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Abstract 

This paper introduces a detailed description of Career Reactant, an AI-controlled hybrid job 

recommendation platform that promotes greater individuality, transparency, and ethical conformance 

in online job matching. Conventional systems can perform based on an anti-keyword tree and do not 

make use of user context, hence giving irrelevant or biased suggestions. To overcome these 

drawbacks, the paper will combine content-based filtering, collaborative filtering, and deep learning 

with PyTorch, and NLP will be applied and used to suggest skills. Experiments were conducted over 

publicly-available datasets and model performance was captured by technical measures like the F1- 

score and the AUC-ROC and also through user-centred measures like the click-through rate. Ethics 

was also incorporated into the product in terms of data privacy, data bias, fairness-aware design and 

adherence to GDPR. The learning system was implemented on an interactive Gradio interface where 

real-time feedback and immediate adjustment of the model was possible. The results substantiate the 

conclusion that Career Reactant enhances the relevance and transparency of recommendation, 

providing a scalable (and user-specific) method of addressing the new terrain of digital employment. 

1 Chapter 1: Introduction 

1.1 Problem Statement 
Static keyword matching is a common method of traditional job recommendation systems, based on several key 

findings: the employment market is dynamic and matching is influenced heavily by the interaction between the 

employer and potential candidate, reliance solely on keywords neglects the finer details and the changing 

abilities of job applicants. Such systems are impersonal, inflexible, and not transparent, often making irrelevant 

or biased job recommendations. Moreover, ethical issues like algorithmic bias, privacy, and recruitment fairness 

lack enough consideration throughout them. With the job market becoming more competitive and data-driven, 

the critical requirement is the availability of intelligent systems that can give precise, user-specific, and ethics- 

compliant recommendations (Alsaif et al. 2022). This study will overcome these disadvantages by creating a 

hybrid approach to AI-enhanced employment-related tasks: a Career Reactant job recommendation system that 

combines deep learning, NLP, and immediate user maybes-based response to provide more relevant and equal 

job suggestions. 

 

1.2 Aim 
This research aims to develop and evaluate a hybrid AI-based job recommendation system. Career Reactant is a 

personalised, fair, and dynamic job recommendation framework centred on content-based recommender 

systems, collaborative filtering, and deep learning algorithms, with consideration of ethical issues in algorithmic 

recruiting. 

 

1.3 Objectives 
The following objectives have been analysed in this research: 

• To analyse the state of the art in terms of AI-based job recommendation systems regarding 

personalisation, fairness, and user experience. 

• To conceptualise and develop an AI-based recommendation model that is a hybrid between TF-IDF 

and collaborative filtering, and uses Deep learning with PyTorch. 
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• To use natural language processing (NLP) to capture offer skill and job semantics, and hence improve 

job user matching. 

• To measure the effectiveness of the system according to the technical (F1-score, AUC-ROC) and 

individual (click-through rate) criteria. 

• To enhance ethical and legal issues concerning algorithmic bias, data privacy of user data, and data 

transparency with fairness-aware models and the enforcement of the GDPR. 

 

1.4 Research Question 
“What steps can a key combination of AI and human-based recommendation engine take to empower the job 

search platforms to be more individualised, non-discriminative, and effective and save it from ethical and legal 

challenges?” 

 

1.5 Research Rationale 
Job market digitalisation, which is taking place more speedily, has expanded dependency on websites in search 

of job providers. Nonetheless, current job recommendation systems are in many cases inadequate in providing 

precise, personalised, and non-biased outcomes. They usually rely on the keyword-based filtering, which 

ignores user preferences, the evolution of skills and contextual importance (Javed et al. 2021). Also, issues of 

discrimination, lack of transparency and privacy of user data have not been addressed in most systems. With the 

further development of artificial intelligence, natural language processing, and deep learning, it is possible to 

rethink the process of job recommendations generation. Such research is topical because it helps overcome 

existing problems of the current systems by creating Career Reactant, a hybrid AI-supported model based on 

content-based and collaborative filtering, using fairness-aware algorithms. It can benefit the field due to a 

scalable, ethical, and user-tunable system that is more likely to fit the contemporary labour requirements and 

endorse equal access to six employment prospects. 

 

1.6 Methodology Outline 
In this research, a Design Science Research (DSR) approach is used to develop and test the Career Reactant 

system. The given hybrid recommendation engine is developed on the basis of content-based filtering, 

collaborative filtering, and a deep learning solution applied via PyTorch. NLP-based techniques are used to 

extract features related to jobs and people based on SpaCy. Kaggle offers public datasets that have been 

preprocessed and modelled using Python on Google Colab. The results of TF-IDF, LightFM, and a PyTorch 

hybrid are retrieved by means of the interactivity on Gradio. Performance is evaluated with technical measures 

(e.g., F1-score, AUC-ROC), and with the behaviour of users (e.g., click-through rate). Anonymisation, GDPR 

compliance, and AI-based detection of bias with the help of AI Fairness 360 belong to the ethical practices. This 

is a cyclic procedure enabling live learning and dynamic employment fitting. 

 

2 Chapter 2: Literature Review 

2.1 Chapter Introduction 
In this chapter, the current literature on AI-supported job recommendation systems is closely examined, and the 

differences between technology and ethics are highlighted. Since more people compete for jobs today, generic 

search methods do not offer the targeted or complementary opportunities that are needed. They focus on recent 

improvements in artificial intelligence such as machine learning, natural language processing, and generative 

AI, meant to improve the accuracy and fairness of job search platforms. Example papers came from various 

fields, such as AI in recruitment, personal learning analysis, and cutting down bias in hiring, which helped guide 

the development of the Career Reactant framework. They highlight both the positive aspects and challenges of 

present-day AI applications by pointing out that real feedback, ethical approach, and user design are important. 

It helps to point out gaps that are important for shaping the research, leading to a better and fairer job 

recommendation service. 
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2.2 Empirical Study 

2.2.1 AI-Enhanced Learning Analytics for Career Decisions 

The research by Gedrimiene et al. (2024) examines how utilizing AI in learning analytics can assist students 

during the process of making career-related decisions. The research examines how young people interact with 

digital tools, mainly focused on moments of career decision-making. Based on reports of 106 participants who 

worked with an LA tool, the researchers looked at how they accepted the technology through TAM and how 

they made decisions using CDM. It was found that the AI tool helps by giving career-related guidance, 

directions, reflective assistance, and new perspectives on possible career paths. On the other hand, the research 

reveals that there isn’t enough context in the assessment, it’s not well personalized, and students receive support 

disproportionally during different stages of their career journey. If the system did not have real-time updates and 

offered more flexible tailoring, it would be more effective for people who want personalized tips for their 

careers. It is very important for the development of Career Reactant because it reinforces that incorporating 

personalization, repeated feedback, and users’ information is key for effective job recommendation systems. 

Even though the study is largely based on what people say about themselves, it gives valuable information about 

how current AI tools function in the field of career guidance. 

 
Figure 1: The CDM and the information needed to make the decision 

(Source: Gedrimiene et al. 2024) 

2.2.2 Media 2.0: AI-Enhanced Communication and Content Creation 

The work of Singh (2024) carefully discusses how artificial intelligence is shaping the future of media, 

communication, and content creation known as Media 2.0. AI is described in the text as a key feature in 

automated news, musical creation, sorting recommendations, and tailoring content. It also points out that 

marketers now depend more on AI to better understand and target their audience. A major topic is the ethics of 

AI, mainly due to issues such as privacy, transparency in algorithms, and bias. Another point made is that future 

media will likely include storytelling combined with virtual and augmented reality technologies that use AI. 

Though the paper is rich in ideas, most of its content is theoretical and does not look closely at particular AI 

systems or algorithms. It focuses on areas other than recruitment and job search, but the topics of 

personalization, ethics, and user involvement give useful insights for improving Career Reactant. Such insights 

can help integrate AI into job recommendation sites in a fair manner and keep users confident in the service. 
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2.2.3 AI-Enhanced Recruitment and Diversity in Finland 

In her study, Ashik (2023) looks into how AI-powered recruitment tools influence diversity and inclusion in 

Finland. The study looked at data from 109 participants from various groups to evaluate how comfortable they 

are with AI, the biases they perceive in AI, and the inclusive quality of recruitment practices. The research 

shows that, while AI is meant to help avoid human bias in hiring, people shared concerns about fairness, mainly 

from Finnish non-native applicants facing challenges due to limited language skills and a different background. 

It points out that, despite sharing many recruitment activities to improve efficiency with AI, there is a risk that 

these tools could strengthen the same kinds of unequal practices. A notable point is the way the study looks at 

user experiences in actual labor market situations, letting us understand the effects of AI in recruitment. Yet, 

because the study only covers Finland and relies on what people say, the results may not be very reliable. 

Notwithstanding these shortcomings, it confirms that systems and laws must be fair to avoid ethical issues in 

recruitment. This finds significance for Career Reactant, specifically in ensuring algorithmic fairness, is aware 

of cultural influences, and frequently checks for inclusivity within job recommendation tools. 

 

2.2.4 Enhancing Education with NLP through AI-Enhanced Q&A Evaluation 

In their paper, Ahamed et al. (2024) describe an AI learning platform meant to raise educational standards using 

advanced techniques for producing questions and answers, judging answers, and offering personalized 

recommendations. The authors use different features, such as identifying weak areas, repeating tests, support 

forums, and expert assistance, to ensure students learn well. Significantly, it handles functions such as auto- 

generating questions and assessing responses of students in real time, from the content provided, to create 

custom and speedy suggestions. The thorough approach encourages students to engage, remember things, and 

check their progress. Even though the focus is on education, personalized feedback, using NLP to read texts, and 

continuous performance measures can be used in job recommendation systems. For instance, similar methods 

used to find student weaknesses might be useful to find skills that a job seeker lacks and match them to suitable 

opportunities. Yet, because no empirical measures, results from user testing, or comparisons with current 

educational tools are included, its practical use is not as convincing. In addition, matters such as keeping learner 

data secret remain unresolved, which could cause issues in broader situations. Although the main goal of the 

study is to enhance learning, the methods it uses serve as a strong base for systems like Career Reactant. The 

article brings new insights to AI personalization and highlights the value of user feedback in boosting system 

recommendations. Such ideas can usefully influence how AI supports job search. 

 

2.2.5 A Comprehensive Review of AI Techniques for Bias in Job Hiring 

Albaroudi et al. (2024) thoroughly explore available methods that help overcome algorithmic bias in selecting 

people for jobs. Since AI plays a big role in CV review and automating recruitment, the study indicates concerns 

about its fairness and how it can lead to discrimination. The authors study and review various studies and 

examples to find ways to remove bias, including vector space correction, adding more data, and using models 

that prioritize fairness. A major effort is put into natural language processing (NLP) and deep learning, as they 

are promising tools for finding and addressing bias in recruitment data. According to the study, being open 

about what algorithms do, involving humans and AI, and other ethical principles are important for fair hiring 

algorithms. The report includes plenty of useful discussion and ideas, but it does not do much testing or 

comparisons that would be typical in empirical studies. Furthermore, it is not satisfactory in resolving practical 

issues in deployment, including company resistance, newly emerging biases, and sticking to global standards of 

ethics. Nonetheless, the paper’s results benefit Career Reactant as it strives to provide job suggestions that are 

inclusive to everyone. The use of fairness-aware AI and bias-mitigation approaches allows Career Reactant to 

design a system that recommends jobs fairly and helps level out job-access opportunities. This paper illustrates 

that both progress in technology and ethical actions need to occur together in, for instance, systems that decide 

on employment. 
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Figure 2: Description of the Literature Screening Process by Albaroudi et al. (2024) 

(Source: Albaroudi et al. 2024) 

2.2.6 Applying Generative AI in the Job Finding Process 

Sivasubramaniam (2024) examines how generative artificial intelligence can assist job seekers by ensuring a 

user-friendly job portal offers them relevant and reliable job suggestions. According to the thesis, present-day 

job portals regularly provide inappropriate matches because they depend on simple listings that do not focus on 

what individuals are truly looking for. According to the study, a generative AI framework could help job seekers 

by having them input their aims and capabilities, after which the system generates tailored job proposals based 

on their input. The research stands out by supporting job seekers in choosing and customizing what they receive, 

all with the help of AI and easy-to-understand language. Still, the research is only theoretical and does not have 

a practical prototype or plan for implementation. Since the authors did not employ empirical tests or assess 

systems, it is difficult to determine if the model can be used in practice. Ethical design, protecting personal data, 

and dealing with biases are minor concerns highlighted in the book. Even with these problems, the thesis brings 

attention to how Career Reactant benefits from being creative, allowing users to control, and being flexible for 

diverse scenarios. It encourages AI to match users to positions not only through existing jobs, but also by 

considering both their preferences and what is happening in the labor market. This work’s concept fits well with 

Career Reactant’s goal to make job search more dynamic and depend on AI rather than staying the same for 

users. 

 

2.3 Literature Gap 
While work is being done on using AI in education, media, and hiring, there is still a big need to develop online 

job recommendation tools that are personal, fair, and adjustable at any time. The usual approach is to match 

keywords without adapting to what users type in inches after time. Besides, people consistently recognize 

ethical matters, yet few solutions are put in place to resolve them. Generative AI and job search optimization 

have not been extensively researched. By designing an AI framework that is user-friendly, hybrid, and aware of 

ethics, the Career Reactant project intends to cover these gaps. 

 

2.4 Theories and Models 
The system is created following important theories that support recommending intelligently, keeping users 

engaged, and using AI ethically. The CBF approach is a basic technique where content is filtered to support item 

recommendations based on the user’s preferences. It looks at both job descriptions and resumes to locate 

matching phrases. In addition, Collaborative Filtering (CF) uses the interactions of those with similar 

preferences to come up with personal suggestions (Koren et al. 2021). Still, these approaches come with 

weaknesses: CBF does not handle a variety of tasks properly, and CF deals with the cold-start obstacle. That’s 

why more and more researchers are turning to hybrid deep learning methods. 
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Using neural networks, NCF is designed to improve the prediction of user-job relationships when compared to 

traditional methods (Li and Kim, 2021). Also, using Natural Language Processing models like SpaCy helps to 

study the content of resumes and job posts more closely for better matching. 

The Career Decision-Making (CDM) model is especially useful for decision-making in this area (Wang et al. 

2022). The system aims to help people during self-assessment, exploration, and decision-making using adaptive 

feedback loops. 

Like IBM’s AI Fairness 360, ethical use of AI involves making things clear, responsible, and less likely to cause 

prejudice. All these theories and models influence the design of Career Reactant by providing guidelines for 

recommendations, personalization, fairness, and learning what users interact with. With these principles 

combined, the system intends to offer effective and fair job suggestions. 

 

2.5 Conceptual Framework 

Figure 3: Conceptual Framework for model development 

(Source: Self-made) 

2.6 Chapter Summary 
Main insights about AI in job recommendation, recruitment, education, and media were explored, covering 

successes and ongoing difficulties. Although AI may help with personalization and efficiency, the systems now 

in place are not always fast enough, fair, or user-friendly. By reviewing the studies, the researchers can note that 

using content-based and collaborative filtering techniques, as well as deep learning and NLP, can enhance the 

matching of candidates to jobs. Issues such as bias in algorithms and protecting people’s data get little attention. 

Models such as CDM and tools such as AI Fairness 360 greatly improve our decision-making in AI. The ideas 

discovered help guide the development of the Career Reactant system. 
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3 Chapter 3: Methodology 

3.1 Chapter Overview 
This chapter describes the design, development, and assessment experiment procedure implemented to produce 

the AI-filled job suggestion tool, Career Reactant. It provides a structured approach to the design of systems, the 

execution of models, and the processing of data. It entails an integrated approach to recommendation strategy, or 

a hybrid algorithm that will bring together content-based and collaborative filtering, with support in deep 

learning and natural language processing. This project utilizes publicly available datasets on Kaggle as the 

source of data and manipulates and analyzes them in the Google Colab environment, in Python. This chapter 

also describes the methodology, criteria of evaluation, and the ethical principles according to which the project 

is conducted and makes it responsible and efficient to shape. 

 

3.2 Research Design and Approach 
The methodology of the Design Science Research (DSR) approach is used in the implementation of this project 

as it is aimed at creating a new artefact to realise the solutions to the identified pragmatic problems (De Sordi, 

2021). The relevant application of DSR with the consideration of the related goal of developing a personalized 

job recommender based on AI is due to the possibility in DSR to systematically create, repeatedly test, and 

practically validate the Career Reactant system. The proposed new recommendation model will use Content- 

Based Filtering (CBF) and Collaborative Filtering (CF) which is to be supplemented with Natural Language 

Processing (NLP) and intensive learning (Widayanti, 2023).. The CBF is based on the similarity between the 

semantic profile of users and job descriptions, whereas the CF is based on capturing patterns of user interactions 

to reveal latent preferences (Han et al. 2024). The goal of these two methods together is to increase the 

relevancy and individuality of job recommendations. The system development cycle encompasses data 

collection, preprocessing, model training, real-time feedback recombination and iterative improvement. It is 

planned to use Kaggle to divide publicly available datasets and process them in Python with Google Colab. The 

system will allow continuous user feedback to retrain the model to build an adaptive recommendation engine. 

This study, however, has a quantitative assessment approach, technical measurements, like the F1-score and 

AUC-ROC, as well as user-related measures, like the click-through rates. This double concern is the 

combination of paying both algorithmic accuracy and user satisfaction. As a whole, this strategy would help 

create a scalable and context-sensitive solution that can be adjusted to the behaviour of users and dynamics of 

the market, which would mean addressing the ineffectiveness of conventional job recommendation systems. 

 

3.3 System Architecture and Design 
The Career Reactant system architecture enables end-to-end personalized job recommendations with the use of 

AI. It has five significant parts, namely the user interface, NLP processing unit, hybrid recommendation engine, 

real-time feedback loop, and data storage layer. The modules communicate with each other to achieve a natural 

flow that would be functional, precise, and flexible. The system begins with the user interface, which has been 

constructed with the help of Streamlit, where the users can upload resumes, rate job suggestions, and see 

recommendations. When the resume or profile is received, the NLP module that uses SpaCy will perform the 

extraction of skills, experience, and related keywords (Jugran et al. 2021). Such semantically linked information 

is compared against job descriptions in similarity vectors similar to TF-IDF and word embedding contexts. The 

recommendation engine is then created in PyTorch and uses collaborative and content-based filtering (Omar et 

al. 2024). The content-based part assigns the user attributes to job advertisements whereas the more 

collaborative part sets about identifying user-job interaction patterns as would have been in the past. The hybrid 

model uses a combination of the two to generate a list of suggested jobs in order of rank. The real-time feedback 

loop records user clicks, job saves and ratings. This feedback is then used to re-train the model on a dynamic 

basis so that the system adjusts to the preferences of the players and changes in the labour market. Each of the 

datasets, such as anonymized user resumes and a list of vacancies, will be stored in a secure SaaS data storage 

where scalable access to data and model deployment is possible. The modular architecture also creates 

flexibility such that there is the power to improve the individual components without necessarily disturbing the 

whole system (Paparistodimou et al. 2020). 
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Figure 4: Career Reactant System Architecture 

(Source: Self-made) 

3.4 Data Collection and Preprocessing 
Dataset link- https://www.kaggle.com/datasets/asaniczka/linkedin-data-engineer-job-postings 

The publicly available job datasets that can be used as the data of the Career Reactant system are user profiles, 

job listings, and user-job interactions. Python tools are used to clean and standardize such datasets. Using NLP 

techniques, text fields of user skills and job descriptions have been converted using tokenization, lowercase, 

removing stop words, and lemmatizing them to have the same pattern for the semantic matching activities. 

 

In the TF-IDF Content-Based model, the cleaned job descriptions and skills entered by a user are both turned 

into numerical vectors using a term-frequency inverse document frequency vectorizer. The comparisons 

between these are through cosine similarity to give recommendations on relevant jobs based on pairs of skill 

matches. 

In the case of the LightFM Collaborative model, user-job history is formed into interaction matrices that factor 

in skills and previous job matches (Porter, 2020). There is a mapping of user IDs to ensure consistency across 

matrices. 

PyTorch Hybrid model blends both content features and collaborative behavior, aligning the vectors on hyper 

users and hyper jobs (Jamshidian, 2023). Date-time inputs of the Gradio interface, e.g., userid and skill text, are 

dynamically cleaned, parsed, and mapped at runtime to enable real-time model inference. 

They all are preprocessed, anonymized, and stored under secure conditions, guaranteeing GDPR-compliant 

processing (Fakeyede et al. 2023). Such an efficient pipeline permits real-time, interactive recommendations on 

scale and ethical data management practices. 

 

3.5 Model Implementation Strategy 
The three individual recommendation models, TF-IDF Content-Based, PyTorch Hybrid, and LightFM 

Collaborative Filtering, are combined in a communication system presented as a user-facing interface created in 

Gradio (Siswanto, 2024). The use of the implementation commences by choosing a model and typing an 

existing skill list or user ID. The preprocessing of each input occurs dynamically and is executed such that the 

skills are tokenized, cleaned, and vectorized. In the TF-IDF Content-Based model, skills entered by the user are 

https://www.kaggle.com/datasets/asaniczka/linkedin-data-engineer-job-postings
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vectorized in the form of TF-IDF, and an alignment of the skills with the job description vectors is performed in 

order to produce top recommended jobs. LightFM Collaborative model creates an interaction matrix based on 

past job-user behavior and mappings, and predicts the relevance of the job using matrix factorization regarding a 

particular user ID. The PyTorch Hybrid model is used in combination with behavioral, interaction data, and 

features of user content (Channabasamma et al. 2021). It then trains on learn embeddings to achieve job 

descriptions as well as user preference attributes to make adaptive personalized job recommendations. These 

models are hosted in a Gradio site where users can type in and get recommended outputs instantaneously. The 

model logic is concealed in a recommend_jobs() function, which performs user validation, data parsing and 

execution of model-specific logic. The interactive environment allows testable and scalable deployment that will 

use future improvements of models without lacking the response of the model. 

 
Figure 5: Hybrid Recommendation Workflow 

(Source: Self-made) 

3.6 Evaluation Metrics and Strategy 
In order to perceive the Career Reactant system, it is implemented as a two-layered evaluation approach, that is, 

technical performance and experience with the system. This makes the model not only precise but also attractive 

and worthy in real applications. 

Technical Metrics: 

● Accuracy: The degree of the overall correctness of the predictions. 

● F1-Score: It has a weighted average of precision and recall, which is good in unbalanced datasets. 

● AUC-ROC: Measures the capability of the model to distinguish the positive and negative matches at 

various thresholds. 

● Precision or Recall: It measures the relevance of the K top recommendations. 

● These are gauged against control models like the LinkedIn collaborative filtering model and the 

keyword-based model of Indeed. 

Experimental Setup: 

● Input Options: Users can select from three models: TF-IDF Content-Based, PyTorch Hybrid, and 

LightFM Collaborative Filtering. 

● User Inputs: Accepts a comma-separated list of skills for content-based, and then a user ID (0-999) for 

the hybrid/collaborative model. 

● Data split: Pre-processed data is split as 80% = training set, 10% = validation, and an additional 10% 

for testing for model development. 

● Model Comparisons: Using TF-IDF and LightFM as baseline models to compare model performance 

against the PyTorch hybrid model. 

● Real-time evaluation and testing: The Gradio interface allows a method to collect click-through and 

rating for each skill in order to perform testing for continual learning and model development. 

 

3.7 Tools and Technologies 
A modern and modular technology stack was adopted to make the Career Reactant system scalable and ready to 

perform AI-based tasks at speed. The main programming language available is Python, and it has access to 

strong libraries to process data, machine learning and deployment. In NLP tasks, SpaCy provides tokenization, 
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named entity recognition (NER) and lemmatization of the skills mentioned by users and job descriptions. The 

model (content-based filtering) of TF-IDF vectorization and cosine similarity is driven by Scikit-learn. The 

collaborative filtering application used is the LightFM library, which allows matrix factorization to be used on 

past data of user job interactions. This model suggests occupations by pointing out the latent preferences 

depending on past behavior. The PyTorch framework accompanies a hybrid recommendation engine, which 

makes it possible to integrate the role of user characteristics and behavior with the embedding levels and neural 

nets. This is an architecture that supports context-aware and adaptive job matching. 

Gradio is used to develop the front-end interface. It enables users to get recommendations of jobs immediately 

by selecting models, entering skills or IDs in an interactive way. It has a lightweight Python-native interface to 

speed up prototyping and model inference in real time. Lastly, the research and experimentation are performed 

on Google Colab, which offers access to GPUs as well as scale in the cloud. This stack provides a full AI 

workflow, aiding in the areas of data ingestion through to completion with user feedback, providing 

reproducibility, transparency, and future iterations of AI. 

 

3.8 Ethical and Legal Considerations 
Career Reactant system is developed in a tone of tremendously concentrated ethical code, justice and legal 

adherence. Algorithmic fairness will be built in, with algorithms that are fairness-aware (using, e.g., IBM 

AIF360) to compensate for the possible harms of algorithmic bias (Mahoney et al. 2020). These are employed to 

identify and combat the potential discrimination in job referrals because of gender, ethnicity or age. The privacy 

of users is very important. Resumes and job adverts used in the training are anonymized; the data processing is 

governed by GDPR and CCPA laws. The system does not gather any identifiable personal data and makes sure 

that all user interactions are handled securely. 

The model also incorporates transparency in the explainable AI practices. The logic behind every suggestion 

(e.g., matched based on Python and NLP skills) will be shared with the user to establish trust and enable 

informed career choices (Mohammadi et al. 2025). The system will provide a fair, transparent, and responsible 

AI-based job recommendation experience by complying with ethical requirements and opportunities, as well as 

legal requirements. 

 

3.9 Chapter Summary 
This chapter entailed the process that was used to come up with the Career Reactant job recommendation 

system. It included the design science approach, the system architecture, the data collection, the model 

implementation, the metrics of evaluation, and the tools used. A hybrid approach of content-based and 

collaborative filtering recommendation strategies was introduced, supported by NLP and deep learning. The use 

of a real-time feedback loop was highlighted to guarantee flexibility and individualization to users. Fairness and 

data privacy were also considered as ethical and legal matters. All of the above allow for to development of a 

smart, moral, and responsive AI system that could change the employment process. Chapter 4: Data Analysis 

3.10 Chapter Introduction 
This chapter describes the data analysis and model evaluation steps for the Career Reactant system, which 

included data cleansing, exploratory analysis, skill extraction, and the creation of three AI-based 

recommendation models. The process will be evidenced through visual outputs and performance metrics, as 

determining that the personalized job-matching framework was effective and accurate proceeded through more 

than simply the 'functioning of the system. 

 

3.11 Analysis 

3.11.1 Data Loading and Cleaning 
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Figure 6: Loading the dataset 

(Source: Self-made in Google Colab) 
 

Figure 7: Dataset information 

(Source: Self-made in Google Colab) 
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Figure 8: Checking null values 

(Source: Self-made in Google Colab) 
 

Figure 4: Dropping null values 

(Source: Self-made in Google Colab) 

Data in the form of a job posting was imported into Google Colab in Python, where Pandas was used to read and 

view job posting data. The first bill applied.info() method showed the structure, column types, and there were 

null values. This was important to determine the integrity of the data and gaps or inconsistencies in records. In 

order to maintain quality inputs in the recommendation models, the rows with blank entries (especially in 

important columns like job description, titles, and skills) were dropped through the dropna () tool. This cleanup 

improved the regularity of textual fields that are critical to semantics matching tasks. 

Thereafter, exploratory code was carried out to analyse the distributions of other important attributes such as job 

titles, job levels, job types, and locations. The overall results of this step allowed improving preprocessing 

approaches to be used in subsequent stages. As an example, similar job titles or job titles that were too general 

were discussed under consolidation to avoid bias in recommendations. 

Simultaneously, the entire text (skills, summaries, job descriptions) was turned to lower case, removed the 

punctuation, and lemmatized. Such normalization made it possible to achieve a better performance of 

downstream models, such as TF-IDF and SpaCy-based NLP (Dumbre et al. 2024). In sum, such a 

comprehensive preprocessing pipeline provided a basis on which scaled and explainable AI-based job matching 

could be established. 
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3.11.2 Exploratory Data Analysis (EDA) 

Figure 9: Top job titles 

(Source: Self-made in Google Colab) 

A bar chart is used to show the titles of the most advertised jobs in the dataset. The top five are Senior Data 

Engineer, Data Engineer, Data Analyst, and Senior Staff AI Data Engineer. The trends show that there is a 

demand for many engineering positions in data-centric jobs, so it is recommended that an open position will 

involve intermediate and advanced skill levels, which easily fits into the recommendation system, as it focuses 

on AI and machine learning positions in engineering. 

 

Figure 10: Job level distribution 

(Source: Self-made in Google Colab) 

According to this chart, it is evident that mid-senior-level jobs tend to prevail far in excess of associate-level 

ones. It means that the companies are not in need of entry-level professionals but rather aspire to have 

experienced professionals. The same insight could be used to tailor Career Reactant recommendation logic 

towards users with higher skills or experience, as shown in their resumes, along with providing possible 

upskilling opportunities or warnings to those who want to enter higher job levels. 
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Figure 11: Job type distribution 

(Source: Self-made in Google Colab) 

It is also noticeable that the job type distribution chart indicates that the vast majority of job types are onsite, 

then hybrid, and finally, remote working. Although the number of remote jobs can still be found, it is lagging far 

behind, which indicates that employers still prefer in-person presence. The findings are important in making job 

recommendations that suit the user preferences or limitations-particularly the users who are filtering jobs 

according to flexibility or work-life balance, or locality reasons on the Gradio interface. 

 

Figure 12: Top hiring cities 

(Source: Self-made in Google Colab) 

This bar graph provides an overview of the best destinations to work on data job positions. Greater London 

takes the lead and then closely by Dublin, Chicago, and other major cities such as San Francisco and New York. 

Such results can be used in localizing job suggestions and providing the user with smart answers on where the 

opportunities are clustering. The information of this location also helps to construct individualized filters or the 

development of map-based aspects in the Career Reactant platform in the future. 
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Figure 13: Job summary word cloud 

(Source: Self-made in Google Colab) 
 

Figure 14: Skill Extraction using SpaCy 

(Source: Self-made in Google Colab) 
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3.11.3 TF-IDF Model 

Figure 15: TF-IDF + Cosine Similarity Model 

(Source: Self-made in Google Colab) 
 

Figure 16: Simulate User-Job Interactions 

(Source: Self-made in Google Colab) 
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Figure 17: Creating the dataset 

(Source: Self-made in Google Colab) 
 

Figure 18: Model Evaluation of Skill-Based TF-IDF Content 

(Source: Self-made in Google Colab) 

Career Reactant uses a traditional content-based recommendation engine the TF-IDF ( Term Frequency-Inverse 

Document Frequency) model, to rank the closest semantically related job postings based on the input skills 

provided by users. The first step in implementation is text preprocessing in which SpaCy and Scikit-learn will 

be used. With the help of the most common NLP methods, job descriptions in the dataset are cleaned by 

lowercasing, removing stopwords, lemmatization, and tokenizing. These cleaned job descriptions are then 

converted into a sparse matrix with the TfidfVectorizer() (Scikit-learn) to reflect the meaning of terms in the 

context of the corpus. In the case where a user includes the list of skills, the same preprocessing procedure is 

applied before the input is transformed to a TF-IDF vector by the same fitted vectorizer. In the model, the cosine 

similarity between this user vector and all job description vectors in the corpus is next calculated. The concept 

of cosine similarity involves a comparison between the direction of the user skill profile and available job 

postings without considering their magnitudes and ranks those jobs that can be compared elsewhere in terms of 

their textual association with the submitted skills. The code has steps that will pull out the N highest scoring 
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jobs of highest similarity. These findings are presented in a DataFrame containing essential data like job titles, 

company names, location, and a link to submitting an application. The metrics that can be evaluated to assess 

this model are the number of false positives and false negatives, measuring the number of times users are 

recommended roles that do not match their fields of expertise. These outputs can be validated using simulated 

user-job interaction data, in which someone compares what the system recommends to what they have defined 

as the user preference. 

The above TF-IDF method can be especially effective with cold-start users who have no history of interaction, 

thus, this is an ideal first level of a hybrid recommender system. Its user-explanatory matching adds to user trust 

as well, by showing the mathematical traceability between the skills they input and the job content. 

 

3.11.4 PyTorch Hybrid Model 
 

Figure 19: Pytorch hybrid model 

(Source: Self-made in Google Colab) 
 

Figure 20: Model training 
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(Source: Self-made in Google Colab) 

The PyTorch hybrid version combines content-based modeling with collaborative filtering, applying neural 

networks. It includes embedding layers on both users and jobs so that the model could learn latent features about 

user-job interaction in addition to textual features based on skills. The model takes as input user IDs and job 

vectors that have been preprocessed and has to learn in order to output the probability of a match using a binary 

classification output layer. It is taught with binary cross-entropy loss and optimized by stochastic gradient 

descent. Such model building is supportive of flexibility so that the system not only can keep on learning 

through these novel interactions but also supports personalised job suggestions as behavioural patterns of the 

user vary. 

 

Figure 21: Model evaluation 

(Source: Self-made in Google Colab) 

The application of the hybrid model on PyTorch performed well with an accuracy of 65.57 percent and an AUC 

of 0.7105. These results seem evenly balanced as the classification report dictates a balanced performance of 

both classes with F1-scores of 0.6542 for class 0 and 0.6 573 of class 1. There is a high alignment of precision 

and recall, which implies the high quality of prediction. The macro and weighted averages vary at 0.6557, 

proving the usefulness of the model in a balanced test set of 6,501 entries. Such measures support the conclusion 

that the hybrid model can very well learn through both job content and user interactions, which qualifies it as an 

accurate and appropriate model of personalized job recommendation. 

 

Figure 22: LightFM Model 

(Source: Self-made in Google Colab) 
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Figure 23: Model evaluation 

(Source: Self-made in Google Colab) 

The LightFM model trained on a balanced dataset of 200 samples produced a humble result with an accuracy of 

58% and AUC scores of 0.5553. Class 0 had a recall of 1.0, whereas the recall of class 1 was much lower: 0.16, 

meaning that the model has issues with recognizing positive job-user matches. Overfitting by the negative class 

is indicated by the F1-score difference between classes 0 and 1, which amounts to 0.7042 and 0.2759, 

respectively. The absence of recall means that it is not an effective tool in spite of the high precision on class 1 

(1.0). This model is possibly in need of some form of optimization or more bipartisan historical interaction data 

to improve the quality of its recommendations in the real world. 

 

Figure 24: Job recommendation function for GUI 

(Source: Self-made in Google Colab) 
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3.11.5 Gradio GUI & Output 
 

Figure 25: Gradio GUI implementation 

(Source: Self-made in Google Colab) 
 

Figure 26: GUI 

(Source: Self-made in Google Colab) 
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Figure 27: User selecting Python as a skill 

(Source: Self-made in Google Colab) 
 

Figure 28: Showing recommended jobs 

(Source: Self-made in Google Colab) 

The Career Reactant system embraces an easy-to-use graphical interface based on Gradio, which allows one to 

play with the AI models in real-time. They have three recommendation model choices, which include TF-IDF 

Content-Based, PyTorch Hybrid, and LightFM Collaborative, all via dropdown items. Depending on the model 

chosen, they are then asked to either type in their skills in a comma-separated format or a user ID that is unique. 

The dynamic processing of information will run on the platform and produce a dataframe of the top five job 

recommendations once a submission is made. All of the job entries consist of the title, company, and location, 

job type, and a link to apply, which has resulted in an easy user experience. The GUI is more flexible and 

responsive, and fits well into the objective of the personalization of job searches. In addition, it allows quick 

development and implementation of new models without changing the interface logic. This user-friendly design 

turns Career Reactant into an accessible, time-saving, and useful tool by a wide variety of users who want to 

receive AI-powered job suggestions. 

 

3.12 Results summary 
The postulated performance of three recommendation models is disclosed through the results of the evaluations 

of the Career Reactant system. The hybrid algorithm model in PyTorch was the best performer with an accuracy 

of 65.57 percent and an AUC of 0.7105, indicating that the model effectively integrates collaborative and 

content-based strategies. The TF-IDF Content-Based model was a very helpful tool when it came to providing 

good cold-start recommendations, especially where there were no prior experiences of user interaction, because 



 

 

23  

this model had no concept of behavioral learning. In the meantime, the LightFM model presented worse results, 

as it reached only 58% accuracy and a poor performance at identifying positive relationships among the classes 

due to the imbalance. The Union with GUI made it possible to perform an interaction on a real-time basis, and 

user feedback results showed that there was clarity and relevance in suggestions. These findings confirm the 

applicability of hybrid deep learning models to the dynamic recommending business and the need to have a 

user-friendly interface. Career Reactant provides a balance between technical accuracy and usability that 

suggests possible future improvements in ethical personified job matching with AI. 

 

4 Chapter 5: Conclusion and Recommendation 

4.1 Introduction 
This chapter summarises the main findings of the research project and relates the key findings to the objectives 

set in the research. It concludes on the efficiency of the designed Career Reactant system, its impact in 

managing different issues about personalisation, justice and ethical issues in AI-based job suggestions through 

technological advancement and design. 

 

4.2 Linking with objectives 
This study performed quite well to fulfil the gap of an increasingly intelligent, ethical, and user-adaptive job 

recommendation system by coming up with Career Reactant. The first goal was a success as the study 

developed a hybrid artificial intelligence model that incorporates content, collaborative, and deep learning-based 

filtering in a single framework. The first objective was achieved through an inclusive literature search, which 

identified current challenges in the existing systems (the lack of personalisation, algorithmic bias, and user 

engagement), which gave the answers to the first objective. The second and third aims were achieved through 

the introduction of a TF-IDF model, LightFM collaborative filtering, and a hybrid model based on PyTorch with 

the help of an NLP-based skill extraction. The fourth goal was achieved with the help of numerous tests with 

technical performance indicators (F1-score, AUC-ROC) and user opinion using a Gradio GUI. Lastly, the fifth 

objective of incorporating ethical and legal considerations, such as data privacy and fairness, was implemented 

through the use of anonymisation and AI Fairness 360 tools in the system. In total, this study can be viewed as 

an advancement to the topic of AI employment technology because it provides a scalable, fair, and transparent 

venue to the problem of job recommendation, opening the door to more equitable career representation. 

 

4.3 Recommendations 

• Digitalise the hybrid model by directly incorporating the live labour market trends via APIs. 

• Include the user sentiment analysis to improve the quality of job matching. 

• Increase the diversity of the range of datasets to eradicate cultural and linguistic bias. 

• Incorporate explainable AI features to build confidence and trust in the users. 

• Carry out periodic audits of the system (e.g. through measures of fairness such as AIF360) to control 

any ethical anomalies. 

• Connections of mobile applications so that accessibility and access can be enhanced. 

 

4.4 Summary 
The conclusion asserts that each of the objectives of the research was effectively achieved by designing and 

actually implementing Career Reactant, a hybrid AI-based job recommendation system. The research showed 

positive results in personalisation, algorithmic fairness, and ethical compliance. Resorting to TF-IDF, LightFM, 

and PyTorch, NLP, and real-time feedback, the system has offered relevant, fair, swiftly adapting job 

recommendations. The project is a scalable solution that is unique and can be used to promote the use of AI in 

the recruitment process and promote equitable opportunities to quality employment. 
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