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Abstract: This paper proposes and experimentally validates a production-ready hybrid framework for automated
resume—job matching using explainable Natural Language Processing (NLP) techniques. The system processes
heterogeneous resume formats and job descriptions to compute an interpretable Applicant Tracking System (ATS) score
by integrating deterministic skill matching, semantic similarity using sentence embeddings, and lexical keyword overlap.

We construct a modular pipeline that transforms unstructured resume text into structured representations, enabling robust
comparison against job requirements. The system employs a hybrid scoring mechanism combining three signals: skill
coverage, embedding-based semantic similarity, and token-level keyword matching. Additionally, the framework
includes OCR-based ingestion for scanned resumes, explainable score decomposition, missing-skill diagnostics, and
optional Large Language Model (LLM)-assisted feedback generation.

Experimental evaluation is conducted on a curated dataset of resumes and job descriptions with human -labeled relevance
scores. The proposed system achieves strong alignment with human judgment, demonstrating improved ranking
consistency over baseline keyword-only approaches. The system maintains low latency suitable for real-time
deployment and includes robust fallback mechanisms for production reliability.

This work demonstrates that a hybrid deterministic-semantic approach can significantly improve transparency,
usability, and effectiveness in automated recruitment systems while remaining scalable and deployable in real-world
environments.

Keywords: Applicant Tracking System, Resume Screening, NLP, Semantic Similarity, Explainable Al, Recruitment
Analytics, FastAPI

I INTRODUCTION
1. Background

With the rapid growth of digital hiring platforms, organizations increasingly rely on automated systems to filter large
volumes of job applications. Traditional Applicant Tracking Systems (ATS) primarily use keyword -based filtering,
which often fails to capture semantic equivalence and contextual relevance.

2. Key Definitions

ATS (Applicant Tracking System): Software used to automate resume screening.
Semantic Similarity: Measuring contextual similarity between texts using embeddings.
Explainable Al: Models that provide interpretable outputs and reasoning.

Hybrid Scoring: Combining deterministic and learned features.
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3. Research Gap

Lack of explainability in semantic models

Poor handling of paraphrased skills

Limited feedback for candidates

Weak robustness to noisy resume formats (PDF/OCR)
Over-reliance on either rules or black-box models

4. Objective

Develop a hybrid ATS system that:

Accurately matches resumes with job descriptions
Provides explainable score breakdown

Identifies missing skills

Works in real-time deployment scenarios

Maintains robustness without dependency on external APIs

5. Scope (Limitations)

English-only text processing

Limited skill ontology

Evaluation on simulated datasets

No direct integration with enterprise HR systems

1. MATERIALS AND METHODS

The development and evaluation of the proposed ATS Resume NLP Analyzer required a combination of structured
datasets, software tools, and computational resources. The primary material used in this study was a curated collection
of resumes and job descriptions obtained from publicly available sources and manually constructed samples. The
dataset includes resumes from students and professionals across domains such as software development, data science,
and cloud computing. Corresponding job descriptions were collected to represent varying skill requirements and
experience levels. All documents were anonymized to ensure privacy and ethical compliance.

The resumes were available in multiple formats, including PDF and plain text files. To ensure robustness in real-world
scenarios, the system was designed to handle both text-based and scanned PDF documents. For scanned or image-based
resumes, Optical Character Recognition (OCR) techniques were employed to extract textual content. This allowed the
system to maintain consistent performance even when processing non-editable or poorly formatted documents.

The software environment for the implementation was based on Python, utilizing widely adopted libraries such as
NumPy and pandas for data processing, and scikit-learn for similarity computation and evaluation metrics. Semantic
similarity between resumes and job descriptions was computed using pre-trained sentence embedding models, enabling
the system to capture contextual meaning beyond simple keyword matching. The backend of the system was developed
using FastAPI, which supports efficient API-based communication, while the frontend interface was implemented using
React to provide an interactive user experience.

To support reproducibility and reliability, all experiments were conducted in a controlled computational environment
with fixed random seeds. The system was tested on a standard computing setup with moderate processing capability,
demonstrating that the proposed approach does not require high-end hardware.
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1. Dataset

[ ]
e Job descriptions from software roles
[ ]
[ ]

Formats: PDF, TXT
2. Processing Pipeline
Step-by-step:

Resume Upload

Text Extraction (PDF / OCR if needed)
Text Cleaning (lowercase, remove noise)
Skill Extraction

Similarity Calculation

Score Generation

Output (score + suggestions)

3.Feature Engineering
A. SKkill Matching

e Extract skills from resume and job description
e Compare both lists

Example:

Resume Skills = {Python, SQL}

Job Skills = {Python, SQL, Docker} Match = 2/3
B. Semantic Similarity

e Convert text into vectors (embeddings)
e Compare meaning similarity

Example:
“Machine learning project” = “Al model development”

C. Keyword Overlap
e Compare common words

Example:

Resume: {python, data, analysis} Job: {python, data, visualization}

Overlap = 2/34.Scoring Formula

Instead of complex math, use this:

Skill Score = matched_skills / total_job_skills

Collection of resumes (students + professionals)

Manual labeling (good match / average / poor match)

Semantic Score = similarity between resume and job (0 to 1) Keyword Score = common_words / total_job_words

Final ATS Score =
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100 x (0.5 x Skill Score
+ 0.3 x Semantic Score
+ 0.2 x Keyword Score)

5.System Architecture

DOI: 10.17148/IJARCCE.2026.154221

A.Backend (FastAPI)
e Handles processing
e Runs models
e Returns results

[ ]
B. Frontend (React)

e Upload resume
e  Show results

C. Modules:

parser.py — extract text
skill_extractor.py — find skills
embeddings.py — semantic similarity
scorer.py — final score

. ARCHITECTURE DIAGRAM

1. USER INTERFACE
(FRONTEND)

React Web Application

+ Upload Resume

+ Paste Job Description

« View Analysis Results

+ Chat with Assistant

+ Get Roadmap & Suggestions
+ Browse Jobs & Market News

2. INPUT SOURCES

[ ] image/scan

«>

Architecture of the ATS Resume NLP Analyzer

A Hybrid, Explainable and Practical Framework for Resume-Job Matching and Candidate Assistance
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v. RESULTS AND DISCUSSION

The proposed hybrid ATS Resume NLP Analyzer was evaluated on a curated dataset of resumes and job descriptions
representing software and technical roles. The system performance was compared against baseline approaches including
keyword-only matching and skill-only matching.

1. Overall Performance Comparison

Model Precision Recall F1 Score Observations
Keyword-Based Model 0.72 0.68 0.70 Misses semantic matches
Skill-Based Model 0.78 0.74 0.76 Good but rigid
Hybrid Model (Proposed) 0.88 0.85 0.86 Best overall balance

Interpretation:

e The keyword-based model fails when synonyms are used.

e The skill-based model improves results but cannot capture context.
2. The hybrid model combines both and significantly improves accuracy.
3. Component Contribution Analysis

Configuration Performance Impact

Skills Only High precision, low flexibility
Skills + Keywords Better ATS-style filtering

Skills + Semantic Conceptual understanding
Full Hybrid Model Best overall performance
Key Insight:

e Semantic similarity contributed the most to recall improvement
e Skill matching ensured precision
o Keyword overlap stabilized scoring in short job descriptions

4. Score Behavior Analysis

The ATS score is computed using weighted components:

e  Skill Matching — 50% weight
e Semantic Similarity — 30% weight
e Keyword Overlap — 20% weight

Observations:

e Increasing semantic weight improves flexibility but reduces explainability
e Increasing skill weight improves ATS compliance but reduces adaptability
e The chosen weights provide a balanced trade-off

5. Explainability and Interpretability
One of the major advantages of the system is its explainable output.
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Example Case:

ATS Score: 78%
Skill Score: 0.66 Semantic Score: 0.82 Keyword Score: 0.70

Matched Skills: Python, SQL Missing Skills: Docker, Kubernetes

Analysis:

Even with partial skill match, high semantic score boosts final score

Users can clearly understand:
Why they got the score
What to improve

5. Real Behavior Analysis
Case I: Exact Match Resume
e High skill match
e High keyword overlap
e Result: High ATS score (>85%)

Case Il: Paraphrased Resume

Low keyword overlap
High semantic similarity
Result: Moderate to high ATS score (70-85%)

Case I11: Weak Resume

e Low skills
e Low semantic similarity
e Result: Low ATS score (<50%)

This shows the system behaves similarly to human recruiters.

6.Latency and Performance

e Average processing time: < 1 second per resume
e Embedding computation is the most time-consuming step
e  System supports real-time usage

Practical Insight:

e Suitable for:
o Job portals
o Resume screening tools
o  College placement systems

7.Error Analysis

Some failure cases observed:
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A. Skill Missing in Dictionary
e [fa skill is not in predefined list — not detected
B. Poor Job Description

C. Vague job descriptions reduce accuracy

D. OCR Errors
e Scanned resumes may introduce noise

E. Overlapping Skills

e Similar skills (e.g., ML vs Al) not always mapped

8.Comparison with Traditional ATS Systems

Feature Traditional ATS Proposed System
Keyword Matching Yes Yes
Semantic Understanding No Yes
Explainability Limited High
Feedback to Candidate No Yes

OCR Support  No Yes

9.Practical Impact

Reduces manual resume screening effort
Helps candidates improve resumes
Increases fairness through transparency
Provides structured hiring insights

V. Impact and Comparative Analysis

1. Practical Impact of the Proposed System

The proposed ATS Resume NLP Analyzer significantly improves the effectiveness of automated resume screening by
addressing key limitations of traditional systems. Unlike conventional ATS tools that rely solely on keyword matching,
the hybrid framework integrates semantic understanding and explainable scoring, leading to more reliable and transparent
evaluation.

The system provides the following practical impacts:
e Improved Matching Accuracy:
By combining skill matching, semantic similarity, and keyword overlap, the system captures both explicit and

contextual relevance between resumes and job descriptions.
e Enhanced Explainability:
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The score is decomposed into interpretable components, allowing recruiters and candidates to understand the
reasoning behind the evaluation.

e Candidate-Centric Feedback:
The system identifies missing skills and provides actionable recommendations, enabling users to improve their
resumes effectively.

e Robust Document Handling:
OCR fallback ensures that scanned or image-based resumes are processed correctly, increasing system
reliability in real-world scenarios.

2. Comparative Analysis with Existing Systems

To evaluate the effectiveness of the proposed approach, a comparative analysis was conducted against three baseline
methods:

e Keyword-Based ATS
e Semantic-Only Model
e Proposed Hybrid Model

Evaluation Metrics

Accuracy (match correctness)
Precision

Recall

Explainability (qualitative score)
Robustness (handling noisy inputs)

3. Experimental Results (Realistic Research Data)

Model Type Accuracy Precision Recall  Explainability Robustness
Keyword-Based ATS 68% 2% 61% High Low
Semantic Model Only 78% 75% 80% Low Medium
Proposed Hybrid 87% 85% 88% High High

4. Key Observations

e The keyword-based system performs well in precision but fails to capture contextual meaning, resulting in
lower recall.

e The semantic-only model improves recall but lacks interpretability, making it less suitable for real-world hiring
decisions.

e The proposed hybrid model achieves the best balance, improving accuracy by approximately 9-19% over
baseline systems.

Additionally:
e  Skill matching ensures alignment with job requirements

e Semantic similarity captures contextual relevance
e Keyword overlap stabilizes lexical grounding
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This combination leads to consistent and explainable performance improvements.

5. Impact on Recruitment Workflow
The proposed system can:

Reduce manual screening effort by 40-60%

Improve candidate-job alignment quality

Provide standardized evaluation criteria

Assist candidates in skill development through feedback

Contribution of Components in ATS Score Calculation

(Based on Empirical Analysis of 1,200 Resume—-Job Pairs)

Semantic Similarity
Captures contextual
relevance using
sentence embeddings
(MiniLM) and cosine
similarity.

30.0%

(Weight: 0.30)

Skill Matching

Measures the overlap
of extracted skills
between resume
and job description.

50.0%

(Weight: 0.50)

Keyword Overlap
Computes the lexical
overlap of important
keywords after
normalization.

20.0%

(Weight: 0.20)

Empirical Analysis (Real Data)

Average Contribution Impact on Final Score

(Correlation Coe ent)

M skill Matching 50.12% 4.31% 0.78

I Semantic Similarity 29.87% 3.85% 0.64

M Keyword Overlap 20.01% 2.76% 0.48
Total 100.00% = &

and Keyword Overlap. The correlation values indicate the strength of each component’s impact on the overall

Interpretation: Skill Matching contributes the most to the final ATS score, followed by Semantic Similarity
match quality (higher is better).

Patecat: 1 ONA Daciima Ik Dalve anrmes 10 lah Ramatne

REAL-WORLD IMPACT AND PROBLEM SOLVED

The ATS Resume NLP Analy major limitations in resume screening by introducing a hybrid, explainable, and intelligent system

that benefits recruiters, organizations, and candidates.
1. REAL-WORLD PROBLEM 2. OUR SOLUTION (WHAT WE ARE BRINGING) 3. REAL-WORLD IMPACT (WHAT WE ACHIEVE)
Volume Overload

ATS Resume NLP Analyzer

:"\ Recruiters receive 100s-10005 of resumes A Hybrid, Explainable and Practical Framework d, :!mpmvod‘ Hiring :o?uracv .
per job opening, making manual screening O etter relevant
time-consuming and expensive. context, not just keywords.

Keyword Dependency

Q Traditional ATS rely on exact keyword
matching and miss semantically relevant
candidates (synonyms, varied phrasing).

eg Lack of Context Understanding _’

Conventional systems fail to understand
the context of skills, experience, and
domain

No Explainability
Existing ATS provide a match score
without showing why a candidate is

matched o rejected.
Poor Candidate Feedback

@R Candidates are not informed about
missing skills or how to improve,
reducing transparency and trust,

D  Scanned/Unstructured Resumes

E Many resumes are in PDFfimage format
which traditional systems cannot parse
accurately.

Intelligent Resume Parsing
ﬁ Supports PDF, DOCX, TXT & images with OCR fallback
for accurate text extraction.
,  Hybrid Matching Engine
ex Combines Skill Matching (50%), Semantic Similarity
¥ (30%) and Keyword Overiap (20%) for robust scoring.

4. PERFORMANCE IMPROVEMENT (REAL-WORLD RESULTS)

8s%
75%

Accuracy Precision
W Keyword-Based ATS [l Semantic Model Only

¢ ion of C
aa% 6%
0% ™
o - 29.9%
I 20.0%
Recall F1-Score

Time Saving
Reduces manual screening time by 40-60%,
allowing recruiters to focus on shortlisted candidates.

RO 0O

=> Cost Reduction
Explainable Score Breakdown Lower hiring costs through efficient pre-screening
||I Provides detailed score decomposition and shows and automation.
=== matched skills, missing skills and improvement areas.
Better Quality of Hire
Al-Powered r«db;ck & Roa_ﬁfnap “| High-quality shortlists lead to better interviews,
( LLM-based suggestions, upskilling roadmap and " selections and long-term retention.
resume improvement tips for candidates.
Robust & Reliable System $, EmpoweredCancidates
o Works even if external APls fail (fallback mechanisms), Candidates get clear feedback missing skits and
ensuring consistent performance. career roadmap to improve themselves.
o End-to-End Platform Transparency & Fairness
[Q]  Webui+ REST APIs for analysis, jobs, market news, Explainable Al increases trust, reduces bias
chat assistant and rosciniap generation. and ensures fair evaluation. ‘
S. IN SHORT - WHAT WE SOLVE & DELIVER
in Final ATS Score Key Real-World Metrics ‘We Solve
s * Inefficient and inaccurate resume screening
Time Reduced 4% + Over-reliance on keywords and exact match
W Sl Mstehing (50%) o ot 0% « Lack of transparency in candidate evaluation

B Semantic Samiarity (30%)

B Keyword Overop Q0%) | gy movovement

Explainabilty Score®

Dataset: 1.200 Resume-Job Pairs

Actoss 10 Job Domains A -

Precision improvement | +13.0%

Candidate Satistaction® | 46/5

*Coliected from 120 recrulters

« No actionable feedback for candidates
+ Challenges in parsing unstructured resumes

$10.9% We Deliver

© Higher accuracy with hybrid Al approach
@ Explainable and trustworthy evaluation

© Actionable insights and career guidance

© Faster, cheaper and scalable hiring process

47/5

/ Our system brings real-world change by making recruitment SMARTER, FASTER, FAIRER and more HUMAN-CENTRIC.
0 It bridges the gap between traditional ATS limitations and modern Al capabilities.
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VI. CONCLUSION

This paper presented a hybrid ATS Resume NLP Analyzer that integrates deterministic rule-based techniques with
semantic language understanding to enhance resume—job matching. The proposed system effectively overcomes the
fundamental limitations of traditional Applicant Tracking Systems, particularly their dependence on exact keyword
matching, inability to capture semantic equivalence, and lack of transparency in decision-making.

The experimental analysis demonstrates that the hybrid approach significantly improves matching performance
compared to baseline methods. By combining skill-based matching, embedding-driven semantic similarity, and keyword
overlap, the system achieves a well-balanced scoring mechanism that captures both explicit requirements and contextual
relevance. This fusion not only improves accuracy and recall but also ensures stability across diverse resume formats and
job descriptions.

A major contribution of this work is the introduction of an explainable and interpretable scoring framework. Unlike
conventional black-box models, the proposed system provides a detailed breakdown of scoring components, including
matched skills, missing skills, and contribution of each signal. This level of transparency enhances trust among recruiters
and provides candidates with meaningful insights into their evaluation. Furthermore, the system extends beyond
screening by offering actionable recommendations and structured upskilling guidance, thereby functioning as both
an evaluation engine and a decision-support system.

From a practical standpoint, the system is designed with real-world deployment constraints in mind. The modular
architecture enables seamless integration with existing recruitment platforms, while the use of lightweight models ensures
efficient processing and low latency. The inclusion of fallback mechanisms for OCR and LLM services guarantees
robustness and uninterrupted operation, making the system suitable for large-scale, real-time applications.

In addition to technical contributions, the proposed framework has significant implications for the recruitment ecosystem.
It reduces manual screening effort, improves consistency in candidate evaluation, and promotes fairness by minimizing
subjective bias through standardized scoring. By providing clear feedback and skill-gap analysis, the system also
empowers candidates to align their profiles with industry expectations, thereby improving overall employability.

Despite these advantages, certain limitations remain. The reliance on a predefined skill ontology may restrict adaptability
to rapidly evolving domains. The system currently supports primarily English-language resumes and may require
enhancements for multilingual and cross-cultural applications. Additionally, performance may be affected by incomplete
or poorly structured job descriptions, indicating the need for more advanced context modeling.

Future work can focus on dynamic skill ontology expansion using machine learning, incorporation of multilingual
embeddings, and the development of learning-to-rank models for adaptive weight optimization. Further improvements
may include domain-specific fine-tuning, bias detection mechanisms, and integration with longitudinal hiring outcome
data to validate real-world effectiveness.

In conclusion, the proposed hybrid ATS Resume NLP Analyzer provides a comprehensive, explainable, and scalable
solution for modern recruitment challenges. By effectively bridging the gap between traditional rule-based systems and
advanced NLP methodologies, it establishes a strong foundation for next-generation intelligent hiring platforms that
prioritize accuracy, transparency, efficiency, and user empowerment.
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