024). Cloud-based 
and ai enabled career path: A meeting point for students, parents, higher 
institution and industries.  

[13] Sarah Bankins, Stefan Jooss, Simon Lloyd, D. Restubog, Mauricio 
MarroneAnna Carmella Ocampo, Mindy Shoss (2024). Navigating career 
stages in the age of artificial intelligence: A systematic interdisciplinary 
review and agenda for future research, Journal of Vocational Behavior.  

[14] Egle Gedrimiene, Ismail Celik, Antti Kaasila, Kati Mäkitalo & Hann 
Muukkonen (2024). Artificial Intelligence (AI)-enhanced learning 
analytics (LA) for supporting Career decisions: Advantages and 
challenges from user perspective, Education and Information 
Technologies.  

[15] Jocelle B. Monrel, Thelma Palaoag (2024). Use of Artificial Intelligence 
in Career Guidance: Perspectives of Secondary Guidance Counselor, 
Nanotechnology Perceptions.  

[16] Md. Zarif Rahman (2024). Leveraging Artificial Intelligence for 
Enhanced Career Guidance and development in Bangladesh: Addressing 
Educational Employment Gaps, International Journal of Career 
Development.  

[17] AS Sathish, V. Samuel Rajkumar, Vihas Vijay, Chinnadurai Kathiravan 
(2024). The Significance of Artificial Intelligence in Career Progression 
and Career Pathway Development. 

[18] Sonali J. Mahure, B Rajalakshmi, T. Eesha Manohar, SR Vaishnavi, 
Nancy Priya (2024). Enhancing Career Pathways: Advancing Guidance 
Systems with XGBoost Algorithm, 4th International Conference on 
Pervasive Computing and Social Networking (ICPCSN). 

[19] Gedrimiene, E., Celik, I., Mäkitalo, K., & Muukkonen, H. (2023). 
Transparency and trustworthiness in user intentions to follow career 

recommendations from a learning analytics tool, Journal of Learning 
Analytics.  

[20] Paul Neufeld (2023). Supporting Career Exploration and Guidance with 
AI-Powered Tools.  

[21] Melissa Peterson (2022). AI-Enhanced Interfaces as Informal Guides. 
[22] Celik, I., Dindar, M., Muukkonen, H., & Järvelä, S. (2022). The promises 

and challenges of artificial intelligence for teachers: A systematic review 
of research. Source Title: Technology Trends. 

[23] Serhii Dolhopolov, Tetyana Honcharenko, Svitlana Anastasiia 
Dolhopolova, Olena Riabchun, Maksym Delembovskyi, Oksana 
Omelianenko (2022). Use of artificial intelligence systems for 
determining the career guidance of future university student. Source, 
International Conference on Smart Information Systems and 
Technologies (SIST).  

[24] Stina Westman, Janne Kauttonen, Aarne Klemetti, Niilo Korhonen, Milja 
Manninen, Asko Mononen, Salla Niittymäki, Henry Paananen (2021). 
Artificial Intelligence for Career Guidance-Current Requirements and 
Prospects for the Future, IAFOR Journal of Education.  

[25] Firdosh Sayyed, Ronak Sanghani, Abhishek Vora, Nikita Lemos (2020). 
AI based Career Guidance, International Research Journal of Engineering 
and Technology.  

[26] Wang, L., & Chen, X. (2021). Machine learning in career counseling: 
Current trends and future directions, Journal of Career Assessment. 

[27] S. Bhatia & K. Kaur (2020). The impact of artificial intelligence on career 
guidance: A review, International Journal of Educational Management.  

[28] Michael Kerres and Katja Buntins (2020). Recommender in AI-enhanced 
Learning: An Assessment from the Perspective of Instructional Design, 
Open Education Studies.  

[29] Sister Merceditas O. Ang and Mary Jane D. Aragon (2020). Development 
of AI-Enhanced Information Technology Program: Preparing Today’s 
Students in AI Era. 

[30] Aravind Kumar Kalusivalingam, Amit Sharma, Neha Patel, Vikram Singh 
(2020). Optimizing Decision-Making with AI-Enhanced Support 
Systems: Leveraging Reinforcement Learning and Bayesian Networks, 
International AL, ML Journal, vol. 1, no. 2, 2020.

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 


	1. Introduction
	2. Related Work
	A. Development of Career Guidance Technologies
	B. AI-Driven Career Counseling
	C. Generative AI and Intelligent Career Assistants
	D. AI-Driven Career Matching and Learning Analytics
	E. Cloud-Based AI Solutions for Career Guidance
	F. Ethical Considerations and Challenges in AI Career Guidance

	3. Methodology
	A. System Architecture
	B. Data Collection and Preprocessing
	C. AI-Based Career Matching Model
	1) Step 1: User Profiling and Data Encoding
	2) Step 2: Machine Learning-Based Career Classification

	D. Model Workflow and Implementation
	1) Data Acquisition and Preprocessing
	2) Dataset Partitioning
	3) Data Preprocessing
	4) Training the Decision Tree Classifier Model
	5) Model Evaluation
	6) Model Preservation

	E. Results and Evaluation

	4. Result and Discussion
	A. Model Evaluation and Performance Metrics
	B. Confusion Matrix and Classification Matrix
	C. Data Perspectives
	1) Class Balance and Data Distribution
	2) Attribute Selection and Feature Engineering
	3) Attribute Analysis and Feature Influence
	4) Analysis of Feature Importance

	D. Trends in Model Training and Performance
	1) Analysis of Overfitting and Training Convergence

	E. Important Lessons and Industry Consequences
	1) Model Performance Insights
	2) Practical Uses


	5. Conclusion
	References

