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Abstract. Since one of the most important practices in any software develop-
ment lifecycle is Requirements Engineering. Weakly applied RE is one of the
main causes for the development breakdown. Main practices of RE processes are
specification and elicitation, verification, cooperation, and implementation man-
agement. Since ULS systems are increasing in complexity and difficulty, it has
observed a growing call for smart modules, methods, and applications that would
support improving RE practices. In this paper, we focus on how various kinds of
recommendation technologies can be applied to support ULS participants in the
completion of the RE tasks; first, we provide an overview of the research related to
the application of recommendation tools in RE that was already described in a high
level. Second, we show in detail how clustering method as one of Model-based fil-
tering technique can be applied to proactively strengthen “Measuring Change Rip-
ple Effect”, Third, new ideas need to be discussed and future research explored. We
have used Natural Language Processing (NLP) and Similarity Models to support
the model.

Keywords: ULS - ULS Challenges - Software Engineering - Requirements
Engineering - NLP - Similarity Model - Change Management

1 Introduction

Change is inevitable in all large-scale projects. Changes are pushing the system to
respond to external and internal requirements changes as long as the demands change. In
previous work we were able to measure the impact of single or group of changes on ULS
requirements repository using NLP similarity model. However, the existing requirements
could be deleted or changed themselves without exposing to external change requests.

Therefore, in this paper, we propose a module to automatically cluster the existing
requirements based on similarity measures. An empirical evaluation is managed using
the same ecosystem ERP [1] dataset to evaluate our model. The experimental results
showed that the proposed model specified semantic clustering according to k-means
unsupervised clustering method.
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Since one of the most important practices in any software development lifecycle
is Requirements Engineering. Weakly applied RE is one of the main causes for the
breakdown of the development. Main practices of RE processes are specification and
elicitation, verification, cooperation, and implementation management. Since ULS sys-
tems are increasing in complexity and difficulty, it’s observed a growing call for smart
modules, methods, and applications that would support improving RE practices.

In this paper, we focus on how various kinds of recommendation technologies can
be applied to support ULS participants in the completion of the RE tasks [2].

A recommender system can be defined as any system that guides a user in a personal-
ized way according to his/her interest in useful objects in a large space, recommendation
systems are useful for suggesting products or services such as books, movies, goods,
and financial assistances. Such systems help the end customers in the selection of related
items in circumstances where the volume of varieties exceed their ability to review it
and to get a choice [3].

Low-movement items like movies and products are also suggested by observing
customer’s preferences for an equally scoring behavior. The related form of suggestion
is called Collaborative Filtering [4], Which is a clear applichation of word-of-mouth
ads where buying decisions are prejudiced by relationships and colleagues’ views:
In the event that two consumers viewed related objects in a similar manner in the
long-ago, a mutual filtering-based recommendation framework will propose to one con-
sumer new things that the other has already rated with confidence. For example, Netflix
online movies platform recommends movies already viewed by customers with a similar
ranking. [5].

A substitution tool for endorsing low-movement products is content-based filtering
[6]. It is a filtering technique in which characters of items are used by a user ranked
in the history to identify new suggestions for the same customer. For instance, where a
customer of amazon.com has purchased Linux OS-related products, books (related to
Linux) will be recommended for potential recommendation transactions. Fast-movement
or related objects such as mobiles are endorsed based on knowledge-based recommen-
dation methods, Where the Recommendation System uses predefined parameters for the
identification of a selection of candidates [7]. Usually, ranking-built recommendation
methods are not appropriate for slow-moving items since these items are not purchased
routinely and thus no recent ranking data are provided.

Collaborative recommenders are one of the recommendation methods, which pro-
vides good proposals and recommendations. Collaborative filtering (CF) methods pay
attention to the likeness and relationship among users’ favorites. Therefore, associations
among users are key instruments during the recommendation methods [8]. Recommender
system methods and organization are given in Fig. 1.
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Fig. 1. A Summary of Methods of Recommender Systems Methods and Categorization

The major contributions of this paper are the following. First, we provide an overview
of the research related to the application of recommendation tools in RE that was already
described in a high level in Sect. 2.6. Second, we show in detail how clustering method as
one of Model-based filtering technique can be applied to proactively strengthen “Mea-
suring Change Ripple Effect” described paper 3 to support ULS technical participants
in RE change management. Third, new ideas need to be discussed and future research
explored (Table 1).

Table 1. Overview of Recommendation Methods in Supporting RE

RE Activity Scenario Recommended Module | Ref
Stakeholders Recommending Stake Source Using Soo et al. [9]
Analysis Stakeholders Social Networks and
Crowdsourcing
Requirements Recommending Data Mining and Niolofar et al. [10]
Elicitation Requirements Recommendation Dumitru et al. [11]
Systems and k-Nearest | Soo et al. [12]
Neighbor Algorithm: Mobsher et al. [13]

kNN detects like-minded
users with similar rating
history

Content-based filtering
Social network analysis
Collaborative filtering

(continued)
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Table 1. (continued)

RE Activity Scenario Recommended Module | Ref
Requirements Prioritizing StakeSource2, the Soo et al. [14]
Prioritization Requirements based on | ratings of stakeholders | Chuan et al. [15]
Stakeholders position | on requirements and
and interests their impact in the
project
The method uses data
mining and machine
learning to prioritize
requirements fitting to
stakeholders’ interests,
business areas, and
concerns
Requirements Predicting based on Collaborative filtering to | Soo et al. [14]
Prediction similar stakeholders’ predict other
interest requirements [12]
Quality Finding Requirements | StakeSource2.0 which Soo et al. [14]
Assurance Conflict highlights stakeholders | Felfernig [16]
Consistency with conflicting Cleland-Huang et al.
Management preferences for [17]
Dependency detection | requirements [14]
Managing Feature Knowledge-based
requests recommendation
Clustering
Clustering
Managing Specifying uncertainty | Using MAVO to convey | Rick et al. [18]
Requirements within requirements reduction of uncertainty
uncertainty model in RE models

In the following section, we discuss existing research for requirements clustering in
support of requirements planning and change management based on the collections of
textual functional and non-functional requirements.

The basic concept is to evaluate the needs that are present in the requirements repos-
itories and to apply clustering methods for the smart classes of these user requirements
that can be evaluated in the future to identify hidden change impacts within similar
clusters and for completeness control. The module proposed is to use k-means to detect
the similarity between textual requirements. The module proposed is to use k-means to
detect the similarity between textual requirements.

2 Requirements Management

The elicitation and interpretation of requirements emphasizes the collection of require-
ments to from different stakeholders. The elicitation and interpretation of requirements
emphasizes the collection of requirements from different stakeholders. For example,
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textual requirements specifications, business processes, use cases and prototypes and
user interfaces are representative resulting artifacts [2].

Particularly in large-scale and spread software developments, it is unmanageable to
establish individual conferences on a steady base. In cases like those, users Require-
ments are also outlined in online-based discussions that respond to the difficulties of
information overwork, duplication, information imperfection and diverse participants’
deviating thoughts. C-Huang et al. [13] and C-Herrera et al. [19], in their strategies to
boost subsistence for participants in the production of ULS Systems, they illustrate the
way of using clustering methods to categorize customer requirements and further on to
allocate (recommended) participants to groups based on content-based filtering [6]. A
major driver for such an allocation of stakeholders to requirement clusters is to achieve a
succinct coverage, that is, an appropriate number of participants will evaluate and prove
each requirement.

In contrast to their tactics of recommending (assigning) stakeholders to requirement
clusters (topics), the tactics addressed in Cleland-Huang et al. [13] and Castro-Herrera
et al. [19] often pay attention to supporting participants’ requirements, focused, for
example, on the ideas of collective filtering, based on the concepts of collaborative fil-
tering for example, A big reason for implementing collaborative filtering in this scenario
was the awareness of correlation effects that help to increase quality requirements (par-
ticipants getting proposals concerning requirements they are concerned in have a high
degree of similarity of evaluating their needs). Another reason for collaborative filtering
presentation is to enhance the understanding of the requirement model when creating
adapted navigation ways for participants.

Because requirements are expressed informally on a regular basis, usually relation-
ships between requirements are illustrated in terms of conjunctions (e.g., requirement A
requires requirement B or requirement A is incompatible with requirement B) defined
by participants. Recommendation systems allow for the provision of extra information
that proactively assists participants in defining requirement relationships.

The discovery of dependence between requirements can be based, for example, on
clustering methods which are gathered into clusters of similar subjects (see, e.g., C-
Huang et al. [17]). The basic idea is that needs which are assigned to the similar group
depend on both sides. Though useful, this tactic isn’t ended up to a broad description of
the nature of reliance but then helps as a foundation for an additional investigation by
stakeholders. Fantechi and Spinicci list some initial effort related to requirements and
discovery of inconsistencies in “Open-Source Software Creation (OSSD)” based on the
“Natural Language Processing (NLP)” techniques [20].

3 Requirements Clustering

There are different methods when there is a need to generate clusters from textual require-
ments collected by ULS stakeholders. Machine learning solutions those are expended
most founded in for this resolution can be either “supervised” or “unsupervised”. In
supervised systems, classes are essentially to be predefined [21].

In supervised learning, the human experts who are involved to tag some amount
of data with predefined classification, in that case the amount of data or requirements
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are controlled by the knowledge workers. While Unsupervised learning algorithms per-
mit the automatic specification of clusters without any earlier guidance supported by
professionals [21].

Clustering in overall is a significant and valuable method that automatically classifies
a group with a considerable number of data substances into a much lesser number of
similar sets. In the specific situation of textual documents, clustering has verified to
be an operational method and an exciting investigation issue as well. It is rising even
more motivating and challenging with the growth of the internet and the development of
Web 2.0. For example, outcomes resulted from search engines are clustered to aid end
users rapidly classify and emphasis on the applicable set of outcomes. Client notes are
grouped in numerous online stores, such as netflix.com, to deliver cooperative advice. In
collaborative bookmarking or tagging, clusters of customers those have common specific
characters are recognized by their behaviors [22].

Precise clustering needs an accurate description of the nearness between a couple
of items, by either the likeness or distance. A diversity of likeness or distance methods
have been offered and broadly affected, such as the Jaccard correlation coefficient and
cosine similarity [23].

In the clustering method, we’ll also have to distinguish the dissimilarity/similarity
between two clusters or between a cluster and an entity.

3.1 Hierarchical Clustering

“Hierarchical clustering” algorithms recognized their term since they shape a set of
clusters that may be represented as a hierarchy of clusters. The hierarchy would be
built-in top to bottom (called divisive) or bottom to top (called agglomerative) style.
Hierarchical clustering methods are one of the Distance based clustering processes, i.e.,
using a similarity method to calculate the intimacy among text documents.

In the top to bottom method, it starts with single cluster that contains all the text docu-
ments. it repetitively divides this cluster into sub-sets or sub-classes. In the agglomerative
method, each document is originally reflected as a single cluster. Then sequentially the
utmost alike clusters are combined till all documents are contained in one cluster.

Three diverse merger modules for agglomerative algorithms:

1) Single Linkage Clustering: In this method, the likeness among two groups of
documents is the uppermost similarity among any couple of documents of these
clusters.

2) Group-Average Linkage Clustering: In that type of clustering, the likeness between
two clusters is the average likeness among couples of documents in these clusters.

3) Complete Linkage Clustering: within this technique, the likeness between two clus-
ters is the poorest situation similarity between any couple of documents in those
clusters [24].

Numerous algorithms are been projected for automatically clustering words founded
on a huge corpus. They are divided into two categories., One category is built on rear-
ranging words from group to group initially from some early set of classes. The second
type repeats assembling classes beginning from a set of singleton classes (which contain
only one word).
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Both categories are share the same end function, in most conditions by confusion
or average joint information. The value of the other category for the sake of building
hierarchical clustering is that it could easily change the past of the merging method to a
tree-structured forming of the vocabulary.

The other way around, the second category is disposed to be stuck by a local
minimum.

The first category is stronger to the local minimum problem, but then the excellence
of clusters importantly relies on the primary group of classes and discovery of an opening
set of good quality is itself an identical problematic. Additionally, the first method only
offers tools of dividing the vocabulary and it doesn’t deliver a method of building a
hierarchical clustering of words bags [25].

3.2 Clustering Using K-Means

K-means clustering [26] is an important technique for identifying clusters, where k states
the number of clusters obtained. K requirements may be chosen as cluster cores in the
preliminary repetition, and the other requirements are assigned to the closet cluster most.

Table 2. Example of System Requirements

Requirement Category Description

R1 Database Indexed Configuration in DB

R2 User Interface UI with internet help available

R3 Database Isolated layer for DB

R4 User Interface User Interface with enterprise identity

Table 3. Tokens extracted from System Requirements

Requirement Extracted Tokens

R1 Indexed Configuration DB

R2 Ul internet help

R3 Isolated layer DB

R4 User Interface enterprise identity

The likeness of the pull-out tokens — Eq. 1 reveals a basic clear resemblance metric
for example, sim (rl, r3). 0.17, if we undertake tokens (r1). {indexed, configuration,
DB} and tokens(r3). {isolated, layer, DB }:

__ |tokens(s) Ntokens(r)|
" |tokens(s) U tokens(r)|

Sim(s, r)

6]

Different matching scoring could be implemented — For the sake of this case, we
ask that the tokens be similar (see Table 3) mined from the written statements of our
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sample requirements ({r1; r2; r3; r4} in Table 2). The centroid (mean) per cluster is then
defined for each cluster and requirement specifications are allocated to clusters. For that
case, both clusters cl:{rl; r3} and c2:{r2; r4} are expected to be recognized after one
step where sim(r1; r3) is 0.17 and sim (12; r4) is0.5. The algorithm ends if a significant
reiteration depth is reached or all clusters remain steady [2].

So, the centroid’s value in individual dimension is the calculated mean of that dimen-
sion above all the entities in the cluster. Let C be a set of documents. Its centroid is defined
as

— 1 —
tc. = — )
|C| &~1deC

@)

where it is the mean value of all vectors’ terms in the group [27].

4 Determining the Good Number of Clusters

The clustering of requirements, though, is considerably harder than the clustering of
normal documents in several behaviors. The cluster granularity, i.e., the exact value of
clusters count is one of main issues that needs to be specified automatically in require-
ments clustering at a very acceptable level of granularity. While document clustering
originates from the need to sort or filter huge groups of textual materials, such as jour-
nals, books, feeds, or internet pages, the resolution, that is frequently the main driver,
of data clustering, is to classify the documents into a controlled number of classes to
simplify some basic activities such as surfing and searching. The amount of the classes
is naturally minor and is typically recognized beforehand. Instead, the objectives for
clustering of requirements are very dynamic and are reliant on the activities for which
the produced clusters will be use [28].

One of the basic problems in k-means methods is determining the good value of
clusters. The right choice of k is often unclear; various experts used different methods
to solve this problem, Elbow method is one of them to get the good number of K for
K-mean algorithms.

Cross-validation would be extra method for inspecting the good value of clusters
planned by Smyth [29], depending on cluster solidity to find out the correct k.

Another technique based on the average silhouette of the data is useful and reliable
to identify the number of clusters accepted. The silhouette of a data instance is a degree
of how narrowly it is ties to data point inside its own cluster and how roughly it is alike
to data of the near cluster [30].

Intra and Inter Cluster Distances, the main objective after implementation of the
clustering algorithm is to get a shortened and well-separated subsequent clustering. As
a result, the intra-cluster distance (within cluster scatter distance) has to be minimized
and the inter-cluster distance has to be maximized (between cluster separations) [31].

Hence, cluster density in K-means can be estimated using the intra-cluster distance
dimension average. Inter-cluster distance is the distance between centers that shows
separation of clusters, which must be amplified. The combination of these two measures
(Elbow and Silhouette) can help calculate the fineness of the clustering as described by
Siddheswar et al. [32]. Validity = intra/inter.
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Given the fact that there is no adequate solution to the difficulties of measuring true K
value estimation, which is accurate in each dimension, but some heuristic rules are used
to calculate K value, (Intra and Inter-cluster distances) with k-mean++ allow a sensible
choice of the preliminary centroid and it is significantly quicker and can be used in many
ways to achieve the end result. [30].

4.1 Suggested Model for Calculating Good Number of K Clusters

It’s not easy to divide a set of documents D into separate partitions or clusters and solid
procedure since it requires to shadow a methodical process to cluster text data. The
phases are utilized to highly conclude the clustering outcomes in the entire document
clustering methods are examined in below:

Preprocessing
Preprocessing is the main obligatory step to clear up the data for text mining processes.
It is useful for reducing data noise and for cleaning the data. As far as preprocessing is
concerned, the actual purpose is to transform the originated data into a logical machine
type. Preprocessing process requires tokenization, filtering, stemming or the elimination
of stop-words.

Filtering Words

The terms that give low value below vector methods must be removed before the actual
calculation; filtering is the way to achieve this mission. In addition to several documents,
each document includes numerous words such as punctuations, special characters, stop
words and redundant words. It provides imperfect information to distinguish between
several documents, although it also contains infrequent words which offer no meaning
and requests to get out [30].

Stemming

The fundamental goal of the stemming method is to adapt the words to their source
(root/stem) words, which are extremely activity-based language. The method respects
immensely the stemming method in English. It is a procedure that serving to increase
the effectiveness and decline duplications [33].

Stop-Word Removal

“Stop words are the continuous words that occur, such as prepositions, articles, con-
junctions: is, an, a, when, but etc., or terms that are not important and some terms of
high frequency. While Stop-word elimination is the method used to dismiss these words
from the vocabulary as a vector space perspective they do not confer any value and
measure less important. Stop-word elimination procedure assists in implementation and
significantly impacts the entire clustering process [34].

Processing

Like the K-Means and K-Medoids, the centroid-based cluster operators make a centroid
model and a categorized set of clusters. The model of the centroid cluster has details about
the clustering achieved. It states which cases are part of which cluster. It also contains
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details on the centroids of each cluster. The Cluster Distance Performance operator
returns this centroid cluster model and clustered collection as input and evaluates model
output by cluster centroids. There are two output algorithms provided: Cluster distance
average and Davies-Bouldin index [35].

Average Within Cluster Distance:
The average distance within a cluster is calculated by measuring the mean distance
between the centroid and all points in a cluster [36].

Davies-Bouldin Index:
It is good to know that index (DB) is based on the fact that the inter-cluster separation
and intra-cluster similarity and solidity should be high for a good partition. Then, the
dispersion measure and the measure of cluster similarity must be defined to determine
the DB index.

Since the goal is to achieve the lowest scattering within the cluster and the high-
est segregation between the clusters, the number of clusters ¢ that minimizes VDB is
considered the best value of ¢ [37].

Representation

The important requirement is to transform our corpus into machine-detectable form
vectors, described as VSM (Vector Space Model) before clustering the documents into
sets z = {x1, X2, X3, ..., x,}. The term x| in Z represents the item vector d for each text
document while d = {wy, wa, w3, ..., w,} . The w; is a term weight demonstration of
term #; in a document that results in the impact of each word in a text. It is highly reliable
and easier to make logical use of the TFIDF methodology for SVM corpus vectorization
(Term Frequency Inverse Document Frequency) which is extremely utilized one, that
calculates a position within the corpus for each term of a text. That calculates a position
within the corpus for each term of a text. The TFIDF can be computed as follows:

=)
dﬁi

The 1fj; is the occurrence of object i in a text j. Though df}; specify the docs count
that term i has checked, and n is the total number of documents present in a corpus.
The statistical measurement of the word weight under this method tests the frequency of
presence in a text for one word in addition to the entire corpus. Whether a phrase exists,
it is most frequently mentioned as a stop-word in various documents, TFIDF eliminates
those words when the TFIDF score changes to zero or near zero for stop-words [38,
391

wji = tfji % idfji = tf * loga( 3)
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Experiment and Results for Good Number of k Determination

The data used for our experiment is retrieved from the whole requirements dataset from
Functional requirements document for ERP ecosystem [40], and the researchers tried
both Average within cluster distance and Davies-Bouldin index to determine the most
suitable number of K Clusters according to the below model design in Fig. 2 and 3.

Open WordNet Dicti... Remember

v v

Set Role Process Documents. Optimize Parameter..

Data to Similarity

Fig. 2. High Level Model Design for Finding Most Suitable “K Cluster Value”

Process

) Process » Process Documents from Data » 100% 2 [ e + @ =& Eq

__ Tokenize
Od

Filter Stopwords (€ Generate n-Grams (
v v

Transform ¢

Fig. 3. Detailed Tasks View for Finding the Most Suitable ‘K Cluster Value’

We have tested the proposed two methods, the first method — Average Centroid
Distance as Silhouette Index — is the one shown in Figs. 1, 2, 3, and 4 showing the
optimum number of k is 70 Clusters with average requirements similarity 0.586 and 250
attributes, and the average similarity is described in detail for each cluster in Fig. 5 after
many iterations in order find the good number of k extracted from model output through
RapidMiner [41].
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The second method — Davies-Bouldin Index evaluates intra-cluster similarity and
inter-cluster differences — is the one shown in Figs. 1, 2, 3,4 and 5 showing the optimum
number of k is 70 Clusters with average requirements similarity 0.586, and the average
similarity is described in detail for each cluster in Fig. 7.
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Fig. 7. Different k clusters with their average similarity using Davies Bouldin

5 K Clustering Model Implementation

The following chart illustrates a High-level functional model for how to create the
requirements clusters using the calculated similarity score among Systems Require-
ment R after passing through different activities, then retrieve all the dependent set
of requirements those could be affected by any in-place requirements amendment or
deletion.

In the model, finding the interconnected set of requirements as end results are passed
through two main steps, first step (Requirements Clustering Generation) all requirement
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Fig. 8. Model Implementation

documents which are placed in the Requirements base, are passing through different
document processing activates which were described, in order to calculate the similar-
ity score among all requirements considering the semantic meaning for requirements
vectors. Afterwards, all the textual requirements are allocated or labeled to a cluster
number according to the automatic generated number of clusters passed to the model
from previous section. The purpose of this step is to allocate each requirement to a k
cluster number among similar requirements. Finally, in the second step (Get all Depen-
dent Requirements), once the stakeholders decide to amend or delete any single or group
of requirements, the list of interconnected or dependent requirements associated in same
cluster(s) are presented as proper affected requirements.

5.1 Detailed Model Data Examination

Aiming to investigate the potential benefits of the clustering model, we have applied the k
clustering on the real industrial requirements for around 4000 Requirements Statements.

The following section describes each process in detail among the flow of activities
applied in RapidMiner [41] for the requirements repository in order to allocate them to
different clusters.

Remember Wordnet Dictionary
This operator utilized to save the wordnet dictionary into the object store of the activity
in order to minimize the I/O process for each vector during the model run. The saved
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object would be restored in the future using Recall function mentioning the same name
and class.

Read Data

This function used to read data from Microsoft Excel sheets, where the whole require-
ments are stored in spreadsheets. The table must be arranged in such a way that each
row is an example, and each column is an attribute. For attribute titles which could be
specified as parameters, see the first row of the Excel sheet.

Tokenize

Mainly, that operator separates the document’s text to sequence of tokens. There are
numerous choices just how to determine the segregation themes. Whichever it can be
used all non-letter character. The mode that was used is to separate the text into English
linguistic tokens.

Filters Stop Words (English)

This function filters out English stop words from a document by eliminating every token
that matches a stop word from the embedded stop word list. Every token should represent
a single English word only.

Transform Case
This operator transforms all characters in a document to either lower case or upper case,
correspondingly.

Recall Dictionary
This operator recalls the itemized wordnet dictionary from the object recall of the
procedure. The objects can be held in the object store by using the Remember Operator.

Find Synonyms
This operator uses wordnet dictionary file, as it received the text vector and find all the
synonym or different meaning for each word or vector.

Generate n-gram

This function produces tokens in a document with term n-Grams. It defines a word n-
Gram as a series of repeated tokens of length n. The term n-Grams generated by this
operator includes all the following series of n-length tokens, the default length being 2.

Data to Similarity

The “Data to Similarity Data” operator measures the similarity of an Example Set among
all requirements. Even requirements are comparable to those of themselves. So, if the
Example Set includes n examples of specifications, this operator returns similarity com-
parisons to n"2. The Data to Similarity Data Operator returns an Example Set called a
view, so that there will be no memory errors here.

K-means Clustering

This Operator performs the clustering using k-means algorithm. Clustering groups
Examples together which are similar to each other, Clustering can be used on un-labelled
data and is an algorithm of unsupervised machine learning.
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Fig. 9. Clustering Model Technical Description

6 Clustering Model Results

As explained, k-means clustering is used to see how the model can correctly detect if
a certain requirement itself has changed or deleted during ULS system run and get the
auto discovered or dependent set of requirements those could be impacted.

So, the following Figs. 11, 12 and 13 show the allocation of requirements into several
clusters, each cluster contains at least one to n requirements.

Cluster Model

Cluster 0: 78 items Cluster 24: 32 items Cluster 48:

Cluster 1: 50 items Cluster 25: 35 items Cluster 49:

Cluster 2: 29 items Cluster 26: 28 items Cluster 50:

Cluster 3: 26 items Cluster 27: 19 items Cluster 51:

Cluster 4: 30 items Cluster 28: 26 items Cluster 52:

Cluster 5: 36 items Cluster 29: 48 items Cluster 53:

Cluster 6: 28 items Cluster 30: 37 items Cluster 54:

Cluster 7: 96 items Cluster 31: 27 items Cluster 55:

Cluster 8: 52 items Cluster 32: 31 items Cluster 56:

Cluster 9: 30 items Cluster 33: 34 items Cluster 57:

Cluster 10: 82 items Cluster 34: 53 items Cluster 58:

Cluster 11: 29 items Cluster 35: 26 items Cluster 59:

Cluster 12: 22 items Cluster 36: 32 items Cluster 60:

Cluster 13: 23 items Cluster 37: 47 items Cluster 61: 50 item:
Cluster 14: 25 items Cluster 38: 35 items Cluster 62: 1 items
Cluster 15: 57 items Cluster 39: 137 items Cluster 63: 41 items
Cluster 16: 29 items Cluster 40: 39 items Cluster 64: 53 items
Cluster 17: 35 items Cluster 41: 46 items Cluster 65: 69 items
Cluster 18: 77 items Cluster 42: 38 items Cluster 66: 25 items
Cluster 19: 40 items Cluster 43: 16 items Cluster 67: 62 items
Cluster 20: 47 items Cluster 44: €8 items Cluster 68: 66 items
Cluster 21: 44 items Cluster 45: 20 items Cluster 69: 48 items
Cluster 22: 37 items Cluster 46: 45 items Total number of items: 2898
Cluster 23: 42 items| Cluster 47: 47 items

Fig. 10. Requirements allocation to Clusters

The below Fig. 13 shows if there is any change on a specific requirement, all the
cluster related requirements have the same probability of propagation since they belong
to same cluster.
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Requirements Cluster

Cluster Details
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ROO14 cluster_7
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ROO16 cluster_32
ROO17 cluster_32
rOO18 cluster_32
ROO19 cluster_as
ROO20 cluster_s8
ROO21 cluster_as
rROO22 cluster_39
ROO23 cluster_4a9
ROO24 cluster_39
ROO25 cluster_38
ROO26 cluster_39
ROO27 cluster_37
rROO28 cluster_38
ROO29 cluster_ss
ROO30 cluster_3

ROO31 cluster_63
ROO32 cluster_s56
ROO33 cluster_7

ROO34 cluster_4a9
ROO3S cluster_3

Fig. 12. Example of Cluster 0 and its allocated requirements IDs
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Fig. 11. Clusters Size
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<Requirement <Affected Cluster
Deletion> Requirements>
Req_Seq Cluster Cluster Req_Seq
R0062 cluster_0 Abc cluster_0 0062
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R
R
R
R
R
R
R

Fig. 13. Change in one single requirement and its impact on the whole cluster’s requirements

7 Conclusions

In this work, we proposed a model to measure the impact of change request submitted
in a free natural language against a large set of requirements. The key characteristics of
the approach are that it exploits the synonyms of text in which the user is representing
the change against the list of requirements through NLP similarity models.

Automated similarity analysis is used widely in many different business areas started
by search engines, recommender systems and sentiment analysis and become a promis-
ing technique for supporting requirements engineers to manage requirements evolution
since it has been managed in a decentralized way by crowdsourcing stakeholders and
development team in ecosystems.

The model showed noticed results since there are no control over neither the structure
of written textual requirement, the change requests, the formal semantics of requirements
relation types or even the domain knowledge of the system. In addition, it can run over
bulk of changes simultaneously with no barrier statements volume.

Since, it’s an unsupervised prediction model, consequently, there is no predefined
training data set to feed the model, so it’s scaling up wherever needed.

We have implemented our model on RapidMiner, it’s a data science application for
machine learning, data mining, text mining, predictive analytics, and business analytics
[41]. Each function in the suggested model is represented in one more task in the tool.
Figures illustrate the tasks flow starting from reading each of requirements and changes
repositories, applying the similarity model till providing the results at the end through a
table showing the distance value between each change and requirement.
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Finally, in this paper, we described a feasible model that utilizes unsupervised cluster

technique and similarity models to scale-up the change impact analysis model of ULS
requirements change management. We believe if combined both models change impact
analysis problems can be solved in a noticeable way, we would be in a much stronger
situation to challenge some of the higher-level difficulties identified in the ULS Systems
report [42], like those related to unbalanced requirements, immediate requirements, and
continues changes that happen alongside different interconnected system.
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