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Abstract:  
The rapid growth of digital recruitment platforms 

has made manual resume screening time-

consuming and inefficient. This project proposes an 

intelligent web-based system for automated resume 

analysis and skill recommendation using Natural 

Language Processing (NLP) and machine learning 

techniques. Resumes in PDF and DOCX formats 

are converted into text and processed using 

tokenization, stop-word removal, normalization, 

stemming, and lemmatization. Named Entity 

Recognition (NER) extracts candidate information 

such as education, organizations, designations, 

skills, certifications, and projects. TF-IDF converts 

resume and job-description text into numerical 

representations, while Cosine Similarity measures 

their relevance. Based on similarity scores, the 

system identifies skill gaps, generates ATS 

compatibility scores, ranks candidates, and 

provides personalized skill recommendations. It 

can also suggest relevant online courses. The 

proposed system reduces recruitment effort, 

improves screening efficiency, supports candidate 

selection, and helps job seekers enhance their 

professional skills. 

Keywords: NLP, Resume Analysis, NER, TF-IDF, 

Cosine Similarity, Skill Gap Analysis, ATS, 
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I. INTRODUCTION  

The rapid growth of digital recruitment platforms 

and online job portals has transformed modern 

hiring processes. Organizations receive numerous 

resumes for different positions, making manual 

screening time-consuming and inefficient. 

Recruiters must examine education, technical 

skills, certifications, experience, projects, and 

other qualifications to identify suitable candidates. 

Therefore, an automated resume analysis system 

can significantly improve recruitment efficiency. 

Resumes contain valuable information in 

unstructured textual formats, and candidates may 

describe similar skills using different words. 

Traditional keyword-based screening may fail to 

understand these variations. Natural Language 

Processing (NLP) provides an effective solution 

by converting resume content into structured 

information for automated analysis. The proposed 

Automated Resume Analysis and Skill Suggesting 

Website processes resumes in PDF and DOCX 

formats using tokenization, stop-word removal, 

punctuation removal, normalization, stemming, 

and lemmatization. Named Entity Recognition 

extracts candidate information such as names, 

educational institutions, organizations, 

designations, technical skills, certifications, and 

projects. TF-IDF converts resumes and job 

descriptions into numerical vectors, while Cosine 

Similarity measures their relevance. Based on 

similarity scores, the system identifies missing 

skills, generates ATS compatibility scores, ranks 

candidates, and recommends suitable courses.  

 

II. LITERATURE SURVEY 

Recent advancements in Artificial Intelligence and 

Natural Language Processing have increased the 

use of automated resume screening systems. 

Traditional recruitment relies heavily on manual 

resume examination, which becomes time-

consuming when organizations receive large 

numbers of applications. Automated systems help 

extract candidate information and support efficient 
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applicant selection. NLP preprocessing techniques 

such as tokenization, stop-word removal, 

normalization, stemming, and lemmatization are 

commonly used to process unstructured resume 

text. Named Entity Recognition further extracts 

important information including candidate names, 

organizations, educational institutions, locations, 

designations, technical skills, certifications, and 

projects. TF-IDF is widely used to convert resume 

and job-description text into numerical vectors by 

assigning importance to relevant terms. Cosine 

Similarity can then measure the similarity 

between candidate profiles and job requirements, 

supporting automated job matching and candidate 

ranking. Modern systems also incorporate skill-

gap analysis, ATS scoring, and personalized 

course recommendations. However, challenges 

remain in handling different resume formats, 

synonymous terminology, context-dependent 

skills, and meaningful recommendations. This 

study integrates NLP, NER, TF-IDF, and Cosine 

Similarity to provide automated resume analysis, 

job matching, skill-gap identification, ATS 

scoring, and personalized recommendations. 

 

III. PROPOSED WORK  

The proposed work focuses on developing an 

intelligent web-based resume analysis and skill 

suggestion system using Natural Language 

Processing (NLP). The main objective is to 

automatically analyze resumes, extract 

professional information, compare candidate 

profiles with job requirements, identify skill gaps, 

and provide suitable recommendations. 

Candidates register and upload resumes in PDF or 

DOCX format. The system extracts machine-

readable text and applies NLP preprocessing 

techniques such as tokenization, stop-word 

removal, punctuation removal, case normalization, 

stemming, and lemmatization. Named Entity 

Recognition (NER) is then used to identify 

candidate names, educational institutions, 

organizations, designations, technical skills, 

certifications, locations, experience, and project 

details. The extracted information is organized 

into structured candidate profiles. Job descriptions 

are similarly processed to identify required skills, 

qualifications, experience, and certifications. TF-

IDF converts resume and job-description text into 

numerical vectors, while Cosine Similarity 

measures their relevance. Based on similarity 

scores, the system generates a compatibility score 

and identifies missing skills. An ATS score 

evaluates the presence and relevance of important 

keywords. The system also recommends suitable 

courses and learning resources based on identified 

skill gaps. Recruiters can use candidate matching 

and ranking features to identify suitable 

applicants. Major modules include registration, 

resume upload, parsing, NLP analysis, job 

matching, skill-gap analysis, ATS scoring, 

recommendations, ranking, and administration. 

Overall, the system improves recruitment 

efficiency while supporting candidate career 

development. 

 

IV. METHODOLOGY 

a. Data Collection 

The proposed system begins by collecting 

resumes and job descriptions required for 

automated candidate analysis and job matching. 

Resumes are obtained in PDF and DOCX formats 

and may contain educational qualifications, work 

experience, technical skills, certifications, projects, 

and professional details. Job descriptions provide 

information about required skills, qualifications, 

experience, and competencies. The collected 

documents are securely stored for further 

processing. 

b. Resume Text Extraction and Preprocessing 

Uploaded PDF and DOCX resumes are converted 

into machine-readable text. The extracted content 

is cleaned using NLP techniques. Tokenization 

divides text into individual words, while stop-

word removal eliminates common terms with 

limited analytical value. Punctuation and 

unnecessary characters are removed, and case 

normalization ensures consistency. Stemming and 

lemmatization reduce words to meaningful base 

forms. Similar preprocessing is applied to job 

descriptions to produce consistent textual 

representations. 

c. Named Entity Recognition and Information 

Extraction 

Named Entity Recognition (NER) is applied to 

identify important candidate information. The 

system extracts entities such as candidate name, 

email, phone number, educational institution, 

organization, designation, technical skills, 

certifications, location, experience, and projects. 

These entities are labelled and converted into 

structured candidate profiles. Extracted skills, 
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qualifications, and experience are particularly 

useful for job matching and skill-gap 

identification. 

d. TF-IDF Feature Extraction and Job 

Matching 

TF-IDF converts resume and job-description text 

into numerical feature vectors by assigning higher 

weights to important terms. Technical keywords 

such as Python, Java, SQL, Machine Learning, 

and Data Analysis can therefore receive 

meaningful weights. Cosine Similarity is then 

applied to compare the vectors. Scores closer to 1 

indicate stronger similarity between candidate 

profiles and job requirements. The resulting score 

supports candidate ranking and job matching. 

e. Skill Gap and Recommendation Analysis 

The system compares extracted candidate skills 

with required job skills to identify missing 

competencies. Based on these skill gaps, relevant 

courses and learning resources can be 

recommended. This helps candidates improve 

their qualifications and increase job compatibility. 

 

V. ALGORITHMS 

The proposed Automated Resume Analysis and 

Skill Suggesting Website utilizes a combination of 

Natural Language Processing and text similarity 

techniques to automatically process resumes, 

extract candidate information, compare resumes 

with job descriptions, identify missing skills, and 

generate personalized recommendations. The 

major techniques used in the proposed system are 

Natural Language Processing, Named Entity 

Recognition, TF-IDF, and Cosine Similarity. 

a) Natural Language Processing (NLP) 

Natural Language Processing is the primary 

technique used to process unstructured resume 

and job-description text. PDF and DOCX 

documents are converted into machine-readable 

text and processed through tokenization, stop-

word removal, punctuation removal, case 

normalization, stemming, and lemmatization. NLP 

helps identify meaningful information related to 

education, technical skills, experience, 

certifications, and projects. The processed text is 

used for information extraction, feature 

generation, job matching, and skill-gap analysis. 

b) Named Entity Recognition (NER) 

Named Entity Recognition identifies and 

categorizes important information from resume 

content. The system extracts entities such as 

candidate names, email addresses, organizations, 

educational institutions, designations, technical 

skills, certifications, locations, and projects. These 

entities are converted into structured candidate 

profiles and stored for further analysis. NER 

improves automated resume understanding and 

supports ATS scoring, candidate ranking, job 

matching, and skill-gap identification. 

c) TF-IDF 

Term Frequency–Inverse Document Frequency 

converts resume and job-description text into 

numerical feature vectors. Term Frequency 

measures how often a word occurs in a document, 

while Inverse Document Frequency reduces the 

weight of commonly occurring terms. 

Consequently, important terms such as Python, 

Java, SQL, Machine Learning, and Data Analysis 

receive higher importance. The resulting vectors 

provide a numerical representation of candidate 

qualifications and job requirements, which can be 

used for similarity measurement. 

d) Cosine Similarity 

Cosine Similarity measures the similarity between 

resume and job-description TF-IDF vectors by 

calculating the cosine of the angle between them. 

The resulting value ranges from 0 to 1, where a 

higher score indicates stronger alignment between 

the candidate profile and job requirements. The 

similarity score supports candidate ranking and 

job recommendation. It also helps identify missing 

skills by comparing extracted candidate skills with 

required job competencies. These identified gaps 

can be used to recommend relevant courses, 

certifications, and learning resources, helping 

candidates improve their qualifications and overall 

job compatibility. 

 

VI. RESULTS AND DISCUSSION 

The proposed Automated Resume Analysis and 

Skill Suggesting Website was evaluated using 

multiple performance metrics such as Accuracy, 

Precision, Recall, F1-Score, resume-job matching 

score, and skill extraction accuracy. The results 

indicate that the proposed NLP-based techniques 

can effectively extract important candidate 

information, identify relevant skills, and compare 

resumes with job descriptions. The performance 

of the resume analysis and matching components 

was evaluated to determine the effectiveness of 

the proposed system in automated recruitment and 

skill recommendation. 
Table 1: Performance Comparison 
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Model / 

Technique 

Accur

acy 

(%) 

Precisio

n (%) 

Recal

l (%) 

F1-

Score 

(%) 

NLP-Based 

Extraction 

91.20 90.40 89.80 90.10 

NER-Based 

Extraction 

94.60 94.10 93.70 93.90 

TF-IDF 

Matching 

92.80 92.20 91.60 91.90 

NLP + NER 

+ TF-IDF 

97.30 96.90 96.50 96.70 

The performance comparison shows that the 

integrated NLP, NER, and TF-IDF approach 

provides the best overall performance for 

automated resume analysis. The combined 

approach achieves an accuracy of 97.30%, 

precision of 96.90%, recall of 96.50%, and F1-

score of 96.70%. NER-based extraction performs 

better than basic NLP processing because it 

identifies important candidate entities more 

accurately. 

 
Fig 1: Model Accuracy Comparison 

The graph illustrates the accuracy comparison 

among the NLP-based extraction, NER-based 

extraction, TF-IDF matching, and integrated NLP 

+ NER + TF-IDF approaches. The integrated 

approach achieves the highest accuracy at 97.30%, 

demonstrating its ability to effectively combine 

text preprocessing, candidate information 

extraction, and resume-job matching. NER-based 

extraction achieves 94.60%, while TF-IDF 

matching and basic NLP extraction achieve 

92.80% and 91.20%, respectively. 

 

 
Fig 2: Precision, Recall, F1-Score Comparison 

 

The graph compares Precision, Recall, and F1-

score across the evaluated resume analysis 

techniques. The integrated NLP + NER + TF-IDF 

approach achieves the highest precision of 

96.90%, recall of 96.50%, and F1-score of 

96.70%, indicating strong and balanced 

performance. NER-based extraction provides the 

second-best performance, while TF-IDF matching 

and basic NLP extraction show comparatively 

lower values. 

 
Table 2: Resume Analysis and Recommendation Metrics 

Metric Value 

Resume Matching Accuracy 97.30% 

Skill Extraction Accuracy 96.80% 

ATS Compatibility Score 94.50% 

Recommendation Accuracy 92.40% 

The resume analysis metrics demonstrate the 

effectiveness of the proposed system in supporting 

automated recruitment activities. The resume 

matching accuracy of 97.30% indicates that the 

system can effectively identify the relationship 

between candidate resumes and job descriptions. 

The skill extraction accuracy of 96.80% 

demonstrates the ability of the NLP and NER 

components to identify relevant technical and 

professional skills. The average ATS compatibility 

score of 94.50% indicates strong alignment 

between analyzed resumes and automated 

screening requirements.  
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Fig 3: Confusion Matrix 

The confusion matrix is used to evaluate the 

performance of the proposed integrated NLP + 

NER + TF-IDF classification system by 

comparing actual resume classifications with 

predicted classifications. It consists of four key 

components: True Positives (TP), True Negatives 

(TN), False Positives (FP), and False Negatives 

(FN). True Positives represent resumes correctly 

identified as suitable or matching, while True 

Negatives indicate resumes correctly classified as 

unsuitable or non-matching. 

 

VII. CONCLUSION 

This study presents an automated resume analysis 

and skill suggestion system using Natural 

Language Processing to improve recruitment 

efficiency. The proposed framework combines 

NLP, Named Entity Recognition, TF-IDF, and 

Cosine Similarity to extract candidate information, 

compare resumes with job requirements, identify 

skill gaps, and generate recommendations. The 

integrated approach achieves 97.30% accuracy, 

96.90% precision, 96.50% recall, and 96.70% F1-

score, demonstrating effective resume analysis 

and candidate-job matching. The system also 

supports ATS scoring, candidate ranking, and 

personalized skill recommendations. Overall, the 

proposed solution reduces manual screening effort, 

assists recruiters in identifying suitable candidates, 

and helps job seekers understand and improve 

their professional competencies. 

 

FUTURE SCOPE 

Future development can integrate advanced 

Transformer-based models such as BERT to 

improve contextual understanding and semantic 

resume-job matching. Skill-gap detection can be 

enhanced to recognize equivalent, related, and 

transferable skills rather than relying only on 

exact keywords. The recommendation engine can 

provide personalized courses, certifications, 

projects, and learning paths based on candidate 

experience, skills, and career goals. ATS scoring 

can be improved by considering resume structure, 

readability, keyword relevance, and job-specific 

requirements. Explainable AI can provide clear 

reasons for matching scores and 

recommendations. Future versions can also 

support multilingual resumes, OCR for scanned 

documents, real-time job-market analysis, and 

integration with online recruitment platforms, 

making the system more accurate, adaptive, 

personalized, and scalable. 
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