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Abstract— This paper presents the design, development, and evaluation of a web-based intelligent
Progressive Web Application (PWA), that solves key issues arising from inefficiencies of current recruiting
and resume writing processes. Traditionally, Applicant Tracking Systems (ATS) depend on keyword-based
searching and matching, often miss out on relevant candidates because of semantic mismatch, and do not
give constructive feedback to the job applicants. In this regard, a novel system that features a double-module
architecture, comprising a Recruiter Module and a Job Seeker Module, has been designed to fill this void.
The system makes use of named entity recognition (using spaCy and regex) for skills extraction and
Sentence-BERT (all-MiniLM-L6-v2) embedding, cosine similarity for deep semantic resume-to-job matching.
As a contingency plan, TF-IDF is used to ensure the system's reliability. Evaluation results show a 100% user
acceptance testing (UAT) functional pass rate in 20 tests, 100% semantic matching accuracy for high, partial,
and low match cases, and 97.5% Precision, 87.7% Recall, and 92.2% F1-score for NLP pipeline skills extraction.

Keywords— Natural Language Processing, Sentence-BERT, Resume Screening, Applicant Tracking Systems,

Skill Extraction, Explainable Al.

I. INTRODUCTION

With competition at its peak in the current global job
market environment, HR departments receive an unusually
high number of resumes for each available job. To cope with
such large numbers of incoming resumes, the use of
Applicant Tracking Systems (ATS) tools has become
common practice within organizations to screen resumes
automatically at the very first stage [1]. First generation
Applicant Tracking Systems, however, depend on superficial
and inflexible matching based on key words. This
technology does not involve any contextual understanding
and therefore filters out qualified applicants whose resumes
contain skills or experience expressed in synonyms [2].

Existing online recruitment platforms are silos, either
designed specifically to aid recruiters in the screening
process or designed to enable jobseekers to better format
resumes. There is almost no system that bridges these two
worlds [3]. Online resume builder tools tend to be focused
solely on helping with visual design elements instead of job
specific optimizations. Moreover, there is little ability to
compare multiple candidates or rank them against each
other. There is also an apparent lack of transparency into the
workings of the automatic score-calculating “black box”
algorithms. This makes it impossible to validate whether a
recruiter did everything right when setting up their criteria

and completely impossible for a job seeker to know why an
application was rejected or how well one did at each stage
of the selection process [4].

To resolve these dual limitations, this paper proposes an
integrated, intelligent, web-based Progressive Web
Application (PWA) designed to support both recruiters and
job seekers. The proposed system introduces a dual-module
architecture: a Recruiter Module that automates candidate
ranking and generates Al-driven semantic summaries, and a
Job Seeker Module that provides granular skill gap analysis
(matched and missing skills) alongside a live, ATS-friendly
resume builder. By integrating advanced Natural Language
Processing (NLP) techniques including regular expressions,
spaCy-based Named Entity Recognition (NER), and
contextual Sentence-BERT embeddings, the proposed
system replaces traditional black-box scoring with highly
explainable decision support.

The main contribution of this paper is embodied in the
realization of an integrated system for the bidirectional
recruitment support. Specifically, the proposed tool is
intended to achieve five main objectives: (1) automate the
extraction of unstructured information from resumes using
powerful parsing libraries; (2) perform context-aware
semantic matching of resumes and job descriptions by
means of transformer-based embeddings; (3) compare
many candidates and rank them objectively; (4) audit the
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format and keywords of the ATS; and (5) provide structured
and real-time feedback along with dynamic document
generation.

Il.  REVIEW OF PREVIOUS WORK

The recent surge in academic and commercial work
indicates a growing trend towards the implementation of
artificial intelligence-based technologies such as machine
learning (ML) and natural language processing (NLP) into
the processes of recruiting and staffing [5]. Several
techniques have been developed to automate the processes
of parsing, classifying and recommending resumes [6], [8].
Examples of current implementations include, ResuMate Al
is a heuristic screening software that utilizes a number of
rules based on ML algorithms to classify jobs and determine
the experience of job applicants. While the tool employs
keyword dictionaries, it lacks the ability to process deeper
levels of meaning and logic or to use any type of non-
standard language constructs since it is based on a set of
fixed keywords. Commercial companies that develop tools
for creating resumes, such as Enhancv and Zety, develop
user-friendly interfaces and visual customization options,
although they cannot match jobs and do not allow recruiting
companies to screen resumes in bulk or rank candidates.

TABLE |
COMPARATIVE ANALYSIS OF RELATED SYSTEMS
System / Methodology | Primary Identified Gaps
Work Strengths
Enhancv Rule-based Strong Ul; diverse | Lacks semantic
(2024) analysis layout formatting | Al matching; no
ranking
ResuMate Al | Heuristic Predicts Limited
(2025) NLP; MySQL professional contextual
domain and accuracy; rule-
experience bound
JobAnalista Keyword Simple analysis Relies on exact
(2024) matching; and job keywords; no
NLP recommendations | ranking
ResumeCraft | Machine Guided builder Focuses only on
(2024) learning with automated building; no
suggestions screening
Prasad et al. GNN; GloVe; Advanced Highly complex;
(2023) Cosine semantic and computationally
multi-graph heavy
matching
Proposed spaCy NER; Semantic ranking; | Evaluated on
System BERT; Cosine | explainable skill- academic scale
gap feedback prototype

However, as can be seen from Table I, while some of the
approaches center on machine learning and sophisticated
semantic matching, such as Graph Neural Network (GNN)
and GloVe embedding model suggested by [9], their
excessive computational cost and complexity makes them
implementation in
university/medium-size enterprise setting. Additionally,

non-applicable for prototype
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other NLP approaches, like that of [10], implement spaCy-
based information extraction without any ranking of
candidates or user feedback. This is where our proposed
approach combines recruiter’s bulk screening and job
seeker optimization into one lightweight, scalable web-
based system.

I1l. METHODOLOGY

This section provides an overview of the architecture,
logical design, hybrid text extraction process, and
contextual semantic matching engine that together
constitute the intelligent resume screening and ranking
system.

A. System Analysis and Logical Design

The system has been designed using the Agile
Prototyping Model where the process can be iterated
continuously depending upon the feedback of the
supervisor and the users. The logical design of the system is
created by means of UML diagrams in the conventional
manner. There is segregation in the processes of recruiters
and candidates in the system.

1. USER ROLES & INPUTS

Job Seeker
Resume (PDF / DOCX) or Paste Job Description
Gap A

Recruiter

« Create & Manage Job Postings

« Upload Bulk R (@IP / Batch PDF / DOCX)

. jate Ranking & Skill Matching
« Review Al Candidate Summaries & Match Metrics

L L

2. PRESENTATION LAYER (PROGRESSIVE WEB APPLICATION)

Frontend Core Architecture
« HTMLS / €S53 / Java
- Bootstrap 5 Responsi

Client Views & Dashboard Routes
pt (ES6+) « ATS Analysis Portal & Score Feedback View
ework  Interactive ATS Resume Builder Page

Offine Fallback) inking Table & Previewer

L L

3. APPLICATION LAYER (PYTHON FLASK SERVICES)

+ Service Worker (Local Ca

Job Seeker Service

 Direct File Parsing Orchestration (PDF / DOCX)

o it & Skill Audit

oller & Dynamic Template Engine
eedback Preparation - sQLite Storage

e

4. CORE NLP PIPELINE & MATCHING ENGINE (SHARED HYBRID ENGINE)

Recruiter Service
« Save Job Postings & Batch Document Ingestion
« Batch Extrs di

« Automated Rar

idate Scorer

ompiler

1. Document Parsing & Text Extraction
« pdfplumber (PDF layout & text extraction) » python-docx (Microso Ft Word extraction)
2. Text Preprocessing Pipeline

+ Lowercasing Normalization » String Tokenization « Stop-Word Removal (NLTK) » Punctuation Filtering

3. Information Extraction & Entity Recognition

+ Machine Learning NER (spaCy en_core_web_sm) + Custom Regex Engine (Predefined Tech Stack Dict)

4. Dense Vector Embedding

+ Sentence-Transformers (all-MinilM-L6-v2) -> Maps text to 384-dimensional dense semantic vectors

5. Similarity Computation & Fallback Mechanism
Py
+ Fallback Pathway: TF-IDF Vectorizer + Cosine Similarity (scikit-learn) if Transformer inference unavailable

L L L

5. DATA, GENERATIVE Al & OUTPUT LAYER

ry Metric: Cosine Similarity (Vector Space calculation between candidate resume and job description)

Score & Skill Outputs
+ Match Percentage Score %

Generative Al Service Persistence Layer
- SQLite Database Engine

Database Schemas:

- Google Gemini API Engine
+ Matched Technical Skills
+ Missing Skill Gap Matrix
« ATS Structural Audit Metrics

+ Recruiter Summary Synthesis
+ Job Seeker Tailored Guidance 0 i EHio
« ‘candidate_scores' table

+ Actionable Improvement Tips vity_log' table

+ Candidate Ranking Lists File System Storage:
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Fig. 1 System architecture and data flow diagram showing presentation,
application, and data layers.
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Fig. 1illustrates the overall system architecture, which is
partitioned into three key layers: (1) the Presentation Layer
comprising a cross-platform Progressive Web Application
(PWA) styled with Bootstrap 5, which supports local
installation and offline fallback using a service worker; (2)
the Application Layer powered by a Python Flask backend
and the double-core NLP engine; and (3) the Data Layer
which employs a local, serverless SQLite database. The use
of SQLite is selected because it requires zero setup, making
it ideal for rapid prototyping and deployment on cloud
hosting. The database manages three tables: 'jobs',
'candidate_scores', and 'activity'.

*  Create Job Posting

*  Upload Resumes

. u
Al-Based Resume Screening
and ATS Resume System

-~

— Rank Candidates !
Recruiter >

View Candidate Score

View Matched and Missing
Skills

i Manage Job Posting

| Delete Candidate Record

+  Upload Existing Resume

4  PasteTarget Job
Description

L View Resume Match Score
Job Seeker ———  View Skill Gaps
*  Build ATS Resume
* Edit Resume Preview

*

Download Resume as
DOCK/PDF

Fig. 2 Use case diagram for the dual-module intelligent resume screening
and generation system
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The functional boundaries of the system are described
using the Use Case Diagram in Fig. 2. Recruiter actor is
allowed to post jobs, perform bulk resume uploads, perform
candidate ranking, and view Al summary. On the other hand,
the Job Seeker actor is allowed to upload an existing resume
for ATS auditing purpose or fill up the structured ATS
Resume Builder form. Database ERD in Fig. 3 describes the
structural relationship in the recruiter data as 1-to-many
relationship of jobs and candidate score and jobs and system
log records.

JoBs

integer = id PK

text title

text company

text description

text created_at

# integer  active \
d \
,/ ‘._.
=i
! II
CANDIDATE_SCORES

integer | id PK ’f
integer | job_id FK ACTIVITY
text candidate_name integer | id PK
text file_name integer | job_id FK
real score text message
text matched_skills real score
text missing_skills text created_at
text summary
text created_at

Fig. 3 Entity relationship diagram (ERD) of the recruiter-side SQLite
database schema

B. NLP Parsing and Information Extraction

Once a PDF/DOCX document is uploaded, the system uses
the 'pdfplumber' and 'python-docx' packages to retrieve the
raw unstructured text. Preprocessing includes converting
the text into lower case, tokenization, stop words removal,
and punctuation removal. Extraction of information is done
using the combination NLP pipeline of: (1) Regex rule-based,
which matches specific programming languages, databases
and tools from the pre-defined dictionary; (2) machine
learning based NER using the English language model of
spaCy package for extracting unstructured experience and
soft skills information. This combined approach helps in
maximizing information extraction while keeping the false
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positive rate almost zero. Choice of optimal representation
of the features and elimination of non-informative tokens is
very important in data extraction through automation, as
seen in previous research on feature selection [18].

C. Sentence-BERT Semantic Matching

In order to evaluate the deep semantic similarity measure,
both the processed text from the resume and the job
description are transformed into dense vectors in high
dimensional space by means of 'all-MiniLM-L6-v2' model of
Sentence-Transformer model. Using this model, it is possible
to express sentences in the space of 384-dimensional
vectors and identify the synonyms of words based on the
context and semantics.

The percentage of matching is calculated using Cosine
Similarity measure. The fallback channel involves the
application of content-based TF-IDF vectorizer in
conjunction with cosine similarity method. The choice of the
light-weight transformers is based on empirical research
that proves the rationale of the usage of the low-
dimensional sentence embeddings in providing the required
balance between contextual accuracy and inference
efficiency in matching specific domains [16], [17].

IV. RESULTS AND DISCUSSION

This section evaluates the proposed system through user
requirement validation surveys, functional User Acceptance
Testing, and directional BERT scoring accuracy across
baseline candidate profiles. Furthermore, it presents
comprehensive performance benchmarking for the hybrid
natural language processing skill extraction algorithmic
pipeline.

A. User Requirement Validation Survey

Before development, a Google Form survey was
conducted among 36 participants split evenly between
recruiters (n=18) and job seekers (n=18). Survey results
confirmed the importance of the problem under analysis:
94.4% of recruiters strongly agreed on manual resume
screening being very time-consuming, and 88.9% of
recruiters strongly agreed on the challenge of finding the
right candidate among many applicants.

Moreover, 77.8% of recruiters agreed that traditional
exact-match keyword searching tools often miss the most
qualified candidates, and 83.3% viewed explainable scoring
(e.g., lists of skills that match and those that do not match
the description) as crucial. In addition, 88.9% of job seekers
did not know whether their resumes matched the target job
descriptions, and 72.2% had no information about ATS
formatting rules.

B. Functional User Acceptance Testing
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For evaluation of system performance, structured User
Acceptance Testing (UAT) was performed with real
participants. A total of 20 detailed functional tests were
conducted which included 10 tests for the Recruiter Module
(UAT-01 to UAT-10) involving tasks such as the posting of
jobs, upload of resumes, ranking of candidates, and showing
Al summarization.

There were also 10 UAT tests conducted for the Job
Seeker Module (UAT-11 to UAT-20), which included analyses
of resumes, ATS feedback, and resume
generation/downloading. As summarized in Table II, the
proposed system achieved a 100% functional pass rate
across all 20 test cases, demonstrating complete functional
correctness and operational reliability from end to end

TABLE |1
UAT FUNCTIONAL TEST RESULTS
Module | Cases | Pass | Fail | Rate (%)
Recruiter 10 10 0 100%
Job Seeker 10 10 0 100%
Overall 20 20 0 100%

C. BERT Scoring Directional Validation

Since the semantic match scores provide continuous
similarity percentages and not binary classifications,
conventional metrics of confusion matrices are not
applicable. Thus, assessing the scoring accuracy was done
consistently on three pairs of known baseline resumes-job
pairs including (T1) a Data Scientist profile with high match,
(T2) a System Analyst profile with partial match and (T3) a
Junior Quantity Surveyor profile without matching work,
against the standard Data Scientist job description.

TABLE I
BERT SCORING DIRECTIONAL VALIDATION
Test | Match Level | Expected | Actual | Result
T1 High >70% 72.0% Pass
T2 Partial 40%-70% 45.0% Pass
T3 No Match <30% 8.8% Pass

As is evident from Table Ill, the BERT system matched the
human recruiters’ judgments quite well. In T1, BERT attained
72.0%, indicating a good semantic match. In T3, BERT
generated 8.8% similarity as there was no relation between
the texts at all. What is most important is that in T2, BERT
obtained 45.0% as it was able to understand contextual
relations such as matching 'built web applications' to
'software development experience' where standard
keyword indexes fail.

D. NLP Skill Extraction Performance

In order to evaluate the efficiency of the hybrid skill parser
using the combination of NER (spaCy NER) and Regex
approaches, the outputs were checked with the reference
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counts for confirmed skills collected from five separate
resumes. The utilization of multi-stage NLP heuristics and
scoring with transformers is an example of machine learning
techniques, which show that hybrid/stacked architecture
provides  better generalization and classification
performance than isolated architectures [19].

TABLE IV
NLP SKILL EXTRACTION PERFORMANCE

Resume | Actual | Correct | Missed | Precision | Recall F1
A 10 10 0 100.0% |100.0% | 100%
B 18 14 4 87.5% |77.78%| 82.5%
C 12 11 1 100.0% | 91.7% | 96.67%
D 9 8 1 100.0% | 91.7% | 96.67%
E 10 8 2 100.0% | 80.0% | 88.9%
Avg 1.8 10.2 1.6 97.5% 87.7% | 92.2%

Table IV shows the results of the skill extraction pipeline.
The system showed an average Precision of 97.5%, Recall of
87.7% and F1-Score of 92.2%. Examination of the errors (for
example, skills missing from Resumes B and E) revealed that
the main reason behind the false negatives was the very
unusual phrasing of the skills (e.g. "experience with version
control" as opposed to the word "Git"). However, the
exceptional F1-score clearly shows how resilient the hybrid
pipeline is.

E. Threats to Validity

Potential threats to the validity of these empirical findings
were evaluated. The skill extraction benchmark relied on a
small sample of ground-truth candidate resumes that while
representative of standard technical layouts, other more
extreme multi-column structural variations may introduce
edge-case extraction variance. On external validity, the
BERT semantic evaluation prioritized computer science and
software  engineering domains; extending these
performance bounds to non-technical or creative industries
may require domain-specific dictionary adjustments.

V. CONCLUSIONS AND FUTURE WORK

This paper discussed the creation of a web application
that combines intelligent resume screening and ATS
optimization for both candidate assessment and resume
building. This tool automates candidate assessment and
provides understandable feedback through the integration
of spaCy NER [11], Sentence-BERT semantic embeddings [12],
and Generative Al [13]. Empirical testing showed successful
system performance, as it passed all 20 user acceptance
testing scenarios with a 100% functional pass rate, scored
100% directionally accurate, and achieved an F1-score of 92.2%
for skills extraction.

However, despite such impressive performance, there are
some technical constraints with the current prototype. For
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example, document parsing is problematic in the case of
complicated multi-column structures and scanned image
files [14]. Moreover, semantic matching depends largely on
the job description, whereas the serverless SQLite database
allows only single-thread concurrency. Finally, job-seeker
analysis data is held only temporarily in memory.

The next stage of development will concentrate on
scalability and parsing performance improvement. The
database will be updated to PostgreSQL to ensure multi-
tenant persistence and concurrent users [15]. Moreover, the
use of Optical Character Recognition [14] will provide for the
analysis of image-based resumes, and flexible scoring will
allow recruiters to configure evaluation priorities.

The underlying web application prototype, anonymized
survey datasets, and User Acceptance Testing task sheets
are available from the corresponding author upon
reasonable request.
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