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Abstract— Artificial intelligence has significantly 

transformed recruitment processes by enabling 

automated resume screening and candidate evaluation. 

Organizations increasingly rely on machine learning 

models to analyze candidate profiles and match them 

with job requirements. However, most AI-driven 

recruitment systems operate as black-box models, where 

decision-making processes remain opaque to recruiters 

and job applicants. This lack of transparency can lead to 

concerns regarding algorithmic bias, unfair candidate 

rejection, and reduced trust in automated hiring systems. 

This research proposes an Explainable Artificial 

Intelligence (XAI) framework designed to improve 

transparency and fairness in recruitment systems. The 

proposed framework integrates machine learning 

classification models with interpretability techniques 

such as SHAP (Shapley Additive Explanations) and 

LIME (Local Interpretable Model-Agnostic 

Explanations). These techniques enable recruiters to 

understand which features of candidate resumes 

influence classification decisions. 

The framework utilizes natural language processing 

techniques for resume preprocessing and feature 

extraction using TF-IDF vectors. Machine learning 

models such as Random Forest and Support Vector 

Machines are used for candidate classification. 

Experimental results indicate that the proposed 

explainable AI framework maintains high classification 

accuracy while providing interpretable insights into 

model decisions. The study demonstrates that 

explainable AI improves trust, accountability, and 

fairness in AI-driven recruitment systems. 

 

Index Terms— Explainable Artificial Intelligence, 

Recruitment Systems, Machine Learning, Resume 

Classification, Ethical AI, Transparency 

 

I. INTRODUCTION 

 

Recruitment is a fundamental function of human 

resource management, responsible for identifying and 

selecting qualified candidates for organizational roles. 

Traditionally, recruiters manually evaluated candidate 

resumes to determine their suitability for job positions. 

However, with the widespread adoption of online 

recruitment platforms, organizations now receive an 

overwhelming number of job applications for each 

vacancy. 

Artificial intelligence technologies have been 

introduced to automate the recruitment process and 

improve efficiency. Machine learning models can 

analyze candidate resumes and classify applicants 

based on skills, qualifications, and experience. These 

systems significantly reduce the time required for 

resume screening and enable organizations to identify 

potential candidates more quickly. 

Despite these advantages, many AI-based recruitment 

systems operate as black-box models. In such systems, 

recruiters cannot easily understand how machine 

learning models evaluate candidate profiles. This lack 

of transparency raises concerns regarding fairness, 

bias, and accountability in automated hiring decisions. 

Explainable Artificial Intelligence (XAI) addresses 

these challenges by providing techniques that allow 

users to interpret machine learning models and 

understand their decision-making processes. By 

integrating explainability techniques into recruitment 

systems, organizations can ensure transparency and 

fairness in AI-driven hiring practices. 
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II. BACKGROUND OF THE STUDY 

 

The use of artificial intelligence in recruitment has 

increased rapidly over the past decade. Many 

organizations employ automated applicant tracking 

systems to manage large volumes of job applications. 

These systems use machine learning algorithms to 

filter resumes and identify potential candidates based 

on predefined criteria. 

However, traditional recruitment AI systems lack 

interpretability. Recruiters often cannot determine 

why certain candidates are selected while others are 

rejected. This lack of transparency may lead to 

algorithmic bias, where machine learning models 

unintentionally favor certain candidate groups. 

Explainable AI provides methods that enable users to 

understand how machine learning models generate 

predictions. Techniques such as SHAP and LIME 

allow users to analyze the contribution of individual 

features to model predictions. 

The integration of explainable AI into recruitment 

systems enables organizations to improve trust in 

automated hiring decisions while ensuring compliance 

with ethical AI guidelines. 

 

III. LITERATURE REVIEW 

 

Several studies have explored the application of 

machine learning techniques in recruitment systems. 

Traditional algorithms such as Naïve Bayes, Decision 

Trees, and Support Vector Machines have been widely 

used for resume classification tasks. 

Aggarwal (2018) emphasized that machine learning 

algorithms can effectively analyze textual datasets and 

identify patterns useful for classification tasks. 

Manning et al. (2008) highlighted the importance of 

feature extraction techniques such as TF-IDF in text 

classification problems. 

Recent research has focused on the use of explainable 

AI techniques to improve transparency in machine 

learning models. Ribeiro et al. (2016) introduced the 

LIME technique, which explains individual 

predictions by approximating complex models locally. 

Similarly, Lundberg and Lee (2017) developed the 

SHAP method, which provides a unified framework 

for interpreting machine learning models using 

cooperative game theory concepts. 

Despite these advancements, limited research has 

focused on integrating explainable AI into recruitment 

systems. This study addresses this gap by proposing an 

XAI-based recruitment framework. 

 

IV. RESEARCH GAP 

 

Existing AI-driven recruitment systems suffer from 

several limitations: 

• Lack of interpretability in machine learning 

models 

• Risk of algorithmic bias in automated hiring 

decisions 

• Limited transparency in AI-driven recruitment 

processes 

• Lack of explainability mechanisms for candidate 

classification 

These limitations highlight the need for explainable 

recruitment systems capable of providing interpretable 

decision insights. 

 

V. RESEARCH OBJECTIVES 

 

The primary objectives of this research are: 

1. To develop a machine learning-based resume 

classification system. 

2. To integrate explainable AI techniques for 

interpreting model predictions. 

3. To improve transparency and fairness in AI-

driven recruitment systems. 

4. To evaluate the performance of explainable AI 

models in recruitment tasks. 

 

VI. RESEARCH METHODOLOGY 

 

The research methodology consists of several stages. 

6.1 Data Collection 

Resume datasets are collected from public repositories 

and recruitment platforms. The dataset includes 

resumes belonging to different job domains such as 

software development, data science, and 

cybersecurity. 

 

6.2 Data Preprocessing 

Natural language processing techniques are used to 

preprocess resume text. 

Steps include: 

• Text cleaning 

• Tokenization 

• Stop word removal 
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• Lemmatization 

 

6.3 Feature Extraction 

TF-IDF vectorization is used to convert textual data 

into numerical features suitable for machine learning 

models. 

 

6.4 Model Training 

Machine learning algorithms used include: 

Figure 1: Conceptual Framework of Explainable AI 

Based Recruitment System 

 

 

 
Description of Conceptual Framework: 

The conceptual framework of the proposed 

Explainable Artificial Intelligence recruitment system 

illustrates the integration of machine learning models 

with interpretability techniques to enhance 

transparency in automated hiring processes. The 

framework begins with the collection of candidate 

resumes submitted through recruitment platforms. 

These resumes are processed using natural language 

processing techniques to remove noise and standardize 

textual content. 

After preprocessing, textual data is converted into 

numerical feature representations using TF-IDF or 

word embedding techniques. These features serve as 

input for machine learning classification models such 

as Logistic Regression, Random Forest, and Support 

Vector Machines. The trained models classify 

candidate resumes based on job suitability. 

To ensure transparency in recruitment decisions, an 

explainable AI layer is integrated into the framework. 

Explainability techniques such as SHAP and LIME 

analyze the contribution of individual resume features 

to model predictions. These insights allow recruiters to 

understand why specific candidates are recommended 

or rejected. 

The final output of the framework is a transparent 

recruitment decision support system that ranks 

candidates based on their qualifications while 

providing interpretable explanations for each 
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classification decision. This approach improves 

fairness, trust, and accountability in AI-driven 

recruitment systems. 

• Logistic Regression 

• Random Forest 

• Support Vector Machine 

 

6.5 Explainability Analysis 

Explainability techniques applied include: 

• LIME for local model explanation 

• SHAP for global feature importance analysis 

 

VII. PROPOSED FRAMEWORK 

 
 

VIII. EXPERIMENTAL RESULTS 

 

Table 1: Model Accuracy Comparison 

Model Accuracy (%) 

Logistic Regression 87 

Random Forest 91 

SVM 89 

XAI-based Model 90 

 

Table 2: Feature Importance Using SHAP: 

Feature Importance Score 

Python 0.42 

Machine Learning 0.38 

Data Analysis 0.34 

Communication Skills 0.29 

IX. GRAPHICAL ANALYSIS 

 

Graph 1: Model Accuracy Comparison: 

 
 

Graph 2: Feature Importance Distribution; 

 
 

X. DISCUSSION 

 

The experimental results demonstrate that machine 

learning models can effectively classify candidate 

resumes based on textual features. Random Forest 

achieved the highest classification accuracy of 91%. 

However, the explainable AI framework provided 

valuable insights into model decisions without 

significantly compromising accuracy. 

Explainability techniques such as SHAP and LIME 

allowed recruiters to understand which resume 

features influenced classification outcomes. This 

transparency enhances trust in automated recruitment 

systems and reduces the risk of biased hiring 

decisions. 
 

XI. ADVANTAGES OF EXPLAINABLE AI IN 

RECRUITMENT 

 

• Improved transparency in hiring decisions 

• Reduced algorithmic bias 

• Increased recruiter trust in AI systems 

• Compliance with ethical AI standards 



© March 2026 | IJIRT | Volume 12 Issue 10 | ISSN: 2349-6002 

IJIRT 194248 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 3167 

XI. CONCLUSION 

 

This research proposed an explainable artificial 

intelligence framework for recruitment systems. The 

framework integrates machine learning classification 

models with interpretability techniques to improve 

transparency in automated hiring processes. 

Experimental results demonstrate that explainable AI 

techniques enable recruiters to understand model 

decisions while maintaining high classification 

accuracy. The proposed system enhances fairness and 

accountability in AI-driven recruitment systems. 

 

XII. FUTURE SCOPE 

 

Future research may focus on: 

• Deep learning models for resume classification 

• Multilingual recruitment systems 

• Bias detection algorithms for recruitment AI 

• Real-time explainable recruitment platforms 
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