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Abstract. Online applications for jobs have made recruitment complex, 

introducing problems such as dataset bias, unbalanced resume formats, and even 

heavy computational requirements. This paper surveys 44 peer-reviewed studies 

on methodologies, applications, and limitations of resume analyzers, explaining 

techniques like classification algorithms, neural networks, and hybrid systems. 

Recent tools can now achieve the best accuracy results of 85–94% in tasks that 

include parsing and ranking and even domain prediction, though the 

performance varies based on data quality and diversity. Emerging trends like 

multimodal analysis and real-time recommendation hold great promise but fall 

under the ambit of scalability and bias. The paper concludes with solutions and 

innovations that can improve the robustness and inclusivity of resume 

analyzers. 
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1. Introduction  

Continued exponential growth in online job applications and increased complexity of 

resumes have resulted in the creation of Resume Analyzers, also known as automated 

resumeparsers that can analyze resumes and rank candidates, making recruitment 

easier. These tools utilize Natural Language Processing (NLP), Machine Learning 

(ML), and Deep Learning (DL) algorithms to extract essential information, match 

candidates with job descriptions, and suggest career recommendations to those 

individuals [1][6]. They are highly useful in issues brought by various formats of 

resumes, unstructured data, as well as the sheer volume of applicants that recruiters 

need to go through and evaluate [20][24].   

Modern resume analyzers not only automate mundane tasks but also offer advanced 

features, such as domain prediction, skill gap analysis, and real-time 

recommendations, making them integral to Applicant Tracking Systems (ATS) and 

career advising platforms [12][30]. However, challenges like biased datasets, 
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computational requirements, and limited contextual understanding persist, 

necessitating continuous innovation [23][40]. This paper explores the current 

methodologies, attributes, challenges, and applications of resume analyzers while 

highlighting emerging trends and future research directions.   

2.Process of shortlisting papers:  

The following figure shows the steps followed for shortlisting the research papers 

being used for literature review. 

  

Review on Resume Analyzer  

Ele ctronic Database  

Google, Google Scholar,   
ieee.org, researchgate.net, acis,   

etc.  

Techniques and Tools:   
DL+ML+ NLP+AI+ Big data+   
Neural networks+ nltk+ spacy+   

LDA+ map reduce+   
Textkernel+ Joinvision + NER+   
SVM + LSTM+ CRF+ BERT+   

spectral cl ustering  

Search results=41300  

Constraints/Filtering   
•  Inclusion Criteria: Journal paper, Research   

paper, Conference paper  

•  Exclusion Criteria:  
Review paper, Low quality paper, similar   
aspects  

Total number of documents   
shortlisted after filtering: 44  

Fig. 1. Process of shortlisting papers 

This figure represents the workflow of a literature review for resume analyzers. It 

begins by searching the electronic databases, e.g. Google Scholar, IEEE.org, and 

ResearchGate using techniques that include deep learning, machine learning, NLP, 

and tools like BERT, SVM, and LSTM. This search finds a total of 41,300 results, 

which are filtered according to the inclusion criteria; here, journal, research, and 

conference papers and exclusion criteria including review papers, low-quality papers, 

and duplicates. After applying these filters, 44 relevant documents are shortlisted for 

review The next section will give a glimpse of the areas explored while conducting the 

review.   
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Fig. 2.A concept map showing the areas explored during the review process- 

This figure depicts the Resume Analyzer System with emphasis on its Challenges, 

Applications, and Methodology. The challenges include bias, formatting, keyword 

dependency, and privacy issues. Application areas range from resume analysis, job 

recommendation, profile feedback, and applicant filtering. Thus, advanced 

methodologies such as deep learning, natural language processing, neural networks, 

big data, and LDA in proper execution are utilized during resume processing as well 

as candidate evaluation. 

The table given below shows a 5-point summary of 44 research papers containing 

i)accuracy of the model used, ii)Dataset taken ,iii) Methodology, iv) Findings/ 

Outcome, v) Limitations    

 Table 1.  Literature Survey   

Citati 

on  
 

Accuracy Dataset  Methodology  Findings  Limitations

[1]  
80- 

90%  

Resume  

datasets  

Classification 

algorithms, 

neural 

networks  

Improved 

domain 

prediction 

accuracy  

Limited 

dataset 

diversity  
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[2]  
85- 

95%  
Job portals  

Big data tools,  

NLP  

Effective 

entity 

extraction  

Struggles with 

diverse formats  

[3]  
85- 

92%  

Resumes, 

job  

description 

s  

ML, NLP  

Efficient 

resume-job 

matching  

Dataset and bias 

limitations  

[4]  
85- 

90%  

Public/prop 

rietary 

datasets  

ML, NLP  

Better 

matching, skill 

extraction  

Input quality 

issues  

[5]  

High 

(specific

)  

Various 
formats 
(PDF,  

DOC)  

NLP (Spacy, 

NLTK)  

Effective 

parsing, 

improvement 

suggestions  

Requires 

preprocessing 

[6]  
Effectiv

e 

Userupload

ed resumes  

NLP, ML, 

recommendati on 

engines  

Enhanced job 

matching 

accuracy  

Input data quality 

dependent  

[7]  85%  

Somali  

Jobs,  

Jamhuriya 

University 

portal  

Parsing 

algorithms  

Improved 

candidate 

shortlisting  

Parsing accuracy 

limitations  

[8]  90%  
Novoresum 

e  

Resume building 

+ analysis tools  

Simplifies 

resume 

creation  

User input quality 

dependent  

[9]  88%  
LinkedIn, 

Indeed  

NLP for text 

extraction  

Better 

candidate-job 

matching  

NLP struggles 

with format 

complexity  

[10]  82%  
Handshake 

platform  

Resume  

analyzer portal  

Increased 

placement  

rates  

Engagement 

dependent  

[11]  87%  
Indeed,  

Glassdoor  

Resume  

analysis, career  

recommendations 

Streamlined 

recommendati

ons 

IT-focused 

limitations  

[12]  Precise  
PDF/Word 

resumes  

RNN, NLP  

(Spacy, NLTK), 

pyresparser 

Skill  

improvement 

suggestions  

Non-IT resumes 

underperforming  
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[13]  
80- 

90%  

Structured 

resume  

datasets  

ML  

classification,  

NLP  

summarization  

Successful 

classification  

Struggles with 

unstructured 

formats  

[14]  
30- 

95%  

Resume- 

job pairs  

Commercial  

tools (e.g., 

Textkernel)  

Performance 

varies by job 

profile  

Narrow focus, 

manual 

adjustments 

needed  

[15]  
80- 

90%  

Job portals,  

HR 

databases  

MapReduce, 

ML  

Improved large 

dataset 

processing  

Struggles with 

diverse formats  

[16]  
85- 

90%  

Resumes, 

job 

postings  

NLP  

Improved job  

recommendation

s 

Limited training 

diversity  

[17]  
85- 

90%  

Educationa 

l/profession 

al  

platforms  

NLP  
Accurate skill 

assessment  

Non- 

traditional skills 

challenging  

[18]  
Effectiv

e 

Resume  

datasets, 

job  

description 

s  

NLP, AI tools  

User-friendly, 

ATS 

optimization  

Not mentioned  

[19]  85%  
Recruitmen 

t database  
LDA + NLP  

Relevant skill 

identification  

Industryspecific 

limitations  

[20]  88%  
Corporate 

resumes  

NLP  (NER, 

POS tagging)  

 
Efficient parsing  

Struggles with 

unconventiona 

l formats  

[21]  82%  

Resumes, 
job 

description 

s  

SVM, decision  

trees  

Improved 

resume-job 

matching  

Industry bias  

[22]  83%  
Job portal 

resumes  

NLP with  

SVM,  

Random  

Forest  

Efficient 

screening  

Jargon 

challenges  

[23]  87%  
Recruitmen 

t platform  

LSTM neural 

networks  

Context-aware 

screening  

Computationa l 

resource 

intensive  
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[24]  90%  Job portals  

Neural  

Networks + 

CRF  

Improved 

parsing, 

classification  

Issues with non-

standard layouts

[25]  89%  
Job portal 

resumes  

NLP, ML for  

skill  

recommendati 

on  

Effective skill 

recommendation

s 

Limited dataset,

potential biases 

[26]  92%  
Resume  

datasets  

NLP, ranking 

algorithms  

Improved 

parsing and  

Lacks deep 

learning for 

complex data  

 
 

 
 

ranking accuracy   

[27]  85%  
Industry 

samples  

ML with  

Streamlit for  

UI  

Skill extraction, 

user-friendly  

Limited scope,

ambiguity issues  

[28]  88%  

Resumes 

and job 

postings  

ML for parsing, 

job  

recommendations 

Efficient 

matching and  

recommendations 

Doesn’t address 

complex job 

requirements  

[29]  94%  
Multimodal 

resume data  

AI integrating 

text and image 

processing  

Better largescale 

recruitment 

ranking  

High 

computational 

requirements  

[30]  87%  
Real-time 

data  

AI for resume 

analysis,  

recommendations 

Real-time 

recommendations, 

engagement  

Needs larger 

dataset testing  

[31]  90%  
'Dreams Job' 

platform  

Automated 

screening using 

ML  

Enhanced 

recruitment 

efficiency  

Platformspecific, 

limited 

generalization  

[32]  93%  

Job  

profiles, 

resumes  

Deep learning 

recommender 

system  

Improved 

personalized  

recommendations 

High 

computational  

costs  

[33]  85%  
Online 

resumes  

Two-step parsing 

algorithm  

Structured data 

extraction  

Struggles with 

diverse formats  
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[34]  

N/A  

(Surve 

y)  

Talent 

analytics 

datasets  

Survey of AI 

techniques  

Comprehensiv e 

AI overview  

No experimental 

validation  

[35]  90%  

Resumes,  

job  

description 

s  

BERT  for  

endto-end 

parsing  

Improved job 

matching  

Resourceintensive 

training  

[36]  86%  
Erecruitment 

resumes  

ML parsing 

framework  

Enhanced parsing 

accuracy and 

speed  

Limited realworld 

integration  

[37]  88%  
Resume  

datasets  

RINX system  

for information 

extraction  

Successful large-

scale knowledge 

extraction  

High processing 

needs  

[38]  91%  

Job 

description 

s, resumes  

Fine-tuned  

Siamese  

BERT  

Better matching 

performance  

Requires 

finetuning, 

domainspecific 

[39]  87%  CV corpus  

BERT, 

knowledge graph 

for CV analysis  

Improved 

suitability 

analysis  

Dataset size, 

scalability issues  

[40]  93%  
Unstructure 

d resumes  

DeepSkillNER 

with deep 

learning  

Accurate 

screening and 

ranking  

Computationally 

expensive  

[41]  85%  

Job portal  

employmen 

t data  

ML-based 

scraping system  
Improved data 

retrieval  

Lacks further 

analysis  

[42]  88%  
Unstructure 

d resumes  

ML-based  

classification  

Better 

classification,  

recommendations 

Struggles with 

highly  

unstructured data  

[43]  87%  

Campus 

placement 

data  

ML for 

recruitment, 

selection  

Improved campus 

recruitment 

process  

Limited to 

campus scenarios  

[44]  89%  

Career 

prediction 

dataset  

ML framework 

for predictions, 

analysis  

Accurate career 

predictions  

Needs broader 

dataset evaluation 
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This table reviews several resume analysis and job recommendation systems that 

employed methodologies such as NLP, ML, and deep learning. Some key findings 

include improved resume parsing, job matching, skill recommendations, and 

classification accuracy. Reported accuracies vary from 80% to 94%, depending on the 

dataset and technique used. The limitations for these systems range from diversity and 

inconsistencies in datasets, format, and computational requirements, to domainspecific 

biases and generalization issues. BERT and other hybrid models are advancing with 

promising results but need significant resources for training and deployment. 

Additionally, future resume analyzers will also be based on advancements in 

multimodal analysis, real-time feedback systems, and AI-powered recommendation 

engines.   

The paper tries to address following research questions in detailed manner through 

literature survey.   

3. Research Question 1: How Does Resume Analyzer Work, Its 

Attributes, Current Challenges & Applications  

3.1. How Does Resume Analyzer Work?  

Resume analyzers employ a combination of Natural Language Processing (NLP) and 

Machine Learning (ML) techniques to extract, classify, and analyze data from 

resumes. Generally, the first step is about parsing unstructured resume data, as in text 

inside PDFs or word documents, into structured formats. Tools typically make use of 

entity recognition models to extract and classify important information, including 

personal details, skills, job titles, and dates of employment [20]. Classification 

algorithms, such as SVM or neural networks, are used to predict domains or rate the 

applicability of resumes to job descriptions [21]. More sophisticated systems make use 

of ranking algorithms to rank resumes based on their compatibility with job 

requirements [24]. Some analyzers make use of DL techniques, such as LSTM 

networks or fine-tuned variants like BERT, to enhance sequence prediction, contextual 

understanding, and the ranking of candidates [23][35].   

3.2. Features of Resume Analyzers 

Well-developed resume analyzers possess the following features. They work at high 

speeds, processing large volumes of resumes; therefore, a good resume analyzer is 

ideal for enterprise-level recruitment [6]. They also have high precision in parsing. 

Advanced models have up to 90% precision in extracting structured information from 

unstructured data [24]. They can be perfectly integrated with Applicant Tracking 

Systems and job portals to optimize the recruitment workflows [8]. They can also 

provide recommendations, such as suggesting improvements in skills or even career 
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changes, based on the individual user's criteria [12]. This personalization makes them 

useful both to the recruiter and the job seeker.   

3.3. Contemporary Issues   

The utility notwithstanding, there are several challenges that the resume analyzers 

face. Possibly the major challenge is the diverseness of formats, layouts, and file 

types, which results in reduced parsing accuracy, especially for non-standard or rather 

unusual resumes [20][24]. Another big challenge is the bias in training datasets. For 

instance, tools trained on limited or domain-specific datasets may not generalize well 

to other industries or demographics, potentially skewing recommendations [22]. 

Additionally, understanding context, such as nuanced skill descriptions or non-

traditional experience, remains a limitation for many systems [27]. Computational 

costs are another barrier, as state-of-the-art models like BERT and hybrid approaches 

require substantial resources for training and deployment [40]. Finally, the poor 

quality, as well as unstructured data, such as an ill-designed resume, poses a problem 

with analysis and ranking [33].   

3.4. Resume Analyzers Applications   

Resume analyzers are being used widely by recruitment and career management 

houses. By resume matching to a job description, they automate shortlisting through 

candidates saving time in hiring and making it efficient [28]. Some tools are integrated 

directly with career advising platforms to recommend skill enhancement or job roles 

for a candidate profile [18][25]. These tools are adopted by higher educational 

institutes to scrutinize and provide actionable feedback to the students to improve their 

employability traits [10]. Corporate HR departments avail these services to streamline 

internal hiring procedures, reduce time-to-hire periods, and enhance the overall 

candidate experience [6]. Apart from this, resume analyzers are increasingly being 

used in order to optimize resumes for compatibility with Applicant Tracking Systems, 

so candidates are seen more in automated hiring workflows [12][31].   

_____________________________________   

4.  Research Question 2: Exploring Current Trends in Resume 

Analysis & Suggesting the Future Scope   

4.1. Current Trends in Resume Analysis   

Resume analysis is developing through the integration of advanced technologies. 

Modern systems are moving towards AI-driven approaches, deep learning models as 

BERT and Siamese networks, for enhanced performance in parsing, better domain 

prediction, and understanding the context[35, 38]. The recent trend toward multimodal 

analysis is also on the rise, as text and image data of the candidate's certifications or 
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portfolio samples are being evaluated altogether in order to provide an integrated 

assessment of a candidate's profile[29]. In addition, real-time resume analysis tools are 

becoming popular in terms of the immediate feedback and recommendation they can 

provide to ensure maximizing user engagement and efficiency in job matching [30]. 

Hybrid approaches based on the combination of NLP, knowledge graphs, and 

clustering techniques are also emerging, enhancing recommendation systems by 

incorporating domain-specific insights [39]. Another focus is on data privacy and 

security, as resume analyzers process sensitive personal information, necessitating 

robust measures to ensure compliance with privacy regulations [6].   

4.2. Future Scope for Resume Analysis   

The future of resume analysis lies in addressing existing limitations and leveraging 

emerging technologies. Handling unstructured and diverse resume formats will remain 

a priority, with research focusing on models capable of understanding complex 

linguistic structures and visual elements [33]. Domain-specific personalization will 

enable the resume analyzers to relate to specialized fields such as health care or 

research, providing industry-specific advice and insights [12][16]. Bias avoidance is 

another important area, wherein developers strive to design algorithms that make 

hiring fair and equitable with minimized dataset biases [22].   

Another exciting future area for integration could be with job market analytics, where 

resume analyzers can combine profile evaluations with real-time labor market trends 

to provide proactive career advice [32]. There are also predictions that AI decision-

making will become more transparent, and tools will start explaining rankings and 

suggestions to the users, thus building trust with them [31]. There will be a trend 

toward lowresource models in the case of small and medium enterprises that can 

obtain high accuracy without requiring much computational effort [36]. Multilingual 

and regionspecific resume analyzers will provide global applicability to let users of 

various linguistic and cultural backgrounds benefit from it [20][24]. Last but not least, 

lifelong resume development with analyzers suggesting changes to keep the resume 

always upto-date with respect to market requirements in-vogue is expected to be 

developed, enabling people to stay ahead in the job race [18][30].   

5. Discussions  

5.1. Resume Analyzers and Efficiency of Recruitment  

Resume analyzers have dramatically changed the recruitment process by streamlining 

laborious ones including resume parsing, shortlisting, and candidate ranking. These 

tools frequently achieve accuracy rates of above 85% and hence save the recruiter a lot 

of time and resources, enabling even more accurate matching for the candidate and the 

job [16][24]. Moreover, their ability to integrate into ATS and real-time platforms 

heightens the efficiency of recruitment through actionable skills recommendations and 
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compatibility scores [31][30]. However, tools that use traditional ML algorithms are 

sometimes foiled when there are complex resume structures, making it imperative to 

have models like BERT and CRF [35][24].   

5.2. Challenges in Resume Analysis   

Among many challenges, the diversity in resume format and language is a critical 

problem for resume analyzers. Tools usually face problems in parsing some 

unconventional layouts or multilingual resumes, which may decrease their 

effectiveness [33][20]. Another issue is bias in training data, leading to unfair 

recommendations and possible narrow applicability across industries [22][25]. Large 

computational overheads with state-of-the-art DL models, like Siamese BERT and 

hybrid approaches, are additional challenges to massive adoption [38][40]. 

Lightweight, adaptable models will need to be developed in future innovations to 

reach a wider audience while still being accurate and scalable.   

5.3. Emergent Trends and Future Implications  

The emergence of multimodal analysis and hybrid approaches represents a significant 

step forward in resume analyzers. These would be helpful by combining text and 

image processing, enabling a more holistic evaluation of candidates, especially in 

fields that entail certification or portfolios [29]. Real-time recommendation systems, 

also an integration of NLP with dynamic algorithms of ranking, introduce instant 

feedback, boosting user engagement and job matching results [30]. Other emerging 

trends include heightened privacy measures, thereby taking into account the increasing 

concerns related to data protection and laws [6][12].   

5.4. Future Scope and Research Directions  

Future work in resume analysis would be centred on improvements toward handling 

unstructured data and multilingual data, thereby increasing the scope of application 

across more global markets [20][24]. Mitigations for bias, such as diverse training 

datasets and explainable AI models, will also be important to ensure fair recruitment 

practices [22]. Additionally, the availability of job market analytics integrated with 

resume analysis can provide candidates with proactive career insights, keeping them 

ahead of their peers in a highly dynamic job market [32]. Lifelong resume 

development systems, low-resource AI models that drive them, will empower both 

individuals and organizations in a more efficient and equitable hiring ecosystem 

[18][30]. To sum up, whereas analyzers of resumes have already revolutionized the 

process of recruitment, their actual power is much beyond that. Addressing current 

limitations and harnessing emerging trends will open doors for more robust, scalable, 

and equitable systems.   
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6. Conclusion  

Resume analyzers have become very effective machines in the automation of 

recruiting and will benefit from a lot of advantages in parsing, analyzing, and ranking 

resumes effectively. They not only minimize the timelines of recruitment but also 

establish sound decision-making with advanced technologies NLP, ML, and DL. The 

tools have limitations due to problems like biases in training data, computational costs, 

and inability to deal with diverse or unstructured resumes.   

While the most advanced multimodal analysis and hybrid deep learning approaches, 

like Siamese BERT and DeepSkillNER, have reached the highest accuracy values up 

to 94% and are highly effective for large-scale and domain-specific recruitment, they 

are still constrained by high computational resource requirements and diminished 

performance on unconventional resume formats. Neural Networks, combined with 

NLP techniques such as Conditional Random Fields (CRF), are successful in 

structured data extraction, achieving 90% accuracies or more, but are ineffective in 

handling diversified linguistic structures and formats. Traditional machine learning 

and NLP approaches provide lightweight solutions suitable for low-resource 

environments and achieve moderate accuracies of around 85%-90%. However, these 

approaches are less efficient in handling complex or unstructured data compared to 

their deep learning counterparts.   

To overcome the currently existing limitations, future research must work to reduce 

bias and scale up the process while developing lightweight, multilingual models. 

Integration with job market analytics and lifelong resume development platforms 

presents exciting avenues for improving both candidate and recruiter experiences. 

Resumes analyzers are part of the recruitment system of the future, but this will only 

be fully realized by continued innovation and a renewed focus on inclusivity.   
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