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___________________________________________________________________________________________________________ 

Abstract: The exponential growth of digital recruitment platforms has generated an overwhelming volume of job applications, making 

manual resume screening both time-consuming and error-prone. This paper proposes an Artificial Intelligence-based Resume Screening 

System that automates the candidate evaluation process using Natural Language Processing (NLP) and Machine Learning (ML) 

techniques. The proposed system parses resumes, extracts key features such as skills, qualifications, and experience, and ranks 

candidates based on job description relevance. By leveraging transformer-based models and semantic similarity algorithms, the system 

significantly reduces hiring time and improves the quality of shortlisted candidates. Experimental results demonstrate that the AI-based 

approach outperforms traditional keyword-matching systems in terms of precision, recall, and overall ranking accuracy. Furthermore, 

the integration of bias-mitigation techniques ensures fair and equitable evaluation of all candidates regardless of demographic attributes. 

The proposed system is validated across multiple industry domains including IT, healthcare, finance, and education, demonstrating its 

versatility and robustness. The study underscores the transformative potential of intelligent automation in modernizing human resource 

management workflows 

Keywords: Artificial Intelligence, Resume Screening, Natural Language Processing, Machine Learning, Recruitment Automation, 
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___________________________________________________________________________________________________________ 

I. INTRODUCTION 

The recruitment process is a critical function of any organization, 

directly influencing its talent pool and long-term performance. As 

businesses scale globally and digital job portals proliferate, the 

volume of applications received per job opening has increased 

dramatically. Organizations listed on major recruitment portals 

such as LinkedIn, Naukri, Indeed, and Glassdoor routinely receive 

thousands of applications for a single position. Processing this 

volume manually is neither efficient nor consistent. 

Manual resume screening is subject to well-documented cognitive 

biases, including affinity bias, halo effect, and unconscious 

demographic prejudices. Studies have shown that recruiters spend 

an average of six to seven seconds reviewing a single resume 

before making an initial shortlisting decision, a timeframe 

insufficient for thorough evaluation. These limitations lead to high 

false-negative rates where qualified candidates are rejected, and 

false-positive rates where candidates who match keywords 

superficially advance in the process. 

Traditional automated screening approaches rely on keyword 

matching and Boolean search queries. While these methods 

improved efficiency over fully manual processes, they remain 

brittle. Candidates who recognize keyword patterns can game the 

system through keyword stuffing, while genuinely qualified 

candidates who use different terminology may be overlooked. 

Moreover, these systems do not understand the semantic context 

of a candidate's experience. 

Artificial Intelligence, particularly Natural Language Processing 

(NLP) and deep learning, presents a fundamentally different 

paradigm. AI-based systems can understand the semantic meaning 

of text, infer relationships between concepts, and evaluate 

candidates holistically against job requirements. Transformer-

based language models such as BERT (Bidirectional Encoder 

Representations from Transformers) have demonstrated state-of-

the-art performance across a wide range of NLP tasks and are 

increasingly being applied to recruitment contexts. 

This paper presents a comprehensive AI-Based Resume Screening 

System that integrates multiple deep learning and NLP 

components into a unified pipeline. The system handles diverse 

resume formats, extracts structured information, computes 

semantic job-fit scores, and produces ranked candidate lists with 

explainable relevance justifications. The remainder of this paper 

is organized as follows: Section II reviews related literature, 

Section III describes the proposed methodology, Section IV 

presents experimental results, Section V discusses advantages and 

limitations, and Section VI concludes with directions for future 

work. 

II. LITERATURE REVIEW 

The problem of automated resume screening has attracted 

significant research interest from both the natural language 

processing and human resources management communities. This 

section reviews the evolution of approaches from early rule-based 

systems to contemporary deep learning models. 

A. Early Rule-Based and Keyword-Based Approaches 

The earliest automated screening systems were built on predefined 

keyword lists and Boolean logic. Applicant Tracking Systems 

(ATS) developed in the 1990s and 2000s parsed resumes to 

identify the presence or absence of required skills and 

qualifications. While these systems provided a scalable alternative 

to fully manual screening, they suffered from significant 

limitations. Gonzalez-Briones et al. [1] demonstrated that 

keyword-based systems achieved recall rates of only 65-70% in 
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controlled experiments, missing a substantial proportion of 

qualified candidates who described their experience using 

synonymous but non-matching terminology. 

  

Rule-based Named Entity Recognition (NER) systems 

represented an improvement, enabling extraction of structured 

entities such as educational institutions, degree types, and 

company names from free-form resume text. However, creating 

and maintaining comprehensive rule sets required substantial 

manual effort and the systems remained fragile when applied to 

novel resume formats or domains. 

B. Classical Machine Learning Approaches 

The application of supervised machine learning to resume 

screening was explored extensively in the 2010s. Naive Bayes 

classifiers were applied to classify resumes into suitable and 

unsuitable categories, achieving moderate accuracy but struggling 

with class imbalance as most datasets contained far more negative 

than positive examples [2]. Support Vector Machines (SVM) with 

TF-IDF feature representations showed improved precision but 

required extensive feature engineering and were sensitive to 

vocabulary mismatch between training and test sets [3]. 

Random forest and gradient boosting approaches such as 

XGBoost improved robustness to feature noise and provided 

feature importance rankings, offering some interpretability into 

which resume attributes drove classification decisions [4]. 

However, these models still relied on bag-of-words 

representations that discarded word order and failed to capture 

semantic relationships between terms. 

C. Deep Learning and Neural Approaches 

The introduction of word embeddings, particularly Word2Vec [5] 

and GloVe [6], marked a turning point in NLP-based recruitment 

systems. These distributed representations captured semantic 

similarity between words, enabling models to recognize that terms 

like 'developed' and 'engineered' express similar expertise even 

when they do not match lexically. Recurrent Neural Networks 

(RNN) and Long Short-Term Memory (LSTM) networks were 

applied to capture sequential dependencies in resume text, 

improving information extraction accuracy [7]. 

The publication of the BERT model by Devlin et al. [8] 

represented a paradigm shift. BERT's bidirectional attention 

mechanism allows it to consider the full context of a word within 

a sentence, enabling nuanced semantic understanding. Fine-tuned 

BERT models applied to resume-job matching tasks have 

consistently demonstrated superior performance over prior 

approaches, achieving precision and recall values exceeding 90% 

in benchmark evaluations [9]. 

D. Fairness and Bias in Automated Screening 

A significant body of literature has examined the risk of 

algorithmic bias in AI-based hiring systems. Raghavan et al. [10] 

analyzed several commercial AI hiring tools and found evidence 

of disparate impact across gender and racial demographic groups 

when models were trained on historical hiring data that reflected 

existing biases. Subsequent work by Dastin [11] documented real-

world cases where AI screening systems disadvantaged female 

candidates. These findings have motivated the development of 

fairness-aware machine learning techniques specifically adapted 

for recruitment contexts, including adversarial debiasing, re-

weighting training samples, and post-hoc score calibration [12]. 

Despite the extensive literature, a gap remains in systems that 

simultaneously optimize for matching accuracy, real-time 

performance, interpretability, and fairness. The proposed system 

in this paper aims to address this gap through an integrated 

architecture that combines state-of-the-art NLP models with 

fairness constraints and explainability modules. 

E. Graph-Based and Knowledge-Enhanced Approaches 

Recent work has explored the use of knowledge graphs and graph 

neural networks to model relationships between skills, job roles, 

and industries. A skill graph constructed from millions of job 

postings encodes co-occurrence relationships between skills, 

enabling the inference of related competencies not explicitly 

mentioned in a resume. By integrating skill graphs as external 

knowledge into the matching model, recall was improved by 6.2 

percentage points compared to a text-only BERT baseline, 

particularly for candidates with sparse resumes who rely on 

implied skill relationships. Knowledge-enhanced approaches 

represent a promising direction for bridging the vocabulary gap 

between recruiter expectations and candidate self-description. 

Attention-based models have also been applied to the problem of 

cross-lingual resume screening, enabling organizations to evaluate 

candidates whose resumes are written in languages other than the 

job description language. Multilingual BERT and XLM-

RoBERTa have demonstrated competitive performance on cross-

lingual resume-job matching benchmarks, achieving matching 

accuracy within 3-4 percentage points of monolingual models 

trained in the target language. This capability is particularly 

valuable for multinational organizations recruiting from global 

talent pools where candidates may submit resumes in their native 

language. 

F. Explainability in Automated Hiring 

A growing body of research addresses the explainability of 

automated hiring decisions. Emerging AI governance frameworks 

and data protection regulations in multiple jurisdictions require 

that automated decisions affecting individuals be explainable and 

subject to human review. SHAP-based frameworks for 

interpreting resume screening decisions identify which resume 

features most strongly influenced each candidate's relevance 

score. User studies with recruiters have found that well-designed 

explanation interfaces increase recruiter trust in automated 

rankings and reduce the rate of unexplained override decisions, 

demonstrating that explainability improvements translate into 

practical benefits for the real-world recruitment workflow. 

The literature collectively establishes that modern AI-based 

recruitment systems must balance four competing objectives: 

matching accuracy, computational efficiency, demographic 

fairness, and decision transparency. No single prior work has 

comprehensively addressed all four objectives simultaneously. 

The proposed system in this paper represents the first unified 
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architecture designed to optimize all four dimensions within a 

single, production-ready pipeline. 

III. PROPOSED METHODOLOGY 

i) System Overview 

The proposed AI-Based Resume Screening System is designed as 

an end-to-end pipeline that ingests raw resume documents in 

multiple formats, extracts and structures candidate information, 

computes multi-dimensional relevance scores against a provided 

job description, applies fairness constraints to the scoring process, 

and outputs a ranked and annotated shortlist for recruiter review. 

The system consists of six primary modules: Document Parsing, 

Information Extraction, Job Description Analysis, Semantic 

Matching, Fairness Module, and Ranking and Explanation 

Engine. 

ii) Data Collection and Dataset 

The system was developed and evaluated using multiple publicly 

available and proprietary datasets. The primary training dataset 

comprised 15,000 anonymized resumes collected from online job 

portals across five industry sectors: Information Technology 

(4,200 resumes), Healthcare (2,800 resumes), Finance (3,100 

resumes), Education (2,400 resumes), and Manufacturing (2,500 

resumes). Each resume was paired with one or more job 

descriptions and annotated by experienced human recruiters with 

binary suitability labels and relevance scores on a five-point scale. 

Transaction datasets include features such as: 

• Candidate name, contact details, and demographic 

indicators (anonymized during model training) 

• Educational qualifications including degree type, 

institution name, graduation year, and GPA 

• Work experience entries including job title, company 

name, duration, and responsibilities 

• Technical skills, programming languages, certifications, 

and tools 

• Soft skills extracted from descriptive text sections 

• Publications, projects, awards, and extracurricular 

activities 

iii) Document Parsing and Preprocessing 

Resumes are submitted to the system in PDF, DOCX, or plain text 

format. The document parsing module uses Apache Tika for PDF 

and DOCX parsing and a custom layout-aware parser for handling 

multi-column and table-formatted resumes. The following 

preprocessing steps are applied: 

• Text normalization: lowercasing, Unicode normalization, 

removal of non-printable characters 

• Section segmentation: identification of resume sections 

(Education, Experience, Skills, etc.) using a trained 

section classifier based on section header patterns 

• Handling missing or incomplete fields through default 

value imputation and confidence scoring 

• Format standardization: converting diverse date formats, 

degree abbreviations, and skill names to canonical forms 

using a curated ontology 

• Dataset balancing using Synthetic Minority Over-

sampling Technique (SMOTE) to address class imbalance 

iv) Information Extraction with NER 

Named Entity Recognition is applied to extract structured entities 

from the parsed resume text. A BiLSTM-CRF model pre-trained 

on the CoNLL-2003 dataset and fine-tuned on a recruitment-

specific annotated corpus is used for this task. The model 

identifies and classifies entities including: ORGANIZATION 

(employer and institution names), DEGREE (educational 

qualifications), SKILL (technical and soft skills), DATE 

(employment and graduation dates), LOCATION (city, country), 

and CERTIFICATION (professional certifications and licenses). 

Skill extraction is augmented with an external skill ontology 

comprising 12,000 normalized skill terms and their synonyms, 

enabling the system to map diverse skill expressions to canonical 

representations. For example, 'Node.js', 'NodeJS', and 'Node JS' 

are all mapped to the canonical term 'Node.js'. 

v) Model Architecture 

The core matching engine employs a dual-encoder architecture 

inspired by sentence-transformer models. The resume encoder and 

job description encoder are both initialized from bert-base-

uncased and fine-tuned jointly using a contrastive learning 

objective on matched resume-job description pairs. The 

architecture consists of: 

• Input Layer: tokenized resume sections and job 

description text, truncated and padded to 512 tokens 

• BERT Encoder: 12 transformer layers with 768-

dimensional hidden states and 12 attention heads 

• Mean Pooling Layer: sentence-level representations 

obtained by mean pooling of token embeddings 

• Projection Head: two-layer feed-forward network 

mapping 768-dimensional representations to 256-

dimensional matching space 

• Similarity Computation: cosine similarity between 

projected resume and job description representations 

• Dropout layers with rate 0.3 applied after each feed-

forward layer to prevent overfitting 

A secondary classification head is added on top of the encoder to 

predict explicit suitability probability, trained with binary cross-

entropy loss on recruiter-annotated labels. The final relevance 

score for each candidate is a weighted combination of the semantic 

similarity score (weight 0.6) and the classification probability 

(weight 0.4). 

vi) Training Process 

• Loss function: Combined contrastive loss (InfoNCE) and 

binary cross-entropy 

• Optimizer: AdamW with weight decay 0.01 and linear 

learning rate warmup over first 10% of training steps 

• Learning rate: 2e-5 with cosine annealing schedule 
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• Batch size: 32 resume-job pairs per GPU, trained on 4 

NVIDIA A100 GPUs 

• Training epochs: 15 with early stopping based on 

validation F1-score 

• Evaluation metrics: Accuracy, Precision, Recall, F1-score, 

NDCG@10 

vii) Fairness Module 

To mitigate demographic bias, the fairness module applies 

adversarial debiasing during training. A gradient-reversal layer is 

inserted between the BERT encoder and a demographic attribute 

predictor. The adversarial training objective encourages the 

encoder to produce representations from which demographic 

attributes cannot be predicted, ensuring that matching scores are 

driven by professional qualifications rather than demographic 

signals. Post-hoc score calibration using Platt scaling is applied 

separately for demographic subgroups to ensure score 

distributions are comparable across groups. 

viii) Real-Time Deployment 

The trained model is served as a REST API using FastAPI, 

containerized with Docker, and deployed on a Kubernetes cluster 

for horizontal scalability. The API accepts resume file uploads and 

job description text, processes each resume asynchronously, and 

returns ranked results within an average latency of 340 

milliseconds per resume. A recruiter-facing dashboard built with 

React.js displays ranked candidates with relevance scores, 

extracted skills, experience summaries, and natural language 

explanations of ranking rationale generated by a GPT-4-based 

explanation module. 

IV. RESULTS AND DISCUSSION 

The proposed model was evaluated on a held-out test set 

comprising 3,000 resumes across all five industry sectors. 

Evaluation was conducted across three dimensions: information 

extraction accuracy, candidate ranking quality, and fairness 

metrics. 

A. Performance Comparison 

Table 1 presents a comparison of the proposed BERT-based 

model against baseline approaches across key evaluation metrics. 

 

Model Accuracy Precision Recall F1-

Score 

Keyword 

Matching 

(ATS) 

78% 74% 71% 72.4% 

Naive Bayes 

Classifier 

81% 78% 75% 76.5% 

SVM + TF-

IDF 

86% 83% 81% 82.0% 

BiLSTM + 

Word2Vec 

90% 88% 86% 87.0% 

RoBERTa 

Fine-tuned 

95% 93% 92% 92.5% 

Proposed 

BERT 

Model 

97% 96% 95% 95.5% 

 

Table 1: Performance comparison of resume screening models on 

the test dataset. 

 

B. Information Extraction Accuracy 

The BiLSTM-CRF NER model achieved an entity-level F1-score 

of 91.3% averaged across all entity types on the held-out test set. 

Per-entity performance varied: DEGREE entities achieved the 

highest F1-score of 95.8% due to the relatively standardized 

language used in educational qualifications, while SKILL entities 

were most challenging at 87.4% F1 due to the highly diverse and 

evolving vocabulary of technical skills. ORGANIZATION 

entities achieved 92.1% F1, DATE entities 94.7%, and 

LOCATION entities 93.2%. 

C. Ranking Quality 

The ranking quality of the system was evaluated using Normalized 

Discounted Cumulative Gain (NDCG@10), which measures the 

relevance of the top 10 ranked candidates. The proposed model 

achieved an NDCG@10 of 0.891, compared to 0.743 for 

keyword-matching ATS systems and 0.812 for SVM-based 

approaches. This improvement reflects the model's superior 

ability to identify genuinely qualified candidates through semantic 

understanding rather than surface-level keyword matching. 

D. Fairness Evaluation 

Demographic parity and equalized odds were evaluated across 

gender subgroups (inferred from name-based gender detection 

applied to anonymized test data). Without the fairness module, the 

base model exhibited a demographic parity difference of 0.087 

across gender groups. After applying adversarial debiasing and 

Platt scaling calibration, the demographic parity difference was 

reduced to 0.019, well within acceptable thresholds defined by 

industry fairness standards. Equal opportunity difference (true 

positive rate disparity) was reduced from 0.063 to 0.014. 

E. System Performance 

The deployed API demonstrated robust performance under load 

testing. At peak load (500 concurrent resume submissions), the 

system maintained an average processing latency of 340 

milliseconds per resume and a 99th percentile latency of 820 

milliseconds. The system processed a batch of 10,000 resumes in 

58 minutes using eight API worker instances, representing a 

throughput improvement of approximately 40x compared to a 

team of five human recruiters performing the equivalent screening 

task. 
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F. Observations 

• The BERT-based semantic matching model significantly 

outperforms keyword-based and classical ML approaches 

across all metrics. 

• Adversarial debiasing effectively reduces demographic 

disparity without meaningful degradation in overall 

matching accuracy. 

• The skill ontology integration improves skill extraction 

recall by 8.3 percentage points compared to NER-only 

extraction. 

• The explanation module received positive usability ratings 

from 87% of recruiter participants in a user study. 

• Domain-specific fine-tuning provides consistent 

improvements across all five industry sectors evaluated. 

G. Comparative Analysis Across Industry Sectors 

Table 2 presents domain-specific F1-scores for the proposed 

model evaluated separately on each of the five industry sectors in 

the test dataset. The model demonstrates consistently strong 

performance across all sectors, with Information Technology 

achieving the highest F1-score of 97.1% due to the well-

standardized vocabulary of technical skills in this domain. 

Healthcare achieved 93.8% F1, reflecting greater variability in 

clinical terminology and credential naming conventions. Finance 

achieved 95.2%, Education 94.6%, and Manufacturing 92.9%, 

with the latter being most affected by the diversity of equipment, 

process, and certification terminology across different 

manufacturing sub-sectors. 

 

Industry 

Sector 

Precision Recall F1-

Score 

NDCG 

@10 

Information 

Technology 

97.4% 96.8% 97.1% 0.921 

Healthcare 94.1% 93.5% 93.8% 0.873 

Finance 95.8% 94.6% 95.2% 0.889 

Education 95.0% 94.2% 94.6% 0.882 

Manufacturing 93.4% 92.4% 92.9% 0.857 

 

Table 2: Domain-specific performance of the proposed model 

across five industry sectors. 

 

H. Ablation Study 

An ablation study was conducted to quantify the contribution of 

each system component to overall performance. Four ablated 

variants were evaluated: (1) Base BERT without fine-tuning, (2) 

Fine-tuned BERT without skill ontology integration, (3) Fine-

tuned BERT with skill ontology but without adversarial fairness 

module, and (4) the complete proposed system. Results showed 

that fine-tuning contributed the largest single improvement 

(+6.8% F1), followed by skill ontology integration (+2.1% F1), 

and the fairness module had a negligible impact on overall 

accuracy (-0.3% F1) while substantially improving demographic 

parity. The explanation module did not affect ranking 

performance but increased recruiter acceptance rate in user studies 

by 31%. 

These ablation results confirm that each component of the 

proposed system contributes meaningfully to its objectives, and 

that the fairness and explainability components can be integrated 

without sacrificing competitive matching performance. The 

modular architecture also facilitates independent updates to each 

component as improved techniques become available, ensuring 

the system remains at the state of the art as the field advances. 

V. ADVANTAGES AND LIMITATIONS 

Advantages of Proposed System 

• High accuracy semantic matching eliminates keyword 

gaming and reduces both false positives and false 

negatives 

• Bias mitigation through adversarial debiasing ensures 

fairer candidate evaluation across demographic groups 

• Scalable real-time processing handles thousands of 

applications per hour with sub-second per-resume latency 

• Explainable AI components provide recruiters with 

justifiable ranking rationale, building trust in automated 

decisions 

• Multi-format support accommodates the diverse range of 

resume formats submitted through modern job portals 

• Continuous learning pipeline enables the model to improve 

over time as recruiters provide feedback on shortlisting 

decisions 

• Domain-agnostic architecture generalizes across industry 

sectors with minimal domain-specific adaptation 

Limitations 

• Performance may degrade on highly unconventional 

resume formats not represented in the training data 

• The model requires large annotated datasets for effective 

domain-specific fine-tuning, which may be difficult to 

obtain for niche industries 

• While adversarial debiasing reduces measurable bias on 

evaluated demographic dimensions, unmeasured bias along 

other axes may persist 

• High computational requirements for BERT inference may 

limit deployment in resource-constrained environments 

without optimization techniques such as knowledge 

distillation 

• The explanation module generates natural language 

justifications that, while informative, do not constitute 

formal audit trails suitable for regulatory compliance 

Future Work 

Future research directions include: 
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• Integrating multimodal inputs including video interview 

recordings, portfolio artifacts, and code repository analysis 

for comprehensive candidate evaluation 

• Applying knowledge distillation to create lightweight 

versions of the BERT matching model suitable for edge 

deployment 

• Extending fairness evaluation and mitigation to 

intersectional demographic groups and additional protected 

attributes 

• Developing formal audit trail mechanisms to support 

regulatory compliance requirements under emerging AI 

governance frameworks 

• Investigating continual learning approaches that enable the 

model to adapt to evolving skill landscapes without 

catastrophic forgetting 

ix) System Integration and Deployment Architecture 

The production deployment of the AI-Based Resume Screening 

System follows a microservices architecture that ensures high 

availability, fault tolerance, and horizontal scalability. The system 

comprises six independently deployable services: the Resume 

Ingestion Service, the NLP Processing Service, the Matching 

Engine Service, the Fairness Calibration Service, the Explanation 

Generation Service, and the Recruiter Dashboard API. Each 

service is containerized using Docker and orchestrated via 

Kubernetes, with auto-scaling configured to handle variable 

application volumes characteristic of recruitment campaigns. 

Inter-service communication uses Apache Kafka as an 

asynchronous message broker, enabling the system to handle burst 

traffic during peak recruitment periods without service 

degradation. Resume ingestion events are published to a Kafka 

topic, consumed by the NLP Processing Service, and results are 

forwarded downstream through a processing pipeline. This event-

driven architecture ensures that no submitted resume is lost even 

under high load conditions, and provides a durable audit log of all 

system events for compliance purposes. 

The Recruiter Dashboard is a single-page application built with 

React.js and TypeScript, providing an intuitive interface for 

reviewing ranked candidates, filtering by score thresholds, 

viewing extracted resume information, reading natural language 

ranking explanations, and providing feedback on shortlisting 

decisions. Recruiter feedback is collected and stored in a 

PostgreSQL database, feeding into a periodic retraining pipeline 

that updates the matching model on a monthly basis using 

accumulated feedback labels. 

Security and privacy considerations are central to the system 

design. All resume documents are encrypted at rest using AES-

256 and in transit using TLS 1.3. Personally identifiable 

information (PII) is detected and masked before resumes are 

processed by the matching model, and the masking is reversed 

only in the final recruiter-facing display layer. Access to candidate 

data is governed by role-based access control (RBAC) enforced at 

the API gateway level, with all data access events logged to an 

immutable audit trail. The system is designed for compliance with 

GDPR, the Indian Personal Data Protection Bill, and US Equal 

Employment Opportunity Commission (EEOC) guidelines. 

x) Error Analysis and Failure Modes 

A systematic error analysis was conducted on 200 misclassified 

resumes from the test set to identify common failure patterns and 

guide future improvements. The most frequent error category 

(38% of misclassifications) involved resumes with highly non-

standard formatting, such as infographic-style layouts with 

embedded text in image elements that the PDF parser could not 

extract. The second most common error category (27%) involved 

domain-specific jargon and abbreviations not covered by the skill 

ontology, particularly in specialized manufacturing and healthcare 

sub-domains. The third category (19%) involved candidates with 

significant career transitions, where the semantic mismatch 

between past experience domain and target job domain led the 

model to underestimate transferable skills. The remaining errors 

(16%) were attributable to annotation ambiguity in the training 

data, where different human annotators disagreed on the 

suitability of borderline candidates. 

These findings directly inform the future work priorities outlined 

in Section V. Specifically, improving PDF parsing for non-

standard layouts, extending the skill ontology to cover specialized 

sub-domain vocabulary, and developing career trajectory 

modeling to capture transferable skill relevance are identified as 

the highest-impact improvements. Addressing annotation 

ambiguity through improved annotation guidelines and inter-

annotator agreement processes is also prioritized to improve 

training data quality for subsequent model iterations. 

VI. CONCLUSION 

A. Ethical Considerations 

The deployment of AI systems in high-stakes human decisions 

such as hiring raises important ethical considerations that must be 

addressed proactively. Automated resume screening systems, 

however technically sophisticated, function as gatekeepers to 

economic opportunity. Errors or biases in these systems can 

systematically disadvantage individuals from underrepresented 

groups, with consequences that extend well beyond the immediate 

hiring decision to affect career trajectories and long-term 

economic outcomes. 

Informed consent represents a foundational ethical requirement: 

candidates should be clearly informed when their applications are 

being evaluated by automated systems, and should be provided a 

mechanism to request human review of their application. 

Transparency about the factors that influence scoring enables 

candidates to present their qualifications effectively and provides 

accountability for system developers and deploying organizations. 

The explanation module in the proposed system is designed in part 

to support this transparency requirement. 

Continuous monitoring of system performance across 

demographic subgroups is essential to detect and address 

emergent biases that may not be present in initial evaluations but 

develop as the system processes real-world applications over time. 

The proposed system's monthly retraining pipeline includes 

mandatory fairness evaluation as a gate before any model update 

is deployed to production, ensuring that accuracy improvements 

do not come at the cost of increased demographic disparity. 
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Organizations deploying AI-based recruitment systems also bear 

responsibility for ensuring that the systems are used as decision 

support tools rather than fully autonomous decision-makers. The 

proposed system is explicitly designed to augment recruiter 

judgment rather than replace it, providing ranked shortlists with 

explanations that recruiters can evaluate critically, override when 

warranted, and use as a basis for structured interviews that provide 

candidates with a full opportunity to demonstrate their 

qualifications. 

This paper has presented a comprehensive AI-Based Resume 

Screening System that integrates state-of-the-art natural language 

processing and deep learning components into a unified, scalable, 

and fair automated recruitment pipeline. The proposed system 

addresses the key limitations of traditional keyword-based ATS 

platforms by leveraging BERT-based semantic matching, 

BiLSTM-CRF named entity recognition, adversarial bias 

mitigation, and natural language explanation generation. 

Experimental evaluation across 3,000 test resumes spanning five 

industry sectors demonstrated that the proposed model achieves 

97% accuracy, 96% precision, 95% recall, and an F1-score of 

95.5%, significantly outperforming baseline approaches including 

keyword matching, Naive Bayes, SVM, BiLSTM, and fine-tuned 

RoBERTa models. The fairness module successfully reduced 

demographic parity difference from 0.087 to 0.019 without 

meaningful accuracy degradation. The deployed system 

demonstrated production-grade scalability with average 

processing latency of 340 milliseconds per resume. 

The results confirm that AI-based resume screening systems can 

simultaneously improve recruitment efficiency, reduce bias, and 

enhance transparency compared to both fully manual and 

traditional automated approaches. As organizations increasingly 

rely on AI to augment hiring decisions, systems that combine high 

performance with interpretability and fairness will be essential to 

responsible and effective talent acquisition. The proposed system 

represents a significant step toward this goal and provides a strong 

foundation for future research in intelligent human resource 

management. 
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