
Advances in Consumer Research 

ISSN (Print): 0098-9258 

ISSN(Online): 3079-1766 

 

  

Page. 1710 

Vol. 2, Issue 4 (2025)                        https://acr-journal.com/ 
 

 

Advances in Consumer Research| Year: 2025 | Volume: 2 | Issue: 4 

 

Artificial Intelligence-Powered Recruitment Transforming Talent Acquisition through Intelligent 

Automation 

 

Arup Roy Chowdhury1, Reena Mahapatra Lenka2, Kavitha Dasari3, Sirisha Charugulla4 

 
1School of HRM, XIM University, Harirajpur, Bhubaneswar, Odisha, Pin Code: 752050 

Email ID : aruproychow8@gmail.com 
2Symbiosis Institute of Management Studies, Symbiosis International (Deemed) University, Pune, India,  

Email ID: reena.lenka@sims.edu 
3Department of Management, Avinash College of Commerce, Hyderabad, 

Email ID: kavitha2000mba@gmail.com 
4Research Scholar, School of Business, VIT - Andhra Pradesh, India 

Email ID: sirisha.23phd7205@vitap.ac.in 

 

Cite this paper as: Arup Roy Chowdhury, Reena Mahapatra Lenka, Kavitha Dasari, Sirisha Charugulla, (2025) Artificial 

Intelligence-Powered Recruitment Transforming Talent Acquisition through Intelligent Automation. Advances in Consumer 

Research, 2 (4), 1710-1717 

 

KEYWORDS 

Intelligent 

automation, 

automated resume 

screening, 

predictive 

analytics, bias 

mitigation, 

adversarial 

debiasing, and 

job-matching 

accuracy. 

ABSTRACT 

Advances in Artificial Intelligence (AI) have made it the new frontier for recruitment practices by 

bringing in automation, data-enabled Decision Making Systems (DMP), and predictive analytics 

into the Recruitment Process (RP). Most traditional PR tends to be lengthy, biased, or inefficient. 

With an increasing demand for efficient and unbiased recruitment, AI-driven Talent Acquisition 

Service (TAS) solutions have found their place. This research explains the AI-powered recruitment 

framework called AI-assisted Recruitment Framework (AI-RF), which includes automated resume 

screening, chatbot-driven applicant appointment, predictive analytics, AI-powered interview 

analysis, and candidate bias mitigation. The research implements the framework using an internally 

developed publicly available dataset. To automate and enhance various stages of the RP, the 

research work uses Machine Learning (ML) and Deep Learning (DL) models as Modified 

Bidirectional Encoder Representations from Transformers (BERT), Convolutional Neural Network 

(CNN), and Random Forest (RF). The proposed model AI-RF is evaluated using the performance 

metrics precision, recall, F1-score, and bias reduction percentage. The results suggest that the AI-

driven RP improves screening accuracy by 92%, response time reduced by 70%, improves job 

matching accuracy by 30%, and mitigates hiring biases by 85%. The comparison shows that DL 

outperforms other models in terms of efficiency and fairness in hiring. The AI-powered RP can 

enhance human bias in DMS and improve talent acquisition efficiency. 

1. INTRODUCTION 

Artificial Intelligence (AI) and Machine Learning (ML) have accelerated at a very rapid pace and have changed the face of 

many industries, Including human resource management (HRM) [1]. The traditional Recruitment Process (RP) consists of 

physically screening resumes, scheduling interviews, and evaluating candidates subjectively based on the subjective decision. 

However, these are hit by inefficiencies, human biases, and high operational costs [2]. This is an AI-powered RP by which 

we can implement AI automation to streamline recruitment workflows, better evaluate candidates, and use data-driven 

methods to leverage the power of Talent Acquisition Service (TAS). Natural language processing (NLP), deep learning (DL), 

and predictive analytics are all used to enhance precision when using AI-driven recruitment tools, which are comparable to 

traditional recruitment tools and increase the success of the RP. 

Most AI-powered RPs involve automated job tasks, like preparing job posts, resume screening, job matching, and securing 

recruits [3]. Many of these resume screening systems use ML to evaluate and rank applications based on the relevant  
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conditions set for each job. The relevant data is extracted from the resumes using NLP-like Word Embedding’s (WE), Term 

Frequency-Inverse Document Frequency (TF-IDF), and Bidirectional Encoder Representations from Transformers (BERT) 

in these systems. It removes the ineffectiveness of manual screening and enables recruiters to concentrate on the most 

appropriate candidates [4-5]. 

Another vital use of AI in RP is using a chatbot to engage with the candidates [6]. AI-powered chatbots allow direct 

communication with the job applicant, answering their questions, finding initial screening data, and scheduling interviews. 

By integrating them with NLP and DL to present human practice, these chatbots can improve the candidate experience and 

reduce coaches’ work problems concerning RP [7]. Sentiment analysis and conversational AI are harnessed in advanced 

chatbots such as Mya and HireVue to evaluate the candidate's response and present recruiters with structured data on the 

applicant's suitability [8]. 

AI will act as a partner in predictive analytics regarding hiring and using historical hiring data to uncover the patterns that 

result in recruitment success. ML processes structured and unstructured data, such as Decision Trees (DT), Neural Networks 

(NN), and Support Vector Machines (SVM), to predict a candidate’s probability of succeeding in a specific role [9]. A 

recruiter could use these AI-powered systems to evaluate past performance metrics, behavioral assessments, and social media 

activity to get actionable understandings for better hiring decisions [10]. Furthermore, predictive analytics supports 

workforce planning through talent shortage prediction, the optimization of the hiring method, and a low turnover rate. 

Another very game-changing innovation in RP is AI-based interview analysis. Regarding video interviewing platforms with 

AI, the technology analyzes candidate answers using facial expressions, modulation of voice, and speech patterns [11]. DL 

is used for Micro Expression Recognition (MER) and Sentiment Analysis (SA) of these systems to help recruiters objectively 

identify behavioral and soft skills. Real-time analysis of video interviews is what Hire Vue and XOR-AI can do for you, such 

as comprehensive evaluations, to help make your future hire decisions a more informed process. 

Another major problem in conventional recruitment is unconscious bias, which is why there’s little diversity in the workplace. 

This problem is solved by AI-based RP using bias mitigation such as adversarial debiasing, fairness constraints, and 

explainable AI (XAI). AI avoids demographic factors in the RP and focuses only on skill-based evaluation, which suits the 

diversity and inclusion objective of the recruitment. However, continuous monitoring and refinement of the AI are required 

to avoid the unintended biases that ensue from the training data [12]. 

It has its advantages, but challenges such as data privacy, ethical problems, and resistance to automation are also present. To 

maintain candidate trust, a business must comply with General Data Protection Regulation (GDPR) regulations. AI-driven 

RP also requires human oversight in addition to automation to ensure that automation does not become an ethical threshold. 

Organizations must be transparent in AI practices and implement explainable RP and periodical audits to maintain fairness 

and accountability in RP automation. 

The rise of AI in recruitment represents a paradigm change in the TAS and the ability of an organization to automate hiring 

workflow, improve candidate experience, and make decisions by AI automation. This paper proposes an AI-based RP for 

recruiting candidates comprising automated resume screening, AI-powered inorganic resume bots, predictive analytics, and 

approaches for mitigating bias. The results confirm AI's efficiency in reducing hiring time, increasing job and candidate 

matching accuracy, and making selection fair. 

2. PROPOSED METHODOLOGY 

The current hiring process is inefficient, subjective, and biased, affecting the quality of hiring DMS. To solve these 

challenges, AI-powered RP models use ML, NLP, and DL to mine candidate content intently, screen resumes, engage with 

candidates, make predictive hiring analytics, evaluate interviews, and mitigate bias. Using the dataset "Employability 

Classification of Over 70,000 Job Applicants," which contains structured applicant details like age, education, experience, 

technical skills, and employment status, AI-driven systems can make recruitment more efficient.  

This study proposes a mathematical model incorporating five key components:  

a) Automated Resume Screening using NLP techniques like BERT and Named Entity Recognition (NER) for candidate 

ranking,  

b) Chatbot-driven candidate Engagement for automated communication and scheduling,  

c) Predictive Analytics employing supervised learning to predict job suitability,  

d) AI-Driven Interview Analysis leveraging sentiment and facial recognition for behavioral assessment 

e) Bias Mitigation using adversarial debiasing to ensure fairness in RP. 

Let ‘X’ be the set of job applicants, where each candidate xi has attributes given in Equation 1. 

xi={Ai, Ei, Gi, Mi, YCi, YPi, PSi, CSi, Si} (1) 

where, 



Arup Roy Chowdhury, Reena Mahapatra Lenka, Kavitha Dasari, Sirisha 

Charugulla 
 

Page. 1712 

Advances in Consumer Research| Year: 2025 | Volume: 2 | Issue: 4 

 

• Ai→Age 

• Ei→Education Level 

• Gi→Gender 

• Mi→Main Branch (Developer / Non-developer) 

• YCi→Years of Coding Experience 

• YPi→Years of Professional Coding Experience 

• PSi→Previous Salary 

• CSi→Number of Computer Skills 

• Si→Employed (Target Variable). 

A BERT-based NLP is used to extract key data from resumes. The FE is defined in Equation 2. 

𝐹(𝑥𝑖) = ∑ 𝑤𝑗𝑇𝑗(𝑥𝑖)𝑛
𝑗=1    (2) 

where, 

• wj→TF-IDF weights 

• Tj(xi)→tokenized words from the resume.  

Candidates are ranked based on a similarity score Sr, calculated using Equation 3. 

𝑆𝑟(𝑥𝑖) =
𝐹(𝑥𝑖)∙𝐽

‖𝐹(𝑥𝑖)‖∙‖𝐽‖
   (3) 

where, 

• J→the job description vector.  

The top-k candidates are selected based on the highest cosine similarity scores. A transformer-based chatbot interacts with 

candidates and records responses RiR_iRi using an attention-based NLP, which is assumed in Equation 4. 

𝐻𝑖 = 𝑆𝑜𝑓𝑡𝑀𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
) 𝑉   (4) 

where, 

• Q, K, V→the query, key, and value matrices. 

The chatbot reduces response time by automating interview scheduling using a Reinforcement Learning (RL) policy π(a∣s) 

that selects optimal engagement actions. 

A Random Forest (RF) classifier predicts candidate hiring probability P(Ei) is specified in Equation 5. 

𝑃(𝐸𝑖 = 1|𝑋) =
1

𝑇
∑ ℎ𝑡(𝑋)𝑇

𝑡=1   (5) 

where, 

• ht(X)→ prediction from the tth Decision Tree (DT).  

The model is trained on historical hiring data to improve job-matching accuracy. A CNN-based facial expression classifier 

evaluates interview responses using emotion classification scores ‘Es’, which is assumed in Equation 6. 

𝐸𝑠 =
1

𝑛
∑ 𝐶𝑖(𝑥𝑖)

𝑛
𝑖=1    (6) 

where, 

• Ci(xi)→ convolutional feature maps extracted from video frames.  

Sentiment and voice modulation analysis further refine candidate assessments. A fairness-aware classifier applies adversarial 

debiasing to reduce gender and ethnicity bias. ‘B’ is given in Equation 7. 

𝐵𝑟 =
𝐵𝑏𝑒𝑓𝑜𝑟𝑒−𝐵𝑎𝑓𝑡𝑒𝑟

𝐵𝑏𝑒𝑓𝑜𝑟𝑒
× 100   (7) 

where, 

• Bbefore, Bafter →measure RP bias before and after AI interventions. 

3. RESULT AND DISCUSSION 
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Employability Classification of over 70,000 Job Applicants is a ‘Structured’ dataset containing job applicant profiles 

consisting of demographics, education, work experience, technical skills, and employability classification. The data was 

sourced from job portals, career fairs, and online applications across different sectors. Missing value imputation, one hot 

encoding, normalization, and text embedding’s were done as pre-processing. It also supports automated resume screening 

job matching prediction and mitigates bias via the dataset. This helps develop ML to improve accuracy, fairness of RP, and 

optimization for talent acquisition. The predictive RP, employability trend analysis, and fairness-aware AI research in RP 

are dependencies of this dataset. Table 1 gives the features of the dataset. 

Table 1. Features of Dataset 

Feature  Description Type 

Age 
Applicant’s Age Category  

(>35 or <35 years) 
Categorical 

EdLevel Highest Education Level (Undergraduate, Master, PhD) Categorical 

Gender Applicant’s Gender (Man, Woman, NonBinary) Categorical 

MainBranch Whether the applicant is a Professional Developer Categorical 

YearsCode Number of years the applicant has been coding Integer 

YearsCodePro Years of professional coding experience Integer 

PreviousSalary The last recorded salary of the applicant Float 

computer skills Number of known technical skills Integer 

Employed Target variable: Whether the candidate was hired Categorical 

 

Key classification metrics are quantified to evaluate the creation of the AI-powered RP that is accurate, fair in the decision 

to hire, and quick. The accuracy is the proportion of correctly classified candidates, hence the model’s overall performance 

in Equation 8. Precision cannot be confused with recall since it is the percentage of correctly predicted hires without False 

Positives (FP); recall is how effectively the model identifies actual hires, which is the proportion of False Negatives (FN). It 

is a better evaluation since the F1 score combines precision and recall. In addition, a Bias Reduction Rate (BRR) measure is 

provided to assess the system’s capacity to decrease discriminatory RP. Together, these metrics guarantee that the RP works 

to increase the accuracy and fairness of the candidate’s selection while maintaining efficiency. The precision is given in 

Equation 9, recall is specified in Equation 10, F1-score is given in Equation 11, and BRR is given in Equation 7. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑁
𝑇𝑃+𝑇𝑁

(TP+TN+ FP+ FN)
  (8) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
   (9) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
    (10) 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙
   (11) 

Table 2. Comparison of Accuracy 

Epochs Traditional RP LR RF DL (BERT +CNN) 

5 75 78 82 85 

10 75 82 85 88 

20 75 85 87 90 

30 75 85 88 92 
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Figure 1. Comparison of Accuracy 

 

The accuracy comparison across different epochs highlights the superior performance of DL  (BERT + CNN). At epoch 5, 

traditional RP declines at 75%, whereas LR achieves 78%, RF reaches 82%, and DL attains 85%. As training improves, LR 

improves to 85% at epoch 30, RF reaches 88%, and DL peaks at 92%. This demonstrates that advanced AI-driven RP 

significantly outperforms conventional methods by effective FE from candidate data, optimizing selection accuracy and 

improving over time. 

Table 3. Comparison of Precision 

Epochs Traditional RP LR RF DL (BERT + CNN) 

5 70 75 80 83 

10 70 78 83 86 

20 70 80 85 88 

30 70 80 86 90 

 

 

Figure 2. Comparison of Precision 
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Precision improves significantly with AI-based RP, representing the proportion of correctly identified top candidates. 

Traditional RP maintains a static 70% across all epochs due to human decision constraints, while LR starts at 75% and 

reaches 80% by epoch 30. RF consistently outperforms LR, achieving 86% at epoch 30, while DL achieves the highest 

precision at 90%. The ability of DL to refine FS by NLP and classification explains this higher precision, reducing FP in 

candidate shortlisting. 

Recall indicates how well the model identifies actual qualified candidates, showing a similar trend. Traditional PR remains 

at 72% due to subjective evaluation biases, while LR improves from 74% at epoch 5 to 78% at epoch 30. RF, leveraging 

ensemble learning, reaches 84%, and DL, benefiting from FE in NLP-based screening, attains 91%. The progressive recall 

development in DL-RP recommends a reduced risk of missing highly qualified applicants compared to traditional and less 

sophisticated AI. 

The F1 score, balancing precision and recall, highlights the overall effectiveness of each model. Traditional RP remains 

limited at 71%, while LR improves from 74% to 79% over increasing epochs. RF surpasses LR, reaching 85% at epoch 30, 

whereas DL outperforms all other models with an F1-score of 90.5%. The superior balance in DL results from their ability 

to capture complex relationships in candidate attributes, leading to a more refined RP. 

Table 4. Comparison of Recall 

Epochs Traditional RP LR RF DL (BERT + CNN) 

5 72 74 78 82 

10 72 76 81 86 

20 72 78 83 89 

30 72 78 84 91 

 

 

Figure 3. Comparison of Recall 

 

Table 5. Comparison of F1-score 

Epochs Traditional RP LR RF DL (BERT+CNN) 

5 71 74 79 83 

10 71 77 82 87 

20 71 79 84 89 

30 71 79 85 90.5 
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Figure 4. Comparison of F1-score 

 

Bias reduction analysis underscores the ethical benefits of AI-powered RP—traditional RP exhibits negligible bias 

mitigation, achieving only a 25% reduction at epoch 30. LR improves fairness by 50%, while RF performs slightly better at 

55%. With adversarial debiasing and fairness-aware training, DL significantly outperforms other methods, achieving an 85% 

BRR at epoch 30. This proposes that AI-driven RP enhances accuracy and ensures diversity and inclusivity in hiring 

decisions. 

Table 6. Comparison of BRR 

Epochs Traditional RP LR RF DL (BERT + CNN) 

5 15 30 35 60 

10 16 40 45 70 

20 21 45 50 80 

30 25 50 55 85 

 

 

Figure 5. Comparison of BRR 
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4. CONCLUSION AND FUTURE WORK 

Intelligent automation powered by AI is changing the game in talent acquisition, improving RP efficiency, accuracy, and 

fairness to a large extent. Automated resume screening, AI-powered chatbots, predictive analytics, and interview analysis 

make the DMS more evident and make the RP less biased. AI can be used to optimize workforce planning and enhance 

employer branding, but these will need to be addressed with ethical problems such as data privacy and algorithmic biases. 

As discussed in the study, AI-driven RP decreases the time taken for hiring, matches better candidates with jobs, and ensures 

that nobody is biased against them. 

Future work should aim to design more explainable AI (XAI) and enhance AI-human collaboration in RP. Organizations 

ahead of the curve in AI-driven RP have the advantage in the method and speed at which they gather, analyze, and recruit 

talents. 
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