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[bookmark: _Toc197076735]1. Introduction
In today’s competitive employment landscape, organizations receive thousands of resumes for a single job opening. Human resource (HR) professionals often face a major challenge in screening these resumes effectively and efficiently. Manual screening is time-consuming, inconsistent, and prone to unconscious bias. To address this issue, many companies are turning to Artificial Intelligence (AI) and Natural Language Processing (NLP) to automate resume screening and improve the overall candidate-job matching process.
The goal of this research is to develop a data-driven, automated resume screening system using advanced NLP techniques. This system aims to accurately extract candidate information and match it with job requirements, ultimately improving hiring outcomes. The study focuses on measurable outcomes such as accuracy, precision, and F1-score to evaluate the system's effectiveness.
[bookmark: _Toc197076736]1.1 Problem Background
Automated resume screening tools, often known as Applicant Tracking Systems (ATS), are widely used to streamline hiring. However, most current ATS models use keyword-matching algorithms that may overlook suitable candidates whose resumes are not keyword-optimized [1]. Moreover, many systems are unable to interpret contextual nuances, such as transferable skills or job-role flexibility. These limitations result in poor candidate-job matches, lost opportunities for both employers and applicants, and increased recruitment costs.
In recent years, researchers have experimented with machine learning (ML) models like Support Vector Machines (SVM), Naïve Bayes, and Decision Trees for resume classification tasks [2], [3]. NLP libraries such as SpaCy, NLTK, and BERT have also been used to extract and process unstructured resume data [4]. However, many existing systems fail to integrate advanced NLP techniques with robust machine learning pipelines for real-time, accurate screening.
Furthermore, traditional models do not adequately address feature selection, model evaluation, or data preprocessing—factors that are essential for the development of a reliable resume screening system [5]. There is a clear need for a hybrid approach that combines deep NLP processing, structured ML evaluation, and exploratory data analysis to enhance candidate-job matching accuracy.
[bookmark: _Toc197076737]1.2 Research Gap
Although prior research has explored individual components of automated screening (such as NLP-based parsing or ML-based classification), only a limited number of studies have proposed an end-to-end system that performs preprocessing, feature extraction, classification, ranking, and real-time evaluation [6]. Most academic works also lack industry-level integration components such as Web API interfaces or security protocols like encryption [7].
Moreover, very few studies focus on conducting Exploratory Data Analysis (EDA) on resume datasets before feature engineering. EDA can reveal insights into skill distributions, candidate trends, and patterns that directly influence the quality of system design and feature selection [8].
This research proposes a complete system that performs EDA, applies NLP for feature extraction, and uses machine learning classifiers for automated resume screening. It also aims to evaluate the system using quantitative metrics like accuracy and F1-score, which are often missing or underexplored in earlier work [9].
[bookmark: _Toc197076738]1.3 Research Aim
The aim of this research is:
To improve the effectiveness of resume screening and job matching in HR Recruiting process by leveraging NLP to automatically extract and analyze candidate information.
[bookmark: _Toc197076739]1.4 Research Objectives
To achieve the research aim, the study is guided by the following SMART objectives:
1. To perform Exploratory Data Analysis (EDA) on the resume dataset to uncover underlying trends, distributions, and insights that will inform system design and feature selection.
2. To identify key features and patterns in resumes that significantly impact candidate-job matching accuracy.
3. To design and develop an automated resume screening system using advanced NLP techniques to extract critical candidate information and match it to job descriptions.
4. To evaluate the performance of the developed system using quantitative metrics such as accuracy, precision, and F1-score.
[bookmark: _Toc197076740]1.5 Research Scope
The scope of this research is limited to technical and professional resume data that are available in English. The study will not focus on cover letters, video resumes, or social media profiles. The emphasis is on analyzing resume content (e.g., work experience, education, skills) and matching it with job descriptions in technology and data science roles.
The project includes the development of a backend model using Python (with libraries such as Scikit-learn, SpaCy, and Pandas), and a basic API framework for integration into HR workflows. Performance will be evaluated using benchmark classification metrics over a labeled dataset sourced from public platforms.
[bookmark: _Toc197076741]1.6 Significance of the Study
This research is significant for both academic and industry communities. From an academic perspective, it contributes to the literature by presenting a structured, measurable, and reproducible approach to resume screening using DSR (Design Science Research) methodology [10]. From an industry standpoint, it offers HR professionals a scalable and accurate solution to reduce hiring time, improve match quality, and enhance fairness in candidate evaluation.
Additionally, the proposed system could pave the way for more ethical and unbiased recruitment. By designing a transparent and testable NLP+ML model, this research promotes data-driven hiring practices, helping HR teams shift from manual judgment to evidence-based decision-making [11].
[bookmark: _Toc197076742]1.7 Methodology Summary
This study adopts the Design Science Research (DSR) methodology to guide the design, development, and evaluation of the automated screening system. DSR is a practical, iterative approach ideal for technology-driven research where the main output is an “artifact” (in this case, the NLP-ML screening model). This framework allows researchers to move from problem identification to prototype development and system validation in a structured manner [12].
The six stages of the DSR approach—Problem Identification, Objectives of the Solution, Design and Development, Demonstration, Evaluation, and Communication—will be used to plan and justify the research process. The use of DSR over traditional models (such as Saunders' Research Onion) is based on its superior fit for applied AI research in computing disciplines [13].
[bookmark: _Toc197076743]2. Literature Review
A literature review is essential for understanding what has already been researched in a given area and for identifying the gaps that new research can address. According to the ACFA7004 lecture guidance, a high-quality literature review must be systematic, critical, and thematically organized [1]. This section presents a structured review of existing work on automated resume screening, organized into four key themes:
(1) Traditional ATS Limitations
(2) NLP Techniques in Resume Analysis
(3) Machine Learning Classifiers for Resume Ranking
(4) Integrated NLP+ML Architectures. 
The review ends with a critical assessment and identification of gaps that justify this research.
[bookmark: _Toc197076744]2.1 Traditional Applicant Tracking Systems and Their Limitations
Traditional resume screening is often powered by keyword-based matching within commercial ATS platforms. These systems typically parse resumes and match them to job descriptions based on exact word overlaps, but they fail to understand semantic meaning, context, or candidate potential [2]. As noted by Nisha et al. [3], ATS tools frequently reject qualified candidates who do not conform to rigid formatting or exact keyword usage.
Moreover, these systems are limited in flexibility, rarely offer intelligent ranking, and often introduce biases due to over-reliance on rule-based filters [4]. Existing research highlights how such systems lack the ability to extract insights from unstructured resume formats or to align applicant skills with complex job descriptions effectively [5].
[bookmark: _Toc197076745]2.2 Natural Language Processing (NLP) Techniques in Resume Analysis
Recent advances in NLP have improved the ability to extract structured information from free-text resumes. Basic NLP tools such as tokenization, part-of-speech tagging, and named entity recognition (NER) have been widely applied [6]. More sophisticated methods use TF-IDF (Term Frequency–Inverse Document Frequency) and word embeddings to extract features relevant for candidate profiling [7].
Deshmukh and Raut [8] demonstrated how BERT-based models could capture deeper contextual meaning and semantic similarity between resume content and job descriptions. Their work significantly outperformed traditional TF-IDF approaches in matching accuracy. Similarly, Singhla et al. [9] proposed the inclusion of AES-256 encrypted NLP systems for secure, large-scale resume parsing.
Wosiak [10] also explored NLP-based information extraction in non-English contexts, such as Polish resumes, showing that multilingual NLP remains a challenge for ATS design. These studies confirm that while basic NLP tools are useful, advanced semantic models offer superior performance in capturing skill relevance and intent.
[bookmark: _Toc197076746]2.3 Machine Learning Classifiers for Resume Matching and Ranking
A number of studies have proposed the use of ML classifiers such as Support Vector Machines (SVM), Naïve Bayes (NB), and k-Nearest Neighbours (KNN) for resume classification tasks. Roy et al. [11] compared SVM and KNN classifiers for ranking resumes, showing that accuracy improved significantly when combined with well-engineered features.
Vishaline et al. [12] evaluated multiple classifiers (NB, Random Forest, XGBoost) and noted that each model has trade-offs in terms of precision and computational time. Their study also highlighted the usefulness of One-vs-Rest strategies in multiclass candidate-role mapping.
Jayadharshini et al. [13] implemented a Bi-LSTM model with attention layers to capture long-term dependencies in candidate profiles. Their model achieved 98% classification accuracy and demonstrated the potential of deep learning approaches over traditional classifiers. However, the requirement of large labeled datasets remains a limitation for deep learning models.
[bookmark: _Toc197076747]2.4 Integrated NLP + ML Architectures
Few works have combined NLP and ML techniques in an end-to-end automated screening system. Pabalkar et al. [14] proposed a pipeline integrating preprocessing (lemmatization, stop-word removal), feature extraction (TF-IDF), and classification using nine ML algorithms. Their system also included a GUI for HR personnel, making it highly applicable for industry.
Gawhankar et al. [15] demonstrated a CNN-based classification model built on top of an NLP pipeline with exploratory data analysis tools like word clouds and skill frequency charts. The addition of such visual analytics components makes their system usable for both technical and non-technical stakeholders.
Another notable contribution by Nisha et al. [3] was the development of a recruiter dashboard that ranks and visualizes candidates based on relevance, matching score, and domain fit. This integrated solution serves as a prototype for web-based screening systems and supports real-time deployment.
[bookmark: _Toc197076748]2.5 Critical Review and Identified Gaps
Despite significant research in this area, several gaps persist. First, most systems focus on classification alone and ignore Exploratory Data Analysis (EDA), which is critical for understanding skill trends and influencing feature selection [15]. Second, there is limited work on integrating real-time Web APIs and backend model deployment, an area that can significantly improve the utility of resume screening systems in professional settings.
Third, there is often a lack of quantitative evaluation using metrics such as F1-score, precision, and recall. Many systems report only accuracy, which does not provide a full picture, especially in imbalanced datasets [16]. Finally, the use of Design Science Research (DSR) methodology has been minimal. As emphasized in your Lecture 8 slides, DSR provides a robust framework for creating and evaluating computational artifacts like the one proposed in this study [17].
[bookmark: _Toc197076749]2.6 Thematic Literature Review Process
This literature review followed a systematic literature review (SLR) approach, aligned with guidance from Lecture 6. Keywords such as “resume screening,” “NLP in HR,” “automated job matching,” and “machine learning classifiers” were searched across IEEE Xplore, Scopus, and ACM databases. Filters were applied for publication years (2020–2025), English language, and full-text availability.
Following the PRISMA framework [18], articles were shortlisted based on inclusion criteria (e.g., relevance to NLP, ML, and ATS systems) and exclusion criteria (e.g., review-only articles, language mismatches). Each article was read, analyzed, and categorized thematically using the structure outlined in Lecture 5: traditional ATS flaws, NLP methods, ML classifiers, and full system integration.
[bookmark: _Toc197076750]3. Research Design and Methodology
The purpose of this section is to outline the research design, methodology, and tools used to develop and evaluate the proposed automated resume screening system. Based on the nature of the project—a combination of system development, performance evaluation, and artifact communication—the study adopts the Design Science Research (DSR) methodology. DSR is suitable for information systems research where the goal is to create and evaluate functional artifacts that solve identified problems [19].
This section begins by explaining the rationale for selecting DSR over traditional research models. It then details the six stages of the DSR process, supported by literature and classroom guidance, and connects each stage directly to the project's objectives.
[bookmark: _Toc197076751]3.1 Rationale for Using DSR over Saunders’ Onion
In the first assignment, the Saunders Research Onion model was used to define research philosophy, approach, and strategy. While effective for generic research planning, it falls short when applied to practical system development, especially in AI or data science contexts [20]. The Onion model is structured around data collection methods like surveys, interviews, and observations, which are more applicable to social or qualitative research.
In contrast, Design Science Research focuses on the creation and evaluation of artifacts, which aligns perfectly with this project’s goals—to design, build, and test an NLP-based resume screening model. As per Peffers et al. [21] and emphasized in Lecture 8, DSR allows iterative development, testing, and communication of design logic and technical performance.

[bookmark: _Toc197076752]3.2 Overview of the DSR Framework
This research follows the six-phase Design Science Research methodology, as outlined by Ellis and Levy [22], and taught in Week 8 lectures [23]:
1. Problem Identification
2. Define Objectives of the Solution
3. Design and Development of the Artifact
4. Demonstration
5. Evaluation
6. Communication of Results
[bookmark: _Toc197076753]3.3 Phase 1: Problem Identification
The problem identified is the ineffectiveness of traditional ATS systems in accurately and fairly screening candidate resumes for job roles. These systems rely heavily on keyword matching, are prone to formatting biases, and often fail to contextualize skills or career progressions [3], [4]. Employers and candidates alike suffer from mismatches, increased hiring cycles, and missed opportunities.
A detailed review of past systems and industry tools revealed that most existing models either focused on classification or ranking, but rarely both [12], [13]. Additionally, they lack explainability, have weak feature selection, and do not employ Exploratory Data Analysis (EDA) to uncover useful patterns in resume datasets [15].
[bookmark: _Toc197076754]3.4 Phase 2: Define Objectives of the Solution
Based on the problem, the following research objectives were established (see Section 1.4):
· Perform EDA on resume data
· Identify key features for matching accuracy
· Design an automated screening system using NLP
· Evaluate the model using accuracy, precision, and F1-score
These objectives are SMART (Specific, Measurable, Achievable, Realistic, Time-bound) and are framed using Bloom’s higher-order verbs as recommended in Lecture 4 [24].





[bookmark: _Toc197076755]3.5 Phase 3: Design and Development of the Artifact
The core artifact is a Python-based resume screening system integrating Natural Language Processing (NLP) and Machine Learning (ML). The system is designed as a modular pipeline comprising:
· Preprocessing (tokenization, stop-word removal, lemmatization using SpaCy)
· Feature extraction (TF-IDF, Word2Vec, BERT embeddings)
· Classification using models such as Support Vector Machine (SVM), Naïve Bayes, and Random Forest
· Ranking based on similarity scores using cosine similarity
· Resume-job matching interface, optionally exposed via Flask API
Training data is sourced from public resume and job description datasets. The architecture reflects best practices from similar projects [12], [14], [16].
This phase also involves dataset cleaning, label encoding, and balance checking essential steps to reduce bias and ensure meaningful evaluation [25].
3.5.1 [bookmark: _Toc197076756]Note on NLP and ML Integration (Clarification)
It is important to clarify the distinction and relationship between Natural Language Processing (NLP) and Machine Learning (ML), as they are often used together but are not the same. NLP refers to a branch of Artificial Intelligence (AI) that deals with the interaction between computers and human language. It involves tasks such as tokenization, stemming, lemmatization, named entity recognition (NER), and syntactic parsing all aimed at understanding and preparing text data.
Machine Learning, on the other hand, refers to a broader class of algorithms that learn from data to make predictions or decisions. While many NLP tasks today are solved using ML techniques (e.g., text classification, sentiment analysis, translation), NLP and ML remain distinct in their functions and roles.
In this project, NLP is used for preprocessing resumes and extracting features (such as word vectors, term frequencies, and contextual embeddings), while ML is applied to learn from these features and classify or rank candidates. This integration is essential because NLP converts unstructured resume text into structured data that ML algorithms can interpret. Without NLP, ML models cannot process free-form human language effectively. Conversely, without ML, NLP-based systems remain rule-driven and less adaptive to learning from data patterns.
Therefore, integrating NLP with ML is both necessary and justified for building an effective resume screening system [8], [11], [21].

[bookmark: _Toc197076757]3.6 Phase 4: Demonstration
The artifact will be demonstrated in two parts:
1. Training Phase – where the model is trained on a cleaned resume dataset, features are extracted, and classification accuracy is monitored.
2. Testing Phase – where unseen resumes and job descriptions are used to test the matching logic, ranking, and final output.
To demonstrate usability, a simple dashboard or command-line interface will show ranked candidates, matched job roles, and matching scores. This reflects the recruiter-side dashboards used in studies by Nisha et al. [3] and Pabalkar et al. [14].
[bookmark: _Toc197076758]3.7 Phase 5: Evaluation
Evaluation is a critical component of DSR. This research uses quantitative performance metrics to assess the model’s effectiveness:
· Accuracy – Correct classifications vs total samples
· Precision – Relevance of selected candidates
· F1-Score – Harmonic mean of precision and recall
· Confusion Matrix – For multi-class evaluation

Evaluation will also include:
· Comparative testing of different classifiers
· Runtime performance (how fast the model processes resumes)
· Cross-validation for robustness
This follows best practices recommended in Lecture 9 [26] and is supported by prior empirical studies in resume screening [11], [12], [15].
[bookmark: _Toc197076759]3.8 Phase 6: Communication of Results
The final stage of the DSR process is to document and communicate the artifact and its findings. The structure of this report follows UWTSD academic guidelines and will be shared as a case study demonstrating real-world applicability.
In future work, the system could be published as an open-source tool or converted into a deployable Web API for startups and HR consultancies. Performance logs, error metrics, and evaluation charts will also be included in the appendix for transparency.
As Lecture 8 emphasizes, a complete DSR study not only builds but also validates and communicates the utility and novelty of the developed artifact [23].
[bookmark: _Toc197076760]4. Expected Outcomes
This research aims to develop a functional, automated resume screening system that integrates Natural Language Processing (NLP) and Machine Learning (ML) to improve candidate-job matching accuracy. The outcomes are expected to be both technical and practical, directly contributing to improvements in HR processes.
The first expected outcome is a working NLP+ML screening model that can automatically extract structured information from resumes—such as skills, experience, and education—and match it against job descriptions with a high degree of precision. This artifact, built using Python and libraries like SpaCy, Scikit-learn, and possibly BERT, will demonstrate how computational models can enhance traditional ATS systems by providing semantic and contextual screening rather than mere keyword filtering [8], [12].
The second outcome is a quantitative performance evaluation of the developed model. Using metrics such as accuracy, precision, recall, and F1-score, the model’s performance will be tested on publicly available or synthetic resume datasets. It is expected to outperform traditional keyword-based systems, achieving at least 10–20% improvement in precision and F1-score, as seen in similar studies [14], [16], [25].
Third, this research will produce a ranking interface (CLI or API-based), enabling recruiters to view candidate-job matches along with relevance scores. Such a user-facing element increases the usability and real-world applicability of the proposed solution [3], [14].
Finally, the project will contribute to academic literature by demonstrating how Design Science Research (DSR) can be applied to AI-based resume screening in a structured and measurable way [19], [21], [23]. It may also serve as a prototype for future deployment in startups or HR SaaS tools, opening possibilities for further iterations or industrial collaborations.
4.1 Implications
· The project demonstrates how NLP and ML can be applied to real-world HR problems, promoting automation and efficiency in talent acquisition.
· Results from this study can guide further research into fairer, unbiased, and data-driven recruitment systems.
· The developed model, once optimized, may serve as a prototype for startups or job portals to automate resume shortlisting.
· Academically, the study contributes to Design Science Research applications in AI, offering a structured framework for future research.
4.2 Limitations
· The model is trained only on English-language resumes; it may not perform well on multilingual datasets.
· The dataset used is publicly available and may not reflect real organizational diversity or sensitive roles.
· The project does not include recruiter/user feedback integration or active learning modules.
· The system’s performance is based on selected metrics (accuracy, precision, F1), and does not evaluate long-term hiring success.










[bookmark: _Toc197076761]5. Timeline
The research project will span approximately six months, from February to August 2025, and is structured around the six phases of the Design Science Research (DSR) methodology. The timeline ensures logical progression from research framing and data collection to system development, testing, and final documentation. Tasks are sequenced to prevent overlap and allow for focused effort in each phase.
The table below outlines the approximate dates to accomplish each detailed step:
	Tasks
	Start Date
	End Date
	Days

	Finalize research aim, objectives & DSR framework
	15-Feb-25
	28-Feb-25
	13

	Literature review
	15-Feb-25
	20-Aug-25
	186

	Dataset collection
	10-Jun-25
	17-Jun-25
	7

	Exploratory Data Analysis (EDA)
	18-Jun-25
	25-Jun-25
	7

	NLP preprocessing
	26-Jun-25
	03-Jul-25
	7

	Feature extraction
	04-Jul-25
	10-Jul-25
	6

	ML model design
	11-Jul-25
	17-Jul-25
	6

	System integration
	18-Jul-25
	24-Jul-25
	6

	Model training & performance testing
	25-Jul-25
	30-Jul-25
	5

	Evaluation
	31-Jul-25
	04-Aug-25
	4

	Build ranking interface
	05-Aug-25
	08-Aug-25
	3

	Final model tuning and validation
	09-Aug-25
	12-Aug-25
	3

	Report writing
	13-Aug-25
	18-Aug-25
	5

	Final formatting, referencing, submission
	19-Aug-25
	20-Aug-25
	1


Table 5.1 
This timeline reflects a realistic and balanced workload, with buffer days built into critical stages such as final testing and writing. Literature review runs in parallel to technical development, allowing continuous integration of theoretical insights. The project concludes with formatting and submission by 20 August 2025, ensuring full compliance with university deadlines.



Fig. 5.1  Gantt Chart 
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