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Abstract: Job recommendation systems (JRS) are currently a requirement in the internet-based job 

market, striving to suggest candidates for relevant jobs. Professional networks and internet-based job 

portals have made smart, customized and adaptable job recommendation models necessary. This survey 

provides an extensive overview of the methods applied in JRS, ranging from simple filtering techniques to 

modern deep learning models. We address the challenges such as cold start problems, data sparsity, and 

algorithmic bias while talking about real-world case studies of websites such as LinkedIn and Indeed. 

Moreover, we are highlighting some key research directions such as equity, explainability and graph-

based model utilization. The goal of this paper is to provide researchers and practitioners with a wide 

foundation to comprehend and advance the field of job recommendation systems. 
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1. INTRODUCTION 

In the technological era, recruitment and job hunting have shifted from traditional sources to more technology-

based platforms. Job recommendation systems (JRS) are instrumental in improving the process. JRS use 

algorithms to recommend jobs based on candidate profiles like skills, experiences, and preferences and job 

descriptions. As millions of new job postings emerge every day, JRS work plays a key role in sifting these ads 

and personalizing suggestions according to user needs. Job recommendation systems have evolved a great deal, 

from the extremely simple keyword-based matching in previous systems to highly advanced machine learning 

(ML) and deep learning (DL)-based models currently. This article summarizes the state of the situation in JRS 

today, with particular emphasis on the methods used, problems faced, and applications developed by industry 

giants LinkedIn, Indeed, and Glassdoor. 

2. BACKGROUND AND PROBLEM DEFINITION 

A Job Recommendation System (JRS) is created to assist job seekers in finding suitable opportunities and aid 

employers in finding the most suitable candidates. Such systems collate information from both employers and job 

seekers to provide individualized job recommendations. JRS consist of a number of important components: 

 

1. 1.User Profile Modeling: Derives and portrays the candidate's qualifications, experience, preferences, 

and activity on the platform. 

2. Job Profile Modeling: Encodes job descriptions, essential skills, and other job characteristics. 

3. Matching Engine: Calculates the relevance or aptness between job applicants and job postings. 

4. Ranking and Filtering: Results ranked according to predicted user interest, user history, and so on. 

 

The difficulty in constructing an efficient JRS is due to the dynamic and complex nature of the job market. 

Different search habits and interests among users can make it challenging to provide precise matches between 

jobs and candidates. Furthermore, insufficient data for new users (cold-start problem), data sparsity, and 

algorithmic bias can compromise the efficiency of such systems. 

3. TAXONOMY OF RECOMMENDATION TECHNIQUES 

Three chief algorithm types are generally applied in job recommendation systems: 
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1. Content-Based Filtering: Recommends jobs similar to the ones the user has previously engaged with 

based on job descriptions and user profiles. Methods such as term frequency-inverse document frequency 

(TF-IDF) and Natural Language Processing (NLP) are commonly utilized. 

2. Collaborative Filtering: Based on similar user interactions for recommendation. It can be user-based or 

item-based collaborative filtering. Matrix factorization is widely used for user-item interaction modeling. 

3. Hybrid Models: They are combinations of content-based and collaborative filtering in order to use the 

advantage of both the methods and offset their respective limitations. 

4. 4.Deep Learning Models: Utilizes high-level neural networks (such as convolutional neural networks, 

recurrent neural networks) to process large amounts of data and identify more intricate patterns to make 

job suggestions. 

 

These methods seek to provide the most appropriate job recommendations based on the data available while 

tackling issues related to each model. 

4. MACHINE LEARNING AND DEEP LEARNING METHODS 

The use of machine learning and deep learning methods has allowed job recommendation systems to greatly 

enhance their accuracy and customization. Some very-popular methods in this area are: 

 

1. Natural Language Processing (NLP): NLP models like BERT and Word2Vec are increasingly utilized 

to infer meaning from resumes and job postings. Through learning about the context in which words 

are being used, such models can better match candidates with jobs. 

2. Matrix Factorization: This approach decomposes user-item interaction matrices into latent factors 

to make ad-hoc personalized job suggestions. Methods like Singular Value Decomposition (SVD) 

are generally applied here. 

3. Deep Neural Networks (DNN): DNNs allow JRS to learn complex patterns in user and job data via 

displaying non-linear relationships. 

4. Reinforcement Learning: It learns models that improve through trial and error. 

In job recommendation, it could imply that job recommendations dynamically shift in accordance 

with the feedback from users. 

 

5. REAL-WORLD CASE STUDIES 

It is utilized heavily by large platforms like LinkedIn, Indeed, and Glassdoor. The sophisticated machine learning 

models are utilized by these companies to serve personalized job recommendations to millions of users. 

 LinkedIn: LinkedIn uses a hybrid model, which is a blend of content-based filtering and collaborative 

filtering, with some assistance from social networking factors like user connections. 

 Indeed: Indeed's job recommendation algorithm leverages user behavior, such as searches, applications, 

and profile data, to recommend users with the best matching job postings. 

 Glassdoor: Glassdoor employs both job and company reviews and comprehensive filtering criteria to 

suggest jobs, striking a balance between user feedback and job history information. 

These sites have been able to scale their job suggestion systems, managing millions of users and job listings 

effectively. 

6. JOB RECOMMENDATION SYSTEM CHALLENGES 

Although job recommendation systems have developed a long way, they have a number of important challenges 

remaining: 

1. Cold Start Problem: New members might not have enough data so that the system cannot make any 

personalized recommendations to them. 

2. Data Sparsity: Applicants might not possess enough profile details or interaction records to enable 

them to make reasonable predictions. 

3. Bias in Recommendations: The algorithms tend to reinforce biases in the data, such as gender or 

racial biases, and produce biased recommendations. 

4. Lack of Explainability: Deep learning models, though accurate, are sometimes considered "black 

boxes" and lack transparency, resulting in user trust issues. 

5. Scalability: As the number of users and job postings increases, maintaining real-time recommendations 

becomes a greater challenge. 
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7. EVALUATION METRICS 

Job recommendation system evaluation must be conducted to increase the system's accuracy 

and utility. Some common metrics used for evaluation are: 

 

1. Precision and Recall: Evaluate to what extent the recommended jobs accurately reflect an actual user 

preference. 

2. Normalized Discounted Cumulative Gain (NDCG): Evaluates the ranking of the recommended jobs. 

3. Click-Through Rate (CTR): Experiments how often users click on a recommended job. 

4. F1-Score: Combines precision and recall to evaluate the general efficiency. 

 

These are metrics of the performance of models and assist in the improvement of recommendation algorithms. 

8. BENCHMARKING DATASETS 

There are different training and benchmarking datasets for job recommendation systems: 

1. XING Dataset: Contains user profiles and job postings, widely utilized in research. 

2. LinkedIn Data: LinkedIn provides anonymized data for benchmarking recommender systems. 

3. Indeed Dataset: Includes job postings and user interaction, useful for evaluating real-world performance. 

4. Kaggle Job Portal Dataset: Offers a large collection of job postings and resumes for evaluating 

recommendation models. 

 

9. ETHICAL CONCERNS AND FAIRNESS 

Ensuring job recommendation systems are fair is a high priority for avoiding algorithmic discrimination. 

Managing gender, racial, or geographic bias is a priority. Some bias mitigation techniques are: 

1. 1.Bias Mitigation Algorithms: Techniques involving re-weighting of the training data or modification 

of recommendation outputs. 

2. 2.Transparency: Making recommendations explainable to build trust. 

3. 3.Data Privacy: Adhering to GDPR and other data protection regulations in order to ensure user data 

protection. 

 

10. FUTURE DIRECTIONS 

The future for employment recommendation systems is promising, with some challenging research directions: 

1. Explainable AI: Creating models that are able to provide clear and transparent explanations for 

suggestions. 

2. Federated Learning: Facilitating various institutions to train models on decentralized data without 

intruding into user privacy. 

3. Real-Time Recommendations: Employing real-time information (i.e., trends within the job market, user 

activity) to dynamically revise recommendations. 

4. Customized Career Trajectories: Beyond career suggestions to allow users to map their career journey 

through customized suggestions and opportunities for upskilling. 

 

11. CONCLUSION 

Job recommendation systems are now a standard feature of web job sites. By using machine learning and deep 

learning techniques, such systems provide personalized job recommendations, helping job seekers to find better 

job opportunities and recruiters to find prospective employees. Problems still exist, notably with respect to 

fairness, scalability, and explainability. The destiny of job recommendation systems rests heavily on advances in 

explainable AI, federated learning, and real-time recommendation. 
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