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ABSTRACT—  

Extracting keywords is an effective approach for distilling the main content of a text. However, swiftly extracting useful information from numerous documents 

poses a challenge. This paper introduces a novel algorithm for keyword extraction, leveraging semantic similarity metrics and multi-feature computation. Initially, 

a semantic similarity algorithm, SSDIPA (Semantic Similarity based on Distance, Information, and Property Analysis), is proposed to gauge word associations. 

Subsequently, a multi-feature tuple approach incorporating word frequency, length, span, position, and semantic similarity is introduced to assess candidate 

keywords. Finally, a feature decision tree adjusts the proportional relationships among these features to align with user preferences. Results indicate that the 

proposed algorithm surpasses other comparative methods, highlighting the efficacy of the multi-feature computation-based keyword extraction algorithm in 

enhancing accuracy. 
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Introduction 

As the Internet becomes increasingly pervasive and network technology advances rapidly, the volume of available documents has surged. Extracting 

pertinent information from this vast corpus swiftly presents a formidable challenge. Consequently, there is a growing interest in academia and IT sectors 

in algorithms and systems for automatically distilling relevant data from extensive document collections. Consequently, keyword extraction technology 

within Natural Language Processing (NLP) has emerged as a focal point of research. Keyword extraction (KE) refers to the automated process of 

identifying terms that encapsulate the essence of a document. Generally, KE methods fall into two main categories: supervised and unsupervised learning. 

Supervised learning involves training a classifier to extract target keywords from new documents, necessitating annotated training data biased towards 

specific domains. On the other hand, unsupervised methods assign weights to candidate keywords based on evaluation criteria. To overcome the 

limitations of supervised approaches, there is a pressing need to explore unsupervised keyword extraction methods based on multi-feature computation. 

This approach has demonstrated effectiveness and high performance, serving as a foundational component for various downstream tasks such as text 

classification, summarization, and information retrieval. 

RELATED WORK 

Numerous publications have covered various aspects of keyword extraction [5]. This section focuses on the related work concerning the acquisition of 

candidate keyword sets and methods for scoring words. In most keyword extraction methods, the initial step involves obtaining the candidate keyword 

set from the text. Marujo et al. [6] propose a keyword extraction algorithm based on Brown clustering to address lexical variant issues. However, this 

method overlooks that combined words within clusters may also serve as keywords. [7] compile a list of stop words using XPO6 and Ranks NL databases. 

Despite its utility, this approach yields unnecessary data, necessitating filtering of the stop words list before application. Liu et al. [8] utilize regular 

expressions to match noun phrases with specific patterns to form the candidate keyword set but face limitations in recognizing combined words. When 

using supervised approaches, the process of keyword extraction is approached as a binary classification issue. In order to assess whether or not candidate 

keywords are, in fact, keywords, classification classifiers are trained. Turney [9] employs the C4.5 decision tree induction algorithm, considering word 

frequency and position as crucial features for classification. Susan et al. [10] utilize maximum entropy partitioning to classify candidate keywords based 

on word frequency per class. Nevertheless, variations in information entropy definitions across methods may affect the efficacy of keyword extraction 

models. Aman et al. [11] construct sentence parse trees and leverage machine learning techniques to extract features from unstructured documents. 

However, supervised methods necessitate manually annotated training sets, posing challenges in consistency and scalability across domains. Conversely, 

unsupervised methods do not require model training, rendering them domain-independent and appealing to researchers. These methods primarily 

encompass statistical, linguistic, and graph-based approaches. Repar et al. [13] propose a graph-based method that consolidates redundant information 

into meta vertices. However, different parameter settings may yield disparate extraction results. Linguistic methods, like those of Pudota et al. [4], 
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incorporate linguistic knowledge and n-gram statistics to define feature sets for phrase extraction. Nonetheless, such methods may overlook semantic 

word relationships. Typical semantic similarity approaches often consider only the shortest semantic distance or information content within a semantic 

network [15][16]. Zhang et al. [17] introduce a keyword extraction method that combines Word2Vec with Text Rank to extract keywords from documents. 

However, utilizing Word2Vec for semantic information from external documents may lead to extraction inaccuracies. In contrast to previous works, a 

novel keyword extraction algorithm is proposed in this study. It introduces a comprehensive semantic similarity approach and extracts multiple features 

to score candidate keywords. A unique method is presented for obtaining candidate keyword sets, involving word root restoration, stop words list 

generation, and combined word construction based on relative position and part-of-speech. Moreover, entropy-related methods are not directly used for 

training the keyword extraction model. Instead, a specialized decision tree method, combining information entropy and decision tree induction algorithms, 

is devised to fine-tune system parameters. 

Extraction of keywords using wildcards and semantic Similarity 

n this section, the proposed algorithm for extracting keywords from text is described in detail. The algorithm consists of three discrete phases: in the first, 

a collection of candidate keywords is obtained; in the second, numerous features of the candidate keywords are extracted and scored; and lastly, the 

keyword set is produced. The architecture of the proposed algorithm is shown in Fig. 1. 

 

Fig. 1  architecture Diagram 

USE CASE DIAGRAM 

The Unified Modeling Language (Uml) Plays A Crucial Role in The Creation of Object-Oriented Software and The Whole Software Development 

Process. The Uml Primarily Use Graphical Notations to Articulate the Software Design of Projects. 

A Use Case Diagram in The Unified Modelling Language (Uml) Is A Behavioural Diagram That Is Derived from And Based on A Use-Case Analysis. 

 The Objective of a Use Case Diagram Is to Visually Depict the Functioning of A System By Illustrating The Actors Involved, Their Goals (Expressed 

As Use Cases), And Any Interdependencies Between These Use Cases.  

The Primary Objective of a Use Case Diagram Is to Illustrate the System Functions That Are Executed for Each Actor. The Roles of The Actors in The 

System May Be Show.  

 

Fig. 2 Use Case Diagram 
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CLASS DIAGRAM 

A class diagram in software engineering, as part of the Unified Modelling Language (UML), is a static structural diagram that provides a description of 

a system's structure. It illustrates the classes, attributes, operations (or methods), and interactions between the classes. This document provides an 

explanation of the specific class that includes the relevant information  

 

Fig. 3 Class Diagram 

SEQUENCE DIAGRAM 

A UML sequence diagram is an interaction diagram that illustrates the order and interactions between operations. This is a representation of a Message 

Sequence Chart. Sequence diagrams are often referred to as event diagrams, event situations, and timing diagrams.  

 

Fig. 4 Sequence Diagram 

COLLABORATION DIAGRAM  

A collaboration diagram, also known as a communication diagram, is an illustration of the relationships and interactions among software objects in the 

Unified Modelling Language (UML). These diagrams can be used to portray the dynamic behaviour of a particular use case and define the role of each 

object  
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Fig. 5 Collaboration Diagram 

DEPLOYMENT DIAGRAM 

Component diagrams are used to describe the components and deployment diagrams shows how they are deployed in hardware. UML is mainly designed 

to focus on the software artifacts of a system. However, these two diagrams are special diagrams used to focus on software and hardware components.  

 

Fig. 5 Deployment Diagram 

Conclusions 

 In the course of this research paper, we have investigated a range of machine learning algorithms that are well-suited for the organization and analysis 

of enormous quantities of Twitter data. This data comprises millions of tweets and daily text messages that are exchanged. The above-mentioned 

algorithms, such as the SPC algorithm and linear algebraic factor model approaches, demonstrate remarkable efficacy in handling sizable datasets and 

facilitate the classification of data into significant categories. It is crucial to acknowledge that the outcomes may differ marginally when the program is 

executed multiple times, owing to the variability in the retrieved tweets. To address this issue, the program was executed on three separate occasions; the 

outcomes presented herein are the mean of the three consecutives. Outputs. 

The primary objectives of this Endeavor are the development and evaluation of three distinct search mechanisms: a fuzzy search system, a multi-keyword 

dictionary with Boolean search, and a wildcard keyword search. In addition to enabling queries via AND or OR relationships among multiple keywords, 

the system integrates the top-k search preferences determined by ranking. . 
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