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Abstract— Domain analysis is useful in many applications
for finding their similar and dissimilar parts. Many software
applications include generally domain analysis activities.
Recommendation Systems are techniques providing
suggestions for items to be of use to a user. Much software
includes extensive recommendation techniques. In this paper
we present a recommendation system that is design for feature
recommendation on the basis of already existing products. We
used K-Nearest Neighbor machine learning technique for
recommending features by using four different Distance
formula i.e. Cosine Similarity, Jaccard Similarity Coefficient,
Correlation and Hamming Distance formula during domain
analysis. Our feature recommendation algorithm is
quantitatively evaluated and the results are presented.
Furthermore the performance of the recommender system is
demonstrate and evaluated within the context of experiment.
The results clearly highlight the benefits of our approach.
Index Terms — Domain Analysis, Recommender Systems,
k – Nearest Neighbor (kNN), Cosine Similarity, Jaccard
Similarity Coefficient, Correlation, Hamming Distance.

I. INTRODUCTION

DOMAIN analysis is the process of identifying,
organizing, analyzing, and modeling features common to a
particular Domain [1], [2]. It is conducted at the starting
phase of software development life cycle. Recommendation
Systems are techniques providing suggestions for items to be
of use to a user. Recommender systems have become
extremely common in many software applications; it is useful
in a variety of applications. Mostly used in movies, books,
music, news, social tags, research articles and online
products in general. Some domain analysis techniques are
used such as the Feature – Oriented Domain Analysis
(FODA) [2] or the Feature – Oriented Reuse Method
(FORM) [3] to perform successfully these techniques it is
reliant on the obtain ability of related brochures, entrance to
the competitive project repositories and the knowledge of the
domain analyst. Other technique such as the Domain
Analysis and Reuse Environment (DARE) [4] use data
mining
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and information retrieval methods to deliver robotic support
for feature identification and extraction. Unsupervised
association rule mining technique such as Apriori algorithm
[5], [6], FP_growth algorithm, k-Nearest Neighbor
Approach common in collaborative filtering recommender
systems [8] is used. But the unsupervised association rule
mining technique apply when user provide only few feature
then Binary k-Nearest Neighbor Approach[9],[10] apply.
The products with less than six features were ignored, as
their profiles are too sparse to create good neighborhoods but
when any person want to know the features in particular
domain and they don’t have knowledge of particular domain
then this recommendation system is not helpful for them,
because in above feature recommendation system it is
necessary for user to give greater or equal to six feature then
the system recommends them the other features. The
recommendation of features is therefore limited by the scope
of the available product specifications.
In this paper, we address these limitations through
presenting a novel approach for recommending features, no
restriction of product specification. Here we used K – Nearest
Neighbor (kNN) classification approach with four different
similarity formulas for recommending features. Our
approach has two options. The first one is where the user has
product description, then we take input as initial product
description then analyze this description, and recommending
features based on the provided description by using
K-Nearest Neighbor (kNN) classification approach which is
very common in Collaborative Filtering Recommendation
System on the basis of competitive products.

Figure 1: Example of Feature Recommendation when user
provides description.
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Figure 2: Example of Feature Recommendation when user
does not provide any description.
The second one is where the user of the recommendation
system doesn’t have any feature description available with
them, and wants to know the features for a particular domain,
and then also we provided them the feature
recommendations. Figure 1 illustrates a feature
recommendation scenario for antivirus product when user
provide sufficient description of their product and figure 2
illustrates a feature recommendation scenario for antivirus
product when user don’t provide any description .
II. Overview
Our feature recommendation system includes following
steps. According to the user selection, if they select first
option i.e. user is having product description then it
recommends features in following steps as illustrated in
Fig 3.
First user provide initial product description then in
second step we performed Natural Language Processors
(NLP) after this we applied kNN on data by using Cosine
Similarity, Jaccard Similarity Coefficient, Correlation and
Hamming Distance formula. It recommends features if user
want more recommendation then again we applied kNN.
Fig 4 shows the recommendation system if user does not have
any initial product description then recommendation system
recommends the features which has high priority in dataset.
III. Raw Product Data
The entire feature descriptors used in this paper was mined
from Softpedia.com, Findthebest.com, Google Apps, and

Fig 3: Recommender System to recommend Feature if user
has initial product description

Figure 4: Recommender System to recommending feature if
user does not have the initial product description.
Softonic.com. However, our approach is easily adapted for
use with product descriptions from other online sources
Softpedia.com, findthebest.com provides descriptions for an
extensive variety of software products including Windows,
Linux, Mac, Mobile, and Web applications. The incremental
diffusive clustering algorithm [11], [12], [13], [14] is used in
some recommendation system for extracting product feature
descriptors into an aggregate representation of a candidate
feature. Most products include a bullet-point list format
section of feature descriptors as in softpedia.com. Our data
set contains 42 different domains as show in table 1. Table2
illustrate a small subsection of the feature manually
recognized from Softpedia.com Antivirus software products.
Table 1: Product Categories
Product Category
Accounting Software
Animation Software
Antivirus
Audio Editing Software
Billing Invoicing Software
Business Intelligence Software
CAD Software
Call Center Software
Computerized Maintenance Mgmt System
Construction Management Software
Contact Management Software
Contract Management Software
Database Management Systems
Distribution Software
Endpoint Protection Software
Facility Mgmt Software
Field Service Management
Fleet Management Software
Fundraising Software
Help Desk Software
Hotel and Hospitality Mgmt Software
HRM Software
Inventory Software
Legal Software
Marketing Automation Software
Network Mgmt Software
Payroll Software
Project Management Software
Media Players
Medical Software
Video Editing Software
Web Browser
Web Design Software

Prod.
Count
192
74
240
160
224
175
57
150
49
243
44
130
60
113
126
46
174
249
139
204
187
140
133
139
132
99
57
450
97
8
122
51
118

Feature
Count
41
72
35
90
39
24
70
50
127
30
33
28
28
32
19
10
12
26
34
25
19
15
25
28
20
40
20
40
60
35
62
52
56
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Table 2: A Sample of Features Collected from Softpedia Antivirus Products Description

It displays that the most of the examined Anti-virus
systems includes core features such as Antivirus Protection,
Web Protection, Automatic Updates, as well as deviations
such as Key loggers, File Shredding, Game Mode which are
found in only a small subset of products. Moreover, certain
features such as AntiSpyWare/Adware are found primarily in
antivirus software applications, while others, such as Easy
and User Friendly Interface are common across many
different product categories. Various associations can be
found between features.
IV. Feature recommendation by using Standard KNN
After feature have been identified data store in the form
of a product by feature matrix [15][16] i.e. D  di , j

Similarity formula and the top k (10) most similar products
are consider as neighbors of the new product. We established
a threshold score is 0.60 for Cosine Similarity. Formula used
for Cosine Similarity between new product np and existing
product ep, prodctsim (ep,np) is given below:

here p represent the number of products available in
particular domain and f represent number of features
available in particular domain. di, j Is equal to 1 it means

similarity is in between 0 and 1. If it is 1 then it means both
subset of feature are similar, 0 both subset are dissimilar [21],
[22]. An important property of the Cosine Similarity is its
independence of document length. For example, combining
two same copies of a document d to get a new document d0,
the Cosine Similarity between d and d0 is 1, which means
that these two documents are similar.
c. Feature Recommendation using kNN with
Jaccard Similarity Coefficient
The Jaccard Coefficient is a similarity measure and ranges
between 0 and 1. It is 1 when the two document d1 = d2 and
it is 0 when d1  d 2 where 1 means that the two objects are
the same and 0 means that they are completely different. Here
we established a threshold score of 0.6, formula used for
finding Jaccard Similarity between new product np and
existing product ep, prodctsim (ep,np) is given below:

 

m f

feature j includes in i product description and if di, j is
equal to 0 then it means feature j not includes in i product
description. The complete set of recommendable feature is
considered as feature pool from now for generating feature
recommendation.
a. Creating new primary product Description
Our approach takes input as an initial textual description
of new product. First performed the basic preprocessing such
as tokenization, removed unwanted terms (stop word),
stemming. The Cosine Similarity is used here to match
individual segment to feature in feature pool. If the product
description might describe a feature which is not matched to
the feature pool. This may occur because the feature pool
does not provide analysis of the proposed functionality. Or a
match may not be found because the analyst had not defined
the product in enough detail or used wording not
characterized in the model. In this situation, the
recommender system will recommend same features when
user doesn’t have product description. If user doesn’t have
any description of product then there’s no need to do
preprocessing.
b. Feature Recommendation using kNN with Cosine
Similarity
As we study in previous paper the K Nearest Neighbor
algorithm is efficient for feature recommendation [17], [18],
[19].For determinations of feature recommendations, the
similarity of the new product and each of the competitive
products in the dataset is calculated by using Cosine
ISSN: 2278 – 1323

Pr oductSimep ,en  

Fep  Fnp
Fep  Fnp

Where Fep denotes set of features of product p[32] and
Fnp denotes a set of features of n new products. Product

Pr oductSimep,en  

Fep Fnp
Fep Fnp

Where Fep denotes a set of features of product p[32] and
Fnp denotes a set of features of n new products. Product

similarity is in between 0 and 1.Here the top k (10) most
similar products are considered as neighbors of the new
product [22].
d. Feature Recommendation using kNN with
Correlation
Correlation gives any statistical relationship between sets
of data. Correlations are useful because they can indicate a
predictive relationship that can be exploited in practice [23].
In correlation we established a threshold score of 0.6,
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formula used for finding correlation between new product np
and existing product ep, prodctcorr (ep,np) is given below:
Pr oductCorr(ep, np) 

Co variance( Fep,Fnp )

s tandarddeviation(Fep, )s tandarddeviatin( Fnp)

Where Fep denotes a set of features of product p [32] and
Fnp denotes a set of features of n new products.
Product correlation is in between -1 and 1. It is -1 when the
two document d1  d 2 , it is 0 when d1  d 2 and is 1 when
d1= d2, where 1 means the two objects are the same and 0
means they are completely different, -1 means d1 is
completely opposite to d2. Here we used the top k (10) most
similar products are considered as neighbors of the new
product.
e. Feature Recommendation using kNN with
Hamming Distance formula
The last one formula for finding similarity between new
product and existing product used in KNN is Hamming
Distance formula. Hamming finds the number of features
that are different between new product feature set and
existing product features set. If the number of features that
are different is less than new feature set then we can say both
feature sets have some features similar, if the distance is 0
means both feature sets are similar. If the number of features
that are different is equal to total number of feature in new
product feature set then we can say new product and existing
product are completely opposite[25], [26] .Formula used for
finding Hamming Distance between new product np and
existing product ep, prodctdist(ep,np) is given below:

Productdist(ep,np)= Number of different bit’s when
comparing ep,np
V. Feature Recommender Evaluation

a. Evaluation Metrics
We use precision, recall, and Accuracy as our metrics to
evaluate the performances of the methods. Precision and
recall are defined as follows:
Precision (P) is the percentage of positive predictions those
are correct.
P = TP / (TP + FP)
Recall (R) is the percentage of positive labeled instances that
were predicted as positive.
R = TP / (TP + FN)
Accuracy is the percentage of predictions those are correct.
Accuracy= (TP + TN) / (TP + TN + FP + FN)
Here:
TP (True Positives) is the number of features classified
correctly as positive;

Fig 5: Graph of Precision value for the different distances
FP (False Positives) is the number of negative features that
are classified as positive incorrectly by the classifier;
TN (True Negatives) is the number of negative features that
are classified as negative correctly by the classifier.
FN (False Negatives) is the number of positive features that
are classified as negative incorrectly by the classifier. [28]
b. Analysis of result
Tables: 3, 4, 5 show the results from the experimental
evaluation of the kNN Classification with the different
distance measures. In the following, we briefly discuss the
results for each evaluation measure.
The precision and recall have inverted values. In the case
of precision, hamming distance is the best performing, as
shows in figure 5.While for recall it is the worst performing
compared to correlation distance as shows in Fig 6. The
distance to the correlation methods is large in the both cases.
This means that the labels produced with hamming distance
are reliable (low false positive rate); however, they do not
cover all relevant labels for a given example (high false
negative rate). The other two i.e. cosine similarity, Jaccard
similarity have similar performances to each other.
When comparing performance we come to know that
correlation is having good performance then other distance
formulas. The hamming distance has the lowest performance
(because of the weak results for recall) but it is slightly better
than the remaining two distances.
Table 4: The Recall for the Different Distances
Recall

Cosine

Jaccard

Correlation

Hamming

Antivirus

0.46436

0.46436

0.776

0.56824

Animation

0.599375

0.599375

0.521175

0.599375

Audio Editing
Business
Intelligence

0.60816

0.60816

0.41144

0.60816

0.40386

0.40386

0.5257

0.54244

.

Table 3: The Precision for the Different Distances.
Precision

Cosine

Jaccard

Correlation

Hamming

Antivirus

0.63008

0.63008

0.61994

0.61476

Animation

0.72605

0.72605

0.7421

0.72605

Audio Editing
Business
Intelligence

0.65232

0.65232

0.50116

0.65232

0.52332

0.52332

0.64368

0.65892

Fig 6: Graph of Recall value for the Different Distances.
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Table 5: The Average Accuracy for the Different Distances.
Accuracy

Cosine

Jaccard

Correlation

Hamming

Antivirus

45.46

45.46

59.292

49.556

Animation

54.2175

54.2175

50.6325

54.2175

Audio Editing
Business
Intelligence

51.488

51.488

36.806

51.488

41.488

41.488

51.296

53.162

Fig 7: Graph of Accuracy for the Different Distances.
VI. Conclusion
We have conducted several experiments using number of
initial keyword as shown above in the table 3, 4 and 5. From
the table 3 and Fig 5 it is clearly visible that best precision
values were obtained using the Hamming Distance Formula
followed by Jaccard, Cosine and Correlation. We can’t guess
the performance only on the basis of result based on
Precision. We considered here the results of Recall and
Accuracy, and then we came to know that Correlation having
the better Recall as compared to others and its Accuracy is
also highest. Hence recommending features using kNN
classification with Correlation formula gives better
performance, more number of feature recommendations as
compared to other s.
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