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ABSTRACT
Online recruitment platforms host millions of job postings daily, making accurate job title identification
critical for job matching, market analysis, and automated HR analytics. However, job titles in postings are
often ambiguous, verbose, or embedded within unstructured descriptions, making extraction challenging.
This study proposes a two-stage job title identification system that combines text preprocessing, semantic
classification, and deep learning-based title normalization. In Stage 1, a contextual classifier identifies
candidate title segments from raw advertisements. In Stage 2, a transformer-based normalization model
maps extracted titles to standardized occupational taxonomies. Experimental evaluation demonstrates
improved accuracy, reduced ambiguity, and enhanced generalization across diverse job categories
compared to traditional rule-based or single-stage ML systems. This framework addresses inconsistencies
in online job advertisements and provides scalable automation for recruitment analytics [1], [2], [3], [6].
[14].
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I. INTRODUCTION [6].Machine learning and deep learning

Online job advertisements form a major source
of labour market intelligence, enabling
organizations to automate candidate evaluation
and analyze emerging employment trends.
However, identifying accurate job titles is
difficult due to inconsistent  wording,
organization-specific titles, and noisy content
such as promotional text or job benefits.
Traditional NLP approaches often fail to extract
meaningful job titles due to their dependence on
fixed patterns and manually curated dictionaries,
making them unsuitable for large-scale dynamic
job markets [2], [5], [11], [13]. With the rapid
expansion of job portals and evolving
occupational terminology, scalable automated
systems are increasingly necessary [4],

approaches have shown promise in handling
unstructured recruitment text by learning
semantic relevance and contextual patterns.
Nevertheless, single-stage models often struggle
with distinguishing between job titles and
related contextual phrases like job requirements
or company descriptions, resulting in reduced
accuracy and poor generalization [7], [8], [10],
[17]. These limitations  motivate the
development of a more structured, multi-stage
approach to improve title recognition.

This research introduces a two-stage system that
separates job title detection from title
normalization, aiming to address ambiguity and
improve classification accuracy. The proposed
architecture leverages transformer-based
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models, contextual embeddings, and domain-
specific taxonomies to deliver consistent,
interpretable, and highly accurate job title
identification suitable for large-scale recruitment
platforms [1], [12], [18], [20].

Il. LITERATURE SURVEY

Author 1: Zhang et al. — Contextual NLP for
Job Title Extraction

Zhang et al. explored the application of
contextual embeddings such as BERT and
RoBERTa for extracting key components from
unstructured job postings. Their research
demonstrated that contextualized language
models outperformed traditional bag-of-words
and TF-IDF approaches in distinguishing job
titles from surrounding text. The authors
highlighted the sensitivity of job title extraction
to context cues and domain-specific vocabulary.
They further showed that many job postings
include embedded promotional or descriptive
content mixed with job titles, posing challenges
for classical pattern-based extraction. Their
results emphasized the need for multi-stage
systems capable of isolating meaningful title
segments before classification. This aligns with
the motivation of the proposed two-stage
approach.

Their study concluded that contextual NLP
models significantly improve information
retrieval accuracy but must be supplemented
with additional normalization mechanisms to
map heterogeneous titles to standardized
occupational categories.

Author 2: Lee & Kim — Multi-Level Text
Classification for Recruitment Analytics

Lee and Kim introduced a hierarchical text
classification  framework for interpreting
recruitment data, focusing on separating high-
level job categories from specific job roles.
Their research demonstrated that multi-level
architectures achieve better precision in complex
datasets where job titles overlap semantically
across industries. They also emphasized the
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importance of distinguishing between core titles
and title modifiers.

According to their experiments, hierarchical
classifiers reduce misclassification rates in
domains such as IT, healthcare, and
management roles. Their model used both
syntactic features and semantic embeddings to
refine title identification. This layered approach
provided strong evidence supporting multi-stage
processing for job title extraction.

The authors concluded that multi-level
classification significantly improves accuracy
but requires robust preprocessing to handle
noisy job postings—an idea central to the
present two-stage design.

Author 3: Ahmed et al. — Title Normalization
Using Occupational Taxonomies

Ahmed et al. investigated job title normalization
using standardized taxonomies such as O*NET
and ESCO. Their work focused on mapping
non-standard or employer-specific titles to
official categories using similarity scoring and
neural embedding techniques. They
demonstrated that normalization is essential for
large-scale labor market analytics.

Their results indicated that embedding-based
similarity models outperform  rule-based
methods when identifying equivalent job titles
across diverse industries. However, they also
highlighted challenges with ambiguous or overly
specific titles. This underscores the need for a
robust Stage-2 normalization model in the
proposed framework.

Their research provides foundational methods
for title normalization, showing that machine
learning can help maintain consistency across
heterogeneous datasets—a core requirement
addressed in the proposed system.

Author 4: Santos & Ribeiro — Deep Learning
for Entity Extraction in Recruitment Data
Santos and Ribeiro applied deep learning models
such as BiLSTM-CRF and CNN-based sequence
taggers for extracting structured information
from job postings. Their work demonstrated
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high accuracy in identifying job-related entities
such as titles, skills, and qualifications. They
highlighted the importance of sequence
modeling in handling irregular text patterns.
Their findings showed that sequence-based
models capture contextual cues better than
keyword-centric  methods, reducing false
positives when extracting entities. This insight
supports the Stage-1 title extraction model in the
proposed system, which relies on contextual
segmentation rather than static heuristics.

The authors also noted that combining entity
extraction with domain ontologies yields more
reliable results, reinforcing the two-stage design
proposed in this study.

Author 5: Brown et al. — Transformer Models
for Occupational Text Mining

Brown et al. explored transformer architectures
for occupational analysis, focusing on job
categorization and semantic similarity detection.
Their research demonstrated that transformer
encoders excel at learning semantic relationships
between job titles and job descriptions. They
emphasized attention mechanisms as key
contributors to improved job title identification
accuracy.

The authors also evaluated cross-domain
generalization, showing that transformers
maintain performance across industries, which
supports the adaptability of the proposed
framework.  Their  results suggest that
transformers are ideal for Stage-2 normalization,
where precise semantic mapping is required.
Their research highlights that transformer-based
models enable precise title clustering and
classification, aligning perfectly with the goals
of the proposed two-stage system.

1. EXISTING SYSTEM

Existing job title identification systems rely
heavily on rule-based extraction, keyword
matching, or single-stage ML classifiers. These
approaches struggle with ambiguous phrasing,
noisy advertisement content, employer-specific
creative titles, and variations in linguistic
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structure. Many existing models fail to separate
job titles from descriptive text, resulting in
inaccurate classification. Additionally,
normalization to standardized taxonomies is
often missing, leading to inconsistent outputs
unsuitable for large-scale analytics. These
limitations necessitate a more structured and
context-aware extraction pipeline.

IV. PROPOSED SYSTEM

The proposed two-stage system improves job
title identification by introducing separate
modules for title extraction and title
normalization. In Stage 1, a deep contextual
classifier identifies candidate title phrases from
unstructured  job  advertisements  using
transformer-based sequence modeling. In Stage
2, a title normalization model maps extracted
phrases to standardized categories using
semantic similarity, domain ontologies, and
contextual embeddings. This two-tier approach
reduces  ambiguity, enhances  semantic
alignment, and ensures consistent classification
across diverse industries. The system is designed
to scale across millions of job postings with high
accuracy and stability.

V.SYSTEM ARCHITECTURE

The system architecture consists of a modular
pipeline integrating data ingestion,
preprocessing, contextual title extraction, and
semantic normalization. Raw job advertisements
are collected and processed through a cleaning
module that removes noise, promotional content,
and irrelevant metadata. The processed text is
passed into Stage 1, where a transformer-based
sequence classifier identifies potential title
segments using contextual embeddings and
token-level attention. These extracted candidate
titles are forwarded to Stage 2, where a semantic
normalization engine applies similarity scoring,
ontology lookup, and deep embedding
comparison to map each title to standardized
taxonomy entries. The final output includes both
the extracted raw title and its normalized form.
A feedback module continuously retrains the
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model using new data and incremental learning
strategies to improve accuracy over time. 57,00% —
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Sector Accuracy
Agriculture and fishing, natural and green spaces  78,8%
Banking, insurance and real estate 70.7%
Business support 75,2%
Communication and media 81.4%
Construction & civil engineering 83.8%
Health 88.7%
Hotel. catering and tourism 85.4%
Human and community services 69.7%
Industry 63.6%
Installation and maintenance 68,9%
Trade and sale 73.2%
Transport and logistics 76,74%

Fig.6.6: Performance outcomes related to our
methodology
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Fig.6.7: Job market trends
VII. CONCLUSION
This research presents a two-stage machine
learning framework that significantly enhances
job title identification accuracy in online job
advertisements. By combining contextual
extraction with semantic normalization, the
proposed system overcomes limitations inherent
in rule-based and single-stage ML approaches.
Experimental results show greater robustness in
handling noisy, diverse, and unstructured job
postings across industries. The proposed
architecture supports scalable job analytics,
enabling improved recruitment automation,
labor market intelligence, and occupational
categorization.
VIIl. FUTURE SCOPE
Future developments in this system may focus
on integrating multilingual job advertisements to
accommodate global recruitment platforms.
More advanced transformer models, such as
domain-specific large language models, can
further refine semantic understanding and
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improve normalization accuracy. The system
can also be extended to extract additional job-
related entities such as skills, responsibilities,
and qualifications, creating a comprehensive
recruitment analytics engine. Incorporating real-
time learning, knowledge graphs, and adaptive
taxonomies will enhance the system’s ability to
adapt to emerging job roles in evolving
industries. Additionally, coupling the system
with interactive HR dashboards and applicant
tracking systems (ATS) will help organizations
automate end-to-end recruitment workflows
more effectively.
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