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Abstract: In agile development, user stories are the primary method for defining requirements. These days, managing 

user stories effectively is difficult because software projects typically contain a large number of them. A project can 

involve a large amount of user stories, which should be clustered into different groups based on their functionality’s 

similarity for systematic requirements analysis, effective mapping to developed features, and efficient maintenance. 

Unfortunately, the majority of user story clustering methods now in use require a great deal of manual work, which is 

error-prone and time-consuming. In this research, we suggest an automated framework that uses a family of machine 

learning algorithms to classify user stories. First, preprocessing the data is done in order to examine user stories and 

extract keywords from them. After that, features are taken out, which allow user stories to be automatically grouped into 

distinct categories. We use four feature extraction algorithms and six clustering algorithms. According to our 

experimental results, K-means and BIRCH clustering outperform other clustering methods, whereas cosine similarity 

and distance are the best feature extraction for user stories categorization to form the more balanced clusters as they 

both have the standard deviation is 3.08.  In case of user stories cohesion, the silhouette coefficient value is 0.225 for 

spectral with (cosine similarity and cosine distance feature extraction) is best outcome than other clustering algorithms. 

The usefulness and applicability of the suggested framework are demonstrated by this study. Additionally, it offers 

some useful recommendations for enhancing the effectiveness of user stories clustering, for example through parameter 

adjustments for enhanced feature extraction and clustering. 

 

Index Terms: User Story, Agile Development, Clustering, Standard Deviation, Silhouette Coefficient 

 

 

1.  Introduction 

Agile development embraces the continuous evolution of user requirements throughout the entire development 

process and strives for rapid software development [1]. In agile development, user stories are the primary method for 

gathering and eliciting requirements. User stories can be written easily; if they are complicated, attention must be paid 

to simplify them. For systematic requirements analysis, effective mapping to developed features, and efficient 

maintenance, user stories should be grouped into distinct groups based on their functionality similarity. A project may 

involve a large number of user stories. However, the majority of the current user story clustering is done manually, 

which is time-consuming and subject to human bias. Studies have shown that about 80% of agile methods utilize user 

stories to describe customers’ requirements for the system [2]. User stories have been the foundation for a number of 

major agile development technologies, such as release planning and iteration. User story follows the simple format not 
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only to interact with customers even also do the requirements elicitation for software developers. They developed the 

similar functions of the application and system software. Mapping of user story has become the powerful method for 

managing the user stories in agile development.  A story map will give a pictorial representation to development team 

more emphasis on outcomes of customer’s requirement. Similarity between functional requirements of software can be 

seen in user story. Similar user stories can also be assigned to similar group of development team so development team 

can plan accordingly [3]. It helps developers to develop the software as soon as possible. Mapping of user story is a 

between requirements division and methods usability.   

Additionally, the maintenance of user stories and the entire development project depend on the user story 

clustering [4]. The reason for this is that with user story clustering, a set of unlabeled user story data is identified, and 

then user stories with similar or identical functional descriptions are grouped together. Clearly planning the agile 

development process can be helpful. User story grouping is another name for user story clustering, which is the process 

of grouping user stories that are similar to one another. User story clustering has been the subject of some preliminary 

research.  

As far as we are aware, there isn't a straightforward, effective, automatic, or at least semi-automatic method for 

grouping user stories. Automating the process of forming similar user stories for large systems is challenging and time-

consuming. Prior efforts in natural language processing for Agile Requirements Engineering (ARE) have aimed to 

automate this process, particularly in clustering user stories to decompose system requirements early on. We present a 

methodology in this study for clustering and analyzing user stories. Modern machine learning approaches, such as 

feature extraction algorithms and clustering techniques, provide the foundation of the system. A vast array of empirical 

research has been carried out using publicly available datasets to evaluate the framework and its associated approaches. 

The experimental findings demonstrate that various feature extraction and clustering techniques have various effects on 

user story clustering. 

The following are this article's main contributions: 

 

 We suggest a framework for organising user stories that combines a variety of feature extraction and 

clustering techniques. 

 To assess how well various user story clustering strategies operate, we have carried out a number of 

comparative studies. 

 After analysing the trial data, recommendations for enhancing user story clustering efficacy are produced. 

2.  Related Work 

Lucassen et al. invented a conceptual model that elicitation concept for user story and form clusters using semantic 

similarity [5]. Wautelet et al. [6] generates the relation diagram to manage the user stories and clustered through 

merging and decomposition. Dimitrijevic et al. proposed that need of tool for management of user stories [7]. Carl Yang 

et al. [8] applied k-means with silhouette analysis on the feature combinations and created four clusters. Sarwosri et al. 

[9] suggested to identify the conflict between user story using clustering. The k-means and single linkage are used to 

find out conflict using silhouette values. Takwa Kochbati et al. [10] employed the Hierarchical Agglomerative 

Clustering algorithm to group the semantically similar requirements and provide an early decomposition of the system. 

Bo YANG et al. [2] gives a study and framework for user story clustering where k-means, spectral and DBSCAN 

clustering algorithms are used and features extractions TF-IDF, doc2vec and TCNN are considered. Rizqy Ahsana Putri 

et al. [11] suggested that k-means clustering improves the performance of user story clustering in agile development. 

Anže Mihelič et al. [12] identified the key activities, artifacts and roles in agile engineering of secure software by using 

hierarchical clustering. Bo YANG et al. [13] evaluated the assessment of various machine learning based user story 

clustering where 5 feature extraction and 7 clustering algorithms are used. As per result analysis, k-means and 

hierarchical clustering performs better than others. Fredy H. Vera-Rivera et al. [14] gives semantic grouping of user 

stories to identifying microservices while optimizing for low coupling, high cohesion, and high semantic similarity.  

Some other requirement tools are available such as Kanboard, Leangoo and visual diagram to manages the user 

requirements [15].  As a basis for clustering, software requirements analysts read and evaluate user story intent 

information. This manual work can be completed quickly if there are fewer user stories. However, when the number of 

user stories grows, manual clustering may produce incorrect or inaccurate clustering results. It's important to note that 

this procedure takes a lot of time. A method for automatically clustering user stories is urgently required because it will 

greatly reduce energy consumption and promote the construction of user story mapping [16]. However, to the best of 

our knowledge, there is not yet a straightforward, effective, automated, or at least semiautomatic, method for clustering 

user stories. An approach based on Natural Language Processing (NLP) is presented in this paper. Here in this paper, 

propose a framework for clustering of user story to improve the performance of agile software development. In the 

approach, format of user story considered first for analysing and extract the task section from given user story. After 

extraction, similarity of user story is being calculated. The contribution of the paper is described below. 

This paper proposed a framework, analysis of user story is done and feature extraction of ―I want‖ section from 

user story. Through similarity calculation, adjacency matrix is obtained. Prepare the clusters of user story using various 

clustering algorithms. 
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2.1  Motivation 

To form a cluster of user stories takes heavy scenario procedure which normally a time-consuming process. Most 

of the time, the user story clustering is done by hand. When requirements change, a lot of user stories can be created and 

stored in the backlog, especially in many real-world scenarios. The productivity of agile development will suffer as a 

result of this manual clustering and mapping of user stories. As a result, it is imperative that a clustering approach be 

developed to automatically group the complex user stories in the backlog. 

The manual clustering of these user stories might take 3-5 minutes in the previous small-scale example. However, 

if there are a lot of user stories (like Baidu's daily addition of more than 6,000 user story cards [7]), the manual 

clustering method will take a lot of time and be prone to errors. As a result, research into automated methods for 

clustering user stories is necessary 

3.  Approach 

3.1  Clustering framework for user story 

The proposed clustering framework for user story consists of feature extraction and clustering. In first step, 

―WHAT‖ section extracted from user story then find out the similarity measures and perform clustering approaches on 

similarity measures to obtained clusters of user stories. 

3.2  Feature extraction 

The requirement of features is necessary to identify the content of user story. It has stop word, lemmatization and 

word division. A user story contains the three sections: Who, What and Why. ―WHO‖ section describes the role, 

―WHAT‖ section describes the task and ―WHY‖ section describes the goal. Initially we have all three sections 

consideration and later feature extraction extracts the ―What‖ section from user story which is part of word division. As 

―WHAT‖ section describes the task of the user story which is operational method. A user story defined as Who (as a), 

What (I want) and Why (So that). Clustering basically implemented on the basis of keywords appear in What section. 

Here the decomposition of irrelevant words from user stories as no reflection of functional needs. Due to usage of these 

words impact the performance of clustering. Stop words and lemmatization both also make the improvement in 

clustering of words during the feature extraction. Keywords appearances in user stories after preprocessing, may lead to 

creating the clusters of operational words. 

3.3  Clustering of user story 

User story clustering follows the below steps shown in figure. 1.  

1. After data preprocessing, in feature extraction, finds out the count vectorization, TF-IDF, cosine similarity 

values of selected words. 

a. Countvectorizer(t, d) is used convert the text into numerical data. 

b. TF-IDF calculation 

TF= term frequency 

IDF=inverse document frequency 
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c. Cosine distance=1-cosine similarity 

2. Adjacency matrix obtained by similarity measures. 

3. Apply various clustering algorithms to have the clusters of selected words of user stories. 

4. Find the silhouette coefficient and standard deviation parameters of clusters. 
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Fig. 1. Flow of proposed work 

3.4  Example illustration 

Let us have an example to elaboration of our approach. For example, suppose that 5 user stories are considered of 

user stories: 

User story 1: As a Public User, I want to Search for Information, so that I can obtain publicly available information 

concerning properties, County services, processes and other general information. 

User story 2: As a ProspectiveApplicant, I want to research requirements and to select a service, so that I can find 

the relevant service and/or application type to initiate via the online portal. 

User story 3: As an Applicant, I want to Request PreApplication Assistance, so that I can receive a response to a 

request for a meeting or information that is a result of the preapplication assistance. 

User story 4: As a Customer, I want to Create a Customer Portal User Account, so that I can log on to the 

Customer Portal and perform transactions that first require user authentication. 

User story 5: As an Applicant, I want to Submit Application, so that I can provide my information, plans and/or 

documents to initiate a transaction with the County. 

Firstly, extract the feature what section from given 5 user stories. The following output is obtained: 

I want to Search for Information. 

I want to research requirements and to select a service. 

I want to Request Pre-Application Assistance. 

I want to Create a Customer Portal User Account. 

I want to Submit Application. 

Secondly, at runtime stop words implemented to find the operational words only. Because the operational 

keywords are meaningful for functional requirements of user story and stop word have no worth. Operational keywords 

are search, information in story 1 and story 2 is having research, requirements, select and service. Under story 3, the 

keywords are request, preapplication and assistance. Keyword create, customer, portal, user and account are come under 

story 4 and submit, application are under story 5. In third step, obtain the adjacency matrix of similarity measures such 

as count vectors, TF-IDF, cosine similarity and distance as well. In fourth step, applying the distinguish clustering 

algorithms on similarity measures to form the clusters. In last step, obtain the silhouette coefficient value to get the 

closeness of user stories. 

4.  Experiment 

We conduct the comparative experiments to assess the effectiveness of clustering algorithms.  

4.1  Research Questions 

This work basically answers the following questions. 
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RQ1: How to affect the effectiveness of user story clustering? 

RQ2: How similarity measures are helpful to perform the user story clustering? 

RQ3: Is cluster formation done in order to assess the effectiveness of agile development? 

RQ4: Which similarity measure for user story clustering is more efficient than others? 

RQ5: To improve the cohesion between user stories which clustering algorithm is best? 

4.2  Dataset Description 

The proposed model for clustering need of user story collection in order to make clusters. The collection of user 

stories available publicly approximate 18 files [17], where each file contains approximate in between 47 to 138 user 

story entries. The statistical representation of dataset where description, size, words, WHO, WHAT and WHY entries 

described in Table 1. 

Table 1. Characteristics of dataset 

SR. NO. DESCRIPTION SIZE WORDS WHO WHAT WHY 

1 

online stage for conveying straightforward data on US 

government spending 98 2091 98 97 49 

2 

electronic system for managing land in the Loudoun 

County, Virginia 57 1579 57 57 57 

3 online platform to encourage recycling of waste 51 1287 51 51 45 

4 
website that makes it easy to see how much the 

government spends 53 1640 53 53 52 

5 first version of the website for the scrum alliance 66 1750 66 66 62 

6 
the redesign and discovery of content for the new 

version of the NSF website 97 2581 97 97 94 

7 App for parents and camp administrators 73 1749 73 73 56 

8 first rendition of the planning-poker site 47 1397 47 47 47 

9 stage to find share distribute information on the web 67 1844 67 67 67 

10 the board data framework for duke university 66 1537 65 65 4 

11 

simplified toolbox for quick and easy Hadoop 

development 64 1627 64 64 4 

12 

Portal for the management of research data at Oxford 

University and Southampton 102 2213 102 102 20 

13 

personal assistant with interactive features for active 

aging and independent living 138 2445 138 138 9 

14 
platform for registration and management for the 

conferences 67 1793 67 67 67 

15 plans for machine-adjustable data management 83 2246 83 83 83 

16 achieving information system accessible online 56 876 56 56 0 

17 university of Bath's official repository for data 100 2016 100 100 1 

18 Cornell University's digital content management system 115 3314 115 115 62 

4.3 Pre-processing 

Tokenization, stop words, stemming and lemmatization are used to make dataset ready for the further process in 

the pre-processing phase of proposed work. So that relevant keywords of user story are focused at the time of clustering 

and requirement implementation. NLP provides text preparation techniques, converting raw text into cleaned tokens. 

Tokens, individual or grouped words, are then counted by frequency, serving as analysis features. Cleaning and 

tokenization, or text data purification, stop word removal, stemming or lemmatization, and four more steps make up the 

preprocessing process shown in figure 2. The fact that a word might have several interpretations based on its context or 

part of speech is a challenge for stemming and text analytics in general. This issue is addressed by lemmatization, which 

incorporates the part of speech into the rules that categorize word roots. 
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Fig. 2. Pre-processing phases 

4.4  Feature extraction 

To describe proposed work, various feature extraction techniques are used. To translate the documents into 

numerical representation, feature extraction techniques are used to represents the documents in the form of metric. 

When two-dimensional data is ready, easy to implement the clustering algorithms along with x and y axis.  Feature 

extraction is used to work with words frequency. Feature extraction algorithms are described below: 

Count vectorizer [18]: - It is used to convert the document text into numerical data which is term vectors or token 

count. In which involvement to have number of occurrences of words in a document. It has the format of matrix where 

rows and columns are represented as text token and numerical value of word appearance. Each word can be appeared in 

different sentences and document as well. 

TF-IDF [19]: - It stands for term frequency inverse document frequency, and used to calculate how relevant those 

words are to given document. It has two statistics TF and IDF, that used to reflect how a word is significant to a 

document in corpus. It allows for a more accurate representation and support of intuitive approach to weight words. 

Cosine similarity [20]: - It is a popular method to find out that how vectors of two words are similar. Usage of 

cosine is to have the angle between two vectors to obtain how two or more documents are similar. To find out the 

cosine similarity, initially find the vectorization then TF-IDF. In cosine similarity, dot product between vectors and 

magnitude calculated. In case of trigonometry purpose, cos(theta) angle lies between 0 and 1. 

Cosine distance [21]: - Cosine distance defined as 1- cosine similarity. For example, if two vectors are in same 

direction then similarity is 1 where cos(theta)=1 and theta angle is 0 whereas distance is 0 which is 1-1=0. 

4.5  Clustering algorithms 

Grouping of unlabeled user story dataset is not easy task, need to extract the labeled feature from existing dataset. 

Feature extraction converts the textual dataset into numerical value so that cluster algorithms are able to implement on 

that data. Clustering is used to form the clusters of user stories on behalf of similarity measures. Clustering techniques 

are better suited for more complex processing tasks, such as organizing large textual datasets into clusters of user stories. 

They are useful for identifying previously undetected patterns in user story and can help identify features useful for 

categorizing the user stories. Following algorithms are used to form the clusters of user stories to make development 

easy. 

K-means [22]: - The aim of this clustering algorithm is to partition the n datapoints into k clusters. It is type of 

unsupervised learning which works for unlabeled data and also a centroid based where calculate the distance between 

datapoint and centroid. Each datapoint belongs to the cluster with the nearest mean and find the optimal centroid. 

K-medoid [23]: - It is an extended version of K-means clustering algorithm and also works for unlabeled 

datapoints. It is used in domains that require robustness to outlier data and arbitrary distance metrics. 

Agglomerative hierarchical [24]: - It supports bottom-up approach where each datapoint considered as cluster later 

two similar datapoints together makes a cluster. This procedure follows iteration for all datapoints to be the part of 

clusters. Distance between two clusters if closest then it will be important to form clusters, it is known as linkage 

method. Hierarchical clustering follows the tree like structure used to hold each iteration a memory.  

BIRCH [25]: - To focus on the running time and large dataset, regular clustering does not scale well. So, Balanced 

Iterative Reducing and Clustering using Hierarchies (BIRCH) is able to perform better than others on large dataset. It is  
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also advanced than k-means clustering for noise datapoints. In this clustering no need to require dataset in advance at 

initial stage. Parameters used to implement BIRCH are threshold, factor of branching and number of clusters. 

Spectral [26]: - It is focused on the graph partitioning problem, where each datapoint worked as graph node. It is a 

flexible and also allows to make clusters of non-graph data. It uses the information from spectrum of eigenvalues of 

matrices from the dataset. Is used for both types of data graph and arbitrary data. 

Mini-batch K-means [27]: - It is also version of K-means algorithm which is used for small, fixed and random size 

of batches to store in memory. In each iteration, randomly datapoints is collected and used to make the clusters. It 

reduces the computational cost to find out a cluster. It performs on large dataset to get better performance in terms of 

run time than K-means algorithm. 

K-means is best used on smaller data sets because it iterates over all of the data points. K-medoids minimizes a 

sum of pairwise dissimilarities instead of a sum of squared Euclidean distances. BIRCH algorithm works better on large 

data sets than the k-means algorithm. Spectral clustering can be more robust to noise and outliers in the data. 

Agglomerative clustering is best at finding small clusters. Mini-batch K-means useful when the data is too large to fit in 

the memory and traditional K-means can't be applied. 

In this proposed work, first considered a feature extraction algorithm and then implemented clustering algorithms 

to form the clusters of user stories. There are combinations of clustering algorithms with feature extraction to get the 

performance level of user stories. In experiment phase of proposed work, 6 clustering and 4 feature extraction 

techniques have been used to analyze the performance. 

4.6  Performance metrics 

To obtain the effectiveness of clustering algorithm need to have silhouette coefficient value metric[28]. This value 

indicates that how datapoints of its own cluster closed each other which is cohesion and also compared to other clusters.  

The value lies in-between -1 and +1, where 1 means closeness and compactness of datapoints under clusters and -1 

means worst value which indicates the overlapping. silhouette coefficient value is calculated with mean of intra cluster 

distance denoted by A and mean of nearest cluster distance denoted B for each datapoint. The silhouette coefficient 

value is denoted by S(i) for each datapoints, which as follows. 

 

 ( )  
 ( )  ( )

    * ( )  ( )+
                                                                            (5) 

 

Where A(i) is denoted as average distance between i and all the remaining datapoints with in the cluster and B(i) is 

for average distance from i to all clusters. 

Another parameter is standard deviation which is used to know that how the balanced clusters of user stories are 

formed. A smaller standard deviation means your data points cluster closely around the mean, while a larger one 

suggests more spread. In case of user story clustering, low standard deviation means user stories are closer to other with 

in cluster. The formula for standard deviation as follows. 

 

                   √
∑ (    ̅)

  
   

   
                                                          (6) 

where:   =Value of the i
th

 point in the data set 

 ̅=The mean value of the data set 

n=The number of data points in the data set 

Dunn index and Davies–Bouldin index parameters are also used to validate and analysis the clusters. Where Dunn 

index identifies groups of clusters that exhibit both compactness and low variance among their members and Davies–

Bouldin index expresses the similarity between clusters. But proposed work focused on the similarity of user stories of 

cluster and how the user stories are binding with in a cluster. 

5.  Result Analysis and Evaluation 

RQ1: How to affect the effectiveness of user story clustering? 

Usually, user story has three terms which are who, what and why. Each term has their importance to define the 

user story which affects the user story clustering performance. This paper extracts these terms from user story shown in 

figure 3, where extraction shows the completeness of the user stories.  
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Fig. 3. Three terms (who, what and why) of user story 

As completeness level of user story depends on all three terms. User story text file US2, US3, US4, US5, US6, 

US7, US8, US9, US14 and US15 have the high-level completeness and, US1 and US18 are on mid-level completeness 

whereas US10, US11, US12, US13, US16 and US17 are coming under low level completeness due to terms missing. 

High-level completeness of user story files lies between 75 and 100%, mid-level percentage is in between 50 and 74% 

and for low level range is in between 0 to 49%. The number of user story files with their completeness level shown in 

figure 4. 

 

 

Fig. 4. Completeness level of user stories 

RQ2: How similarity measures are helpful to perform the user story clustering? 

To determine how similar two user stories are, similarity measures are used. Several similarity measures are 

frequently utilized in clustering. The significance of measuring distances and similarity in clustering helps to rectify the 

relationships and patterns between user stories. It improves the accuracy of clustering algorithms by calculating the 

similarity between user stories and can make clusters of similar user stories and also minimize the number of 

misclassified user stories. By using similarity measures, clustering algorithms can work quickly and accurately on huge 

datasets which reduces the complexity of computation. Similarity measures enable to implement different clustering 
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algorithms. Proposed worked on count vectorization, TF-IDF, cosine similarity and, cosine distance. As the comparison 

between distance measures, cosine similarity is more robust than others and make efficient computation. Cosine 

similarity is best suited for text classification and information retrieval. 

RQ3: Is cluster formation done in order to assess the effectiveness of agile development? 

In order to form the clusters of user stories, different algorithms are implemented on dataset. These clustering 

algorithms formed the clusters on the basis on following similarity measures such as count vectorization, TF-IDF, 

cosine similarity and, cosine distance as show in figures. The number of clusters is taken as 10. Each cluster formed 

with their similar user story on the basis of measures. As comparison, spectral clustering is formed cluster more 

effectively than others when CV is used as similarity measure shown in figure 5, it has standard deviation is 3.85 which 

is lowest. 

When TF-IDF is considered similarity measure then agglomerative clustering is best than shown in figure 6. The 

standard deviation in case of TF-IDF is 6.39 which is lowest in comparison with others. 

 

 

Fig. 5. CV based cluster formation 

 

Fig. 6. TF-IDF based cluster formation
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When cosine similarity is considered as similarity measure then K-means and BIRCH clustering both are giving 

best result to form clusters shown in figure 7. The standard deviation for K-means and BIRCH cluster is 3.08 which is 

same for both. 

 

 

Fig. 7. Cosine similarity-based cluster formation 

When cosine distance is considered similarity measure then only BIRCH clustering gives output to form clusters 

shown in figure 8. The standard deviation for BIRCH cluster is 3.08. 

 

 

Fig. 8. Cosine distance-based cluster formation 
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RQ4: Which similarity measure for user story clustering is more efficient than others? 

Data with a low standard deviation are grouped around the mean, while data with a high standard deviation are 

more dispersed. Among similarity measures, cosine similarity has low standard deviation which is more efficient than 

others shown in figure 9. For K-means and BIRCH, the standard deviation is 3.08, for K-medoids, 3.39, 3.68 for 

agglomerative, 6.59 for spectral and 4.16 for mini batch K-means. The lowest standard deviation means that K-means 

and BIRCH are more efficient than other for user story clustering to form the clusters more balanced.  

 

 

Fig. 9. Standard deviation on different features extraction 

RQ5: To improve the cohesion between user stories which clustering algorithm is best? 

As figure 10 shows that cosine similarity and distance both marked silhouette coefficient value on and above 0.20 

as comparison to CV and TF-IDF using clustering algorithms. The comparison between clustering algorithms shows 

that spectral clustering is giving best result than others which has 0.225 silhouette coefficient value for cosine similarity 

and distance. Mini-batch K-means is also performed better which has 0.221 silhouette coefficient value for cosine 

similarity and distance. Agglomerative also has the optimized results which has 0.216 silhouette coefficient value for 

cosine similarity and distance.   

 

 

Fig. 10. Silhouette coefficient values on different features extraction 
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6.  Discussion 

Our research shows that when it comes to user story clustering, proposed work can assist clients and developers in 

getting the best possible outcomes. The user-centered design should be reflected in the user stories that are produced. 

Furthermore, the related function must pass the user acceptability test when it is developed. Because of this, user stories 

should be created iteratively, involving collaboration between engineers and clients. Better results in the user stories and 

created features may be attained by clustering user stories according to the customer and developer's discussions.  

For the result analysis, two parameters standard deviation and silhouette coefficient are used in user story clustering. 

When clusters of user stories are formed then first check whether the clusters are formed balanced or not which depends 

on the standard deviation value. If the standard deviation value is minimum then formed balanced otherwise not. For K-

means and BIRCH with cosine similarity measure, the standard deviation value is 3.08 which shows that balanced 

clusters. The cosine similarity is best suited to form the balanced clusters using K-means and BIRCH clustering 

algorithms. Another parameter is silhouette coefficient where high value indicates the high cohesion and low indicates 

the low cohesion between user stories with in cluster. The silhouette coefficient value of spectral clustering is 0.225 

which higher than other cluster algorithms with cosine similarity and distance measures. That shows the high cohesion 

between the user stories of a cluster. Another high silhouette coefficient value is 0.221 which is of mini-batch K-means 

also has the second highest value for high cohesion with same measure. 

7.  Conclusion 

In this paper, we suggested a framework based on four feature extraction approaches and six clustering algorithms 

to categorize user stories. A series of experiments were carried out utilizing these techniques. The outcomes of the 

experiment demonstrated how well our approach may assist in clustering user stories. Furthermore, we offer 

recommendations on how to modify the framework's method's parameters. Proposed worked on count vectorization, 

TF-IDF, cosine similarity and, cosine distance. As the comparison between distance measures, cosine similarity is more 

robust than others and make efficient computation. Cosine similarity is best suited for text classification and 

information retrieval. As comparison, spectral clustering is formed cluster more effectively than others when CV is used 

as similarity measure shown in figure 4, it has standard deviation is 3.85 which is lowest. When TF-IDF is considered 

similarity measure then agglomerative clustering is best than others. The standard deviation in case of TF-IDF is 6.39 

which is lowest in comparison with others. When cosine similarity is considered as similarity measure then K-means 

and BIRCH clustering both are giving best result to form clusters. The standard deviation for K-means and BIRCH 

clustering is 3.08. The lowest standard deviation means that K-means and BIRCH are more efficient than other for user 

story clustering to form the clusters more balanced. The comparison between clustering algorithms shows that spectral 

clustering is giving best result than others which has 0.225 silhouette coefficient value for cosine similarity and distance. 

By automatically clustering user stories and extracting features to aid in the speedy generation of user story 

mapping, this study is a part of a human-computer collaboration to produce a user story clustering. Additionally, using 

an ensemble might be a viable course of action. We will think about how to apply the ensemble strategy to enhance user 

story clustering performance. This work will also be helpful where the large number of user stories presented which 

improves the development phases of agile software. 
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