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Abstract:- In today’s digital age, the management and 

com-munication of vast amounts of information stored in 

documents pose significant challenges. The “PPT Buddy” 

project addresses this issue by introducing an innovative 

approach to document analysis and presentation creation. 

Leveraging advanced natural language processing (NLP) 

techniques, PPTBuddy streamlines the extraction of key 

insights from documents, generates concise summaries, 

and creates visually engaging PowerPoint presen-tations. 

Central to its methodology is the utilization of the 

TextRank algorithm, which prioritizes content based on 

relevance and importance through preprocessing, TF-

IDF analysis, and similarity matrix computation. 

Furthermore, integration with the OpenAI API enhances 

content summarization capabilities. The resulting 

presentations effectively communicate essential docu-

ment aspects through extracted keywords, summarized 

text, and visuals, catering to diverse user needs and 

domains. PPTBuddy represents a significant 

advancement in document management and 

communication, offering a comprehensive solution to the 

challenges of information overload in digital documents. 

 

Keywords:- Document Summarization, Natural Language 
Pro-Cessing, Textrank Algorithm, TF-IDF, Openai API. 

 

I. INTRODUCTION 
 

In today’s digital era, there’s an overflow of information 

stored in documents like PDFs and Word files. Extracting 

important insights from these documents manually is time-

consuming and error-prone. That’s why there’s a growing 

need for automated solutions like the ”PDF Buddy” project. 

It aims to make document analysis and presentation creation 

easier by using advanced NLP techniques. By harnessing 
algorithms like TextRank, inspired by Google’s PageRank, 

PDF Buddy identifies key information and generates concise 

summaries. Additionally, it integrates the OpenAI API to 

enhance its capabilities further. With PDF Buddy, users can 

efficiently process extensive text, saving time and effort. The 

resulting PowerPoint presentations effectively convey 

essential document aspects through extracted keywords, 

summarized text, and relevant visuals. This project addresses 

the challenges posed by the abundance of information in 

digital documents, offering a streamlined solution for various 

industries and domains. 

 
Automated solutions like PDF Buddy not only improve 

efficiency but also reduce the likelihood of human error, 

ensuring the accuracy of extracted insights. Furthermore, by 

leveraging advanced NLP techniques, PDF Buddy can handle 

large volumes of documents, enabling organizations to 
process vast amounts of information in a fraction of the time 

it would take manually. This scalability makes PDF Buddy a 

valuable asset for businesses across diverse sectors, from 

finance to healthcare and beyond. 

 

Moreover, the integration of the OpenAI API adds 

another layer of sophistication to PDF Buddy’s capabilities. 

By tapping into the power of artificial intelligence, the system 

can adapt and improve over time, continuously enhancing its 

ability to extract meaningful insights from documents. This 

dynamic approach ensures that PDF Buddy remains at the 
forefront of document analysis and presentation creation, 

keeping pace with the evolving needs of users and industries. 

 

Additionally, PDF Buddy’s user-friendly interface 

makes it accessible to a wide range of users, regardless of 

their technical expertise. Whether you’re a seasoned 

professional or a novice user, PDF Buddy’s intuitive design 

makes it easy to navigate and utilize its features effectively. 

This accessibility democratizes the process of document 

analysis and presenta-tion creation, empowering individuals 

and organizations alike to harness the power of automated 

solutions. 
 

Furthermore, PDF Buddy’s emphasis on visual 

engagement enhances the effectiveness of presentations, 

capturing the attention of audiences and conveying 

information in a com-pelling manner. By incorporating 

relevant visuals alongside extracted keywords and 

summarized text, PDF Buddy ensures that presentations are 

not only informative but also visually appealing, enhancing 

audience engagement and retention. 

 

Overall, the PDF Buddy project represents a significant 
advancement in the field of document analysis and pre-

sentation creation. By leveraging advanced NLP techniques, 

integrating cutting-edge technologies like the OpenAI API, 

and prioritizing user accessibility and visual engagement, 

PDF Buddy offers a comprehensive solution to the challenges 

posed by the abundance of information in digital documents. 

As organizations increasingly rely on data-driven insights to 

inform decision-making, tools like PDF Buddy will play an 

essential role in facilitating efficient, accurate, and impactful 

communication of information. 
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II. MOTIVATION AND PROBLEM STATEMENT 

 

In the realm of modern information management, the 

sheer volume and diversity of digital documents pose 

significant challenges for efficient analysis and presentation. 

PDF and Word files, ubiquitous in academic, professional, 

and research domains, often contain dense and lengthy 

content, making it arduous to distill key insights quickly. 
Traditional manual methods for summarizing and presenting 

such documents are time-consuming and prone to oversight, 

leading to inefficien-cies in decision-making and 

communication. 

 

The ”PPTBuddy” project emerges from this pressing 

need to streamline the process of document analysis and 

presentation creation. Its inception is fueled by the aspiration 

to harness the power of natural language processing (NLP) 

and automated summarization techniques to extract salient 

information from documents swiftly and accurately. By 
integrating advanced algorithms and cutting-edge 

technologies, the project seeks to revolutionize the way 

individuals and organizations inter-act with digital 

documents, transforming them from static repositories of 

information into dynamic sources of actionable insights. 

 

III. LITERATURE REVIEW 

 

Document Analysis and Summarization Techniques: 

Alhojely and Kalita (2020): Recent Progress on Text Sum-

marization Alhojely and Kalita (2020) provide a compre-

hensive overview of recent advancements in text summa-

rization techniques. They categorize these methods into two 

main approaches: extractive and abstractive summarization. 

Extractive methods aim to extract important sentences or 

phrases directly from the input text, while abstractive 

methods generate summaries by paraphrasing and rephrasing 

the con-tent. The authors emphasize the three-step process 

involved in automatic text summarization: preprocessing, 

processing, and summarization. By identifying structural 
components and utilizing summarization algorithms, 

automatic summa-rization systems can effectively condense 

large volumes of text into concise summaries.(Alhojely, Suad 

Kalita, Jugal. (2020). Recent Progress on Text 

Summarization. 1503-1509. 

10.1109/CSCI51800.2020.00278. ) 

 

Janjanam and Reddy (2021): Text Summarization: An 

Essential Study Janjanam and Reddy (2021) present a com-

prehensive study on text summarization, tracing its evolution 

from traditional linguistic approaches to modern machine 
learning models. The paper explores various techniques em-

ployed in both single and multi-document summarization, 

highlighting the shift towards advanced methods. Through 

their research, the authors delve into the application of 

machine learning, graph-based algorithms, and evolutionary-

based approaches in text summarization. By analyzing the 

strengths and limitations of these techniques, the study aims 

to provide insights into the essential aspects of text sum-

marization for researchers and practitioners alike.(Janjanam, 

Prabhudas Reddy Ch, Pradeep. (2019). Text Summarization: 

An Essential Study. 1-6. 10.1109/ICCIDS.2019.8862030. ) 

 

Table 1: Literature Review of Research Papers 

Sr. NO. Author Name Title Findings 

1. Suad Alho- 

jelly, Jugal  

Kalita 

Recent Progress On 

Text Summarization 
 Text summarization methods can be classified into extractive and 

abstrac- tive summarization. 

 Automatic text summarization systems generally involve three steps: 

 Preprocessing to identify  structural components, processing to convert 

the input text into a summary using a summarization method. 

2. Prabhudas Jan- 

janam, 

Pradeep 

Reddy 

Text Summa- 

rization An Es- 

sential Study 

 Text Summarization has evolved from linguistic approaches to advanced 

ma-chine learning models. 

 The study explores both single and multi-document summarization 

techniques.  

 It explores the use of  machine learning, graph-based methods and 
evolutionary-based methods. 

3. Surabhi 

Adhikari 

NLP- based 

Machine Learning 

Approaches for Text 

Summarization 

 The paper  focuses on  structured based and semantic- based approaches for 

text  summarization. 

 Various datasets, including the CNN corpus, DUC2000 and single/ 

multiple text documents are discussed. 

4. Yue Hu  and 

Xiaojun Wan 

PPS Gen Learning 

Based Presentation 

Slides Generation 

for Academic 

Papers 

 PPSGen employs a sentence scoring model based on Support Vector Re- 

gression (SVR) to evaluate the rele- vance. 

 The system utilizes the ILP method for  aligning  and  extracting  key 

phrases and sentences from academic papers.  ILP  helps  optimize  the 

selection   of   content   for   slide generation. 

5. Priya 

Ganguly, Dr. 

Prachi 

IPPT Gen- 

Intelligent PPT 

Genera tor 

 The paper discusses extractive summarization  techniques for  content 

based presentation slide generation. 

 The extractive summarization process relies on statistical and linguistic 

features to determine the importance of sentences in the source 
document. 
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6. K. Gokul 

Prasad, Harish 

Mathivanan 

Document 

Summarization and 

Information 

Extraction for 

Generation of 

Presentation Slides 

 This approach  is  a  pioneering  effort  in  the  field  of  Natural  Language 

Processing (NLP). It combines NLP methods such as segmentation, 

chunking and summarization with linguistic features like word ontology, 

noun phrases, semantic links, and sentence centrality. 

 The system utilizes two tools, Monty Lingua for chunking and Doddle  for  

creating  an  ontology represented as an OWL file, to assist in language 

processing. 

 

Adhikari (2020): NLP based Machine Learning Ap-

proaches for Text Summarization Adhikari’s research fo-
cuses on the application of natural language processing (NLP) 

and machine learning approaches in text summarization. By 

leveraging structured-based and semantic-based methods, the 

study aims to generate concise summaries that cap-ture the 

essence of the original text documents. Adhikari explores 

various datasets, including the CNN corpus and DUC2000, to 

evaluate the effectiveness of these approaches. Through their 

analysis, the author sheds light on the po-tential of NLP-based 

techniques in automating the summa-rization process and 

enhancing information retrieval tasks.(, Rahul Adhikar, 

Surabhi Monika,. (2020). NLP based Ma-chine Learning 
Approaches for Text Summarization. 535-538. 

10.1109/ICCMC48092.2020.ICCMC-00099. ). 

 

Hu and Wan (2015): PPSGen: Learning-Based Pre-

sentation Slides Generation for Academic Papers Hu and 

Wan (2015) propose PPSGen, a novel approach to generat-

ing presentation slides for academic papers using machine 

learning techniques. The system employs a sentence scoring 

model based on Support Vector Regression (SVR) to eval-

uate the relevance of sentences in the source documents. 

Additionally, PPSGen utilizes Integer Linear Programming 

(ILP) for aligning and extracting key phrases and sentences, 
optimizing the selection of content for slide generation. By 

integrating machine learning and optimization algorithms, 

PPSGen offers a systematic framework for automatically 

gen-erating presentation slides from academic papers.(Hu, 

Yue Wan, Xiaojun. (2015). PPSGen: Learning-Based 

Presenta-tion Slides Generation for Academic Papers. 

Knowledge and Data Engineering, IEEE Transactions on. 27. 

1085-1097. 10.1109/TKDE.2014.2359652. ) 

 

Ganguly and Joshi (2017): IPPTGen - Intelligent PPT 

Generator Ganguly and Joshi (2017) introduce IPPTGen, an 
intelligent PPT generator that utilizes extractive 

summarization techniques for content-based slide generation. 

The system relies on statistical and linguistic features to 

determine the importance of sentences in the source 

documents, enabling it to select relevant content for 

presentation slides. By leverag-ing extractive summarization 

methods, IPPTGen streamlines the process of creating 

informative and concise presenta-tion slides, catering to the 

needs of users seeking efficient content summarization 

solutions.(Date of Conference: 19-21 December 2016Date 

Added to IEEE Xplore: 01 May 2017 DOI: 
10.1109/CAST.2016.7914947 Publisher: IEEE Confer-ence 

Location: Pune, India) 

 

 

 

Prasad and Mathivanan (2009): Document Summa-

rization and Information Extraction for Generation of 
Presentation Slides Prasad and Mathivanan (2009) propose an 

innovative approach to document summarization and 

informa-tion extraction for generating presentation slides. 

Their method combines various natural language processing 

(NLP) tech-niques, such as segmentation, chunking, and 

summarization, with linguistic features like word ontology 

and sentence cen-trality. By integrating tools like 

MontyLingua for chunking and Doddle for creating an 

ontology, the system enhances language processing 

capabilities and improves the quality of generated 

presentation slides. This pioneering effort in NLP showcases 
the potential of advanced techniques in automating the slide 

generation process and facilitating effective communication 

of information. (Mathivanan, Harish Jayaprakasam, Madan 

Prasad, K. Geetha, T.V. (2009). Document Summarization 

and Information Extraction for Generation of Presentation 

Slides. 126-128. 10.1109/ARTCom.2009.74) 

 

IV. PROPOSED SYSTEM 

 

The proposed system, named ”PDF Buddy,” aims to 

stream-line the process of document analysis and presentation 

cre-ation through the integration of advanced natural 
language processing (NLP) techniques and automated 

summarization algorithms. By leveraging these technologies, 

PDF Buddy seeks to address the challenges posed by the 

voluminous and complex nature of digital documents, 

particularly in academic, professional, and research domains 

 

 Proposed System: 

The proposed system, PPTBuddy, is grounded in the 

theo-retical underpinnings of natural language processing 

(NLP), graph theory, and artificial intelligence (AI). At its 

core, PPTBuddy aims to automate the process of document 
anal-ysis and presentation creation by leveraging these 

theoretical frameworks to extract key insights and present 

them in a concise and visually appealing manner. 

 

 Natural Language Processing (NLP): NLP forms the 

foun-dation of PPTBuddy’s document analysis 

capabilities. This theoretical framework encompasses 

various techniques and algorithms for understanding and 

processing human language. PPTBuddy utilizes NLP 

algorithms to parse through the tex-tual content of 

documents, identify important keywords and phrases, and 
generate summaries that capture the essence of the 

document. Techniques such as tokenization, part-of-

speech tagging, and named entity recognition are 

employed to extract meaningful information from the text. 
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 Graph Theory: PPTBuddy incorporates principles from 

graph theory, particularly the TextRank algorithm, to 

prioritize and rank content within documents. Inspired by 

Google’s PageRank algorithm, TextRank treats sentences 

or phrases within the document as nodes in a graph, with 

edges rep-resenting the relationship between them. By 

analyzing the connectivity and importance of each node 

in the graph, Tex-tRank identifies key sentences and 
phrases that encapsulate the most critical information in 

the document. This theoretical framework allows 

PPTBuddy to generate succinct summaries that capture 

the essential aspects of the text. 

 Artificial Intelligence (AI): The integration of the OpenAI 

API augments PPTBuddy’s capabilities by leveraging AI 

for content summarization and organization. AI 

algorithms within the OpenAI API analyze the extracted 

text, identify relevant information, and generate coherent 

summaries that capture the key points of the document. 

This theoretical framework enables PPTBuddy to 
efficiently process extensive text and condense it into 

concise summaries, enhancing the overall efficiency and 

effectiveness of the system. 

 

 
Fig. 1.  Architecture of Proposed System 

By integrating these theoretical frameworks, PPTBuddy 

creates a robust system for document analysis and 

presentation creation. The combination of NLP techniques, 

graph theory principles, and AI algorithms allows PPTBuddy 

to auto- mate and streamline the process of extracting insights 

from documents, thereby facilitating effective 

communication of essential information through visually 

engaging presentations. 
 

V. METHODOLOGY 

 

 
Fig 2: Flowchart of PPTBuddy Process 

 

A. Text Rank Algorithm 

The TextRank algorithm, inspired by Google’s 

PageRank, serves as the cornerstone of PPTBuddy’s 

document analysis process. TextRank has been widely used 

for tasks such as automatic summarization, keyword 

extraction, and document clustering. It’s known for its 
simplicity, efficiency, and effec-tiveness in capturing the 

most important information in a text document. 

 

B. Preprocessing 

The document undergoes preprocessing steps such as 

tok-enization, stop-word removal, and stemming to prepare it 

for analysis.Text preprocessing aims to remove or reduce the 

noise and variability in text data and make it more uniform 

and structured. 

 
 
 Tokenization: This is the process of breaking down text 

into smaller units called tokens. Tokens can be words, 

sentences, paragraphs, etc. Tokenization helps to split text 

into meaningful segments that can be easily processed by 

NLP models 
 

https://doi.org/10.38124/ijisrt/IJISRT24MAY1635
http://www.ijisrt.com/


Volume 9, Issue 5, May – 2024                                              International Journal of Innovative Science and Research Technology 

ISSN No:-2456-2165                                                                                                 https://doi.org/10.38124/ijisrt/IJISRT24MAY1635 

 

 

IJISRT24MAY1635                                                            www.ijisrt.com                                                                                     2754 

 Stopword removal: This is the process of removing words 

that are very common and do not add much meaning or 

information to the text. For example, ”the”, ”a”, ”and”, 

etc. Stopword removal helps to reduce the noise and size 

of text and focus on the important words 

 Punctuation removal: This is the process of removing 

punctuation marks from text, such as commas, periods, 

question marks, etc. Punctuation removal helps to elimi-
nate unnecessary symbols and make text more clean and 

simple. 

 

C. TF-IDF Analysis 

TF-IDF stands for Term Frequency-Inverse Document 

Fre-quency. It is a numerical statistic used in information 

retrieval and text mining to measure the importance of a term 

in a document relative to a collection of documents (corpus). 

  
 Term Frequency (TF): This measures how frequently a 

term occurs in a document. It is calculated as the number 

of times a term appears in a document divided by the total 
number of terms in the document. The idea behind TF is 

that terms that appear frequently in a document are 

important to that document’s meaning. 

 This measures the rarity of a term across the entire corpus. 

It is calculated as the logarithm of the total num-ber of 

documents divided by the number of documents 

containing the term. The IDF score decreases as the 

number of documents containing the term increases. The 

idea behind IDF is that terms that are common across all 

documents are less informative compared to terms that 

appear only in a few documents. 

 The TF-IDF score is the product of TF and IDF. It 

indicates the importance of a term within a document 

relative to its importance across all documents in the 

corpus. A higher TF-IDF score suggests that a term is both 

frequent within the document and rare across the corpus, 

making it more discriminative. 

 The TF-IDF score is calculated using the following 

equation: 

 

               (1) 

 

Where: 

TF (w, d) = Frequency of term w in document d 

 
N = Total number of documents 

df(w, D) = Number of documents containing term w in 

corpus D 

 
D. Word Embedding 

Word embedding is a technique used in natural language 

processing (NLP) to represent words as dense vectors in a 

continuous vector space. Here’s how it works: 

 

 Training Corpus: Word2Vec is typically trained on a large 

corpus of text data, such as a collection of documents, 

articles, or Wikipedia pages. The larger and more diverse 

the corpus, the better the word embeddings tend to be. 

 Sliding Window: Word2Vec uses a sliding window ap-

proach to extract training samples from the text corpus. 

For each word in the corpus, a context window of 

surrounding words is defined. 

 Skip-gram or Continuous Bag of Words (CBOW): 

Word2Vec offers two main training algorithms: Skip-

gram and CBOW. 

 Neural Network Architecture: Word2Vec employs a shal-
low neural network with one hidden layer to train the 

word embeddings. The input layer represents the one-hot 

encoded vector of the input word or context words, 

depending on the chosen algorithm. 

 Training: The neural network is trained using stochastic 

gradient descent (SGD) or other optimization algorithms. 

During training, the model adjusts the weights of the 

neural network to minimize the prediction error. 

 Word Embeddings: Once trained, the weights of the 

hidden layer represent the word embeddings. Each word 

in the vocabulary is mapped to a dense vector of fixed size 
(embedding dimension). 

 Similarity: Word embeddings allow measuring semantic 

similarity between words using vector operations like 

cosine similarity. Words with similar meanings tend to 

have vectors that are closer together in the embedding 

space. 

 

E. Similarity Matrix Computation 

A similarity matrix is computed based on the similarity 

between sentences or phrases in the document, representing 

the relationships between them. 
 

Cosine similarity is a measure of similarity between two 

non-zero vectors of an inner product space that measures the 

cosine of the angle between them. It is often used in 

information retrieval and text mining as a measure of 

similarity between documents or text passages. 

 

The cosine of the angle between two vectors A and B is 

given by: 

 

 
 

Where A · B denotes the dot product of vectors A and 

B, and ∥A∥ denotes the Euclidean norm of vector A. 

 

F. Graph-Based Ranking 

Text Rank is an extractive algorithm for text 

summarization that is based on the PageRank algorithm used 
by Google to rank web pages. Here are the steps for the Text 

Rank algorithm for text summarization. 

  
 Similarity Matrix: Sentences having the highest simi-

larity are determined by calculating sentence similarity 

using cosine similarity. 

 Converting Similarity Matrix into Graph : Represent the 

text as a graph, where sentences are nodes, and edges 

represent sentence similarity. 
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 PageRank Calculation: Apply the PageRank algorithm to 

rank the importance of sentences in the graph, iterating 

until convergence. 

 Sentence Ranking: Sort sentences based on their PageR-

ank scores in descending order, indicating their impor-

tance. 

 Selection of Sentences: Choose a predetermined number 

of top-ranked sentences for the summary. 

 Summary Generation: Generate the summary by con-

catenating the selected sentences, providing a concise 

representation of the original text. 

 

Text Rank constructs a graph where nodes represent 

sentences or phrases, and edges represent the relationships 

between them. The algorithm iteratively ranks these nodes 

based on their importance using the PageRank equation: 

 

          (2) 
 
v∈In(u) 
 
 

Where: 

PR(u) = PageRank score of node u 

d = damping factor (typically set to 0.85) 

N = total number of nodes in the graph 

In(u) = set of nodes that link to u Out(v) = out-degree of node 

v 

 

G. Integration with Open AI API 
PPTBuddy integrates with the OpenAI API to enhance 

its content summarization capabilities. Through the OpenAI 

API, PPTBuddy leverages artificial in-telligence to further 

refine and condense extracted information from the 

document. 

 

VI. IMPLEMENTATION 

 

In the implementation phase, we have focused on 

refining the system to seamlessly integrate textual summaries 

into the presentation slides. By leveraging advanced natural 
language processing techniques, we have successfully 

condensed the input text while retaining critical information, 

optimizing the summarization process.

 

Fig 3: Generated Presentation 
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Fig 4: Generated Presentation 

 

VII. CONCLUSION AND FUTURE WORK 

 

In conclusion, our study demonstrates the 
transformative potential of integrating advanced algorithms 

and natural lan-guage processing methodologies in document 

summarization. By offering a robust framework for distilling 

complex textual data into concise and structured summaries, 

our approach em-powers researchers with a valuable tool for 

efficient knowledge synthesis and dissemination in the digital 

landscape. 

 

Moving forward, our commitment to continual improve-

ment and innovation drives us to explore new avenues for 

enhancing the effectiveness and utility of our system. 

Through ongoing research and development efforts, we strive 
to further advance the state-of-the-art in document 

summarization and presentation generation, ultimately 

benefiting researchers and practitioners across diverse fields 

and domains. Future Work: 

 

In future work, we plan to enhance our system by incor-

porating graphical elements into the presentation slides and 

exploring more complex slide styles. We aim to automatically 

select and attach relevant tables and figures from the paper to 

the slides, improving comprehension and visual appeal. 

Additionally, we will consider incorporating information 
from related papers and citation data to enrich the content of 

the slides. Our goal is to provide a more comprehensive 

overview of the topic and further streamline the process of 

knowledge dissemination. 
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