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ABSTRACT. A recent study shows that the most commonly used app stores, iOS app store and Android's
play store had up to 2 million apps from where users can explore, purchase, share, download and install
applications on a single click. More and more apps are being added daily which makes the app stores a large
software repository. An enormous amount of data is provided by the end users in the form of user reviews.
This data can provide valuable insights for acquiring requirements. User reviews include plenty of
information as they contain information about faulty features (Bug reports), ideas for new features and
improvements (feature requests), or user experience that can help app developers and vendors to achieve
software enhancement and evolution tasks. As feature requests are the ones that are most helpful for the
purpose of eliciting new requirements, the work is done on feature requests out of the 3 categories
mentioned above. This study is conducted to provide a general approach that extracts feature request from
user reviews. The proposed approach has five main building blocks, namely, (i) Extraction of Feature
Requests, (ii) Feature Extraction from Feature Requests, (iii) topic modelling, (iv) sentiment analysis and
(v) Classification into Functional Requirements (FR) and Non-Functional Requirements (NFR). Firstly, it
finds the feature requests out of the reviews, then perform extraction of features from feature requests,
then further work on grouping the features into topics, next apply sentiment analysis to mine the user
opinions on the extracted topic and finally group them into Functional and Non-Functional requirements. This
article provides the app developers a more user-centred definition of requirements and improvements. At the
topic modelling phase, the results received the highest coherence score, 0.70, with k=22 topics. Sentiment
analysis is used to classify feature request, with an accuracy of 80.20%, precision of 84.25%, and recall of 80.42%.
With an accuracy of 84.4%, requirements are classified quite successfully as well.
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Introduction

Apple AppStore, Blackberry app store, Android Play store, and Windows Phone Apps that are most
commonly used had up to 3 million apps (Maalej & Nabil, 2015). It is a large software repository from where
users can explore, purchase, share, download and install apps on a single click. Customer information is
available in the form of reviews by giving a text feedback and a numeric value star rating after downloading a
specific app. Ratings are simply numeric star rating ranges from 1 to 5 that are not much informative as they
only involve user content and discontent. More than hundreds of reviews in the textual form are submitted
daily for the top apps. However, the top most apps contain very large volume of reviews and hence manual
inspection becomes infeasible for developers and analysts to analyse, process, and extracts useful information
from the user reviews and the quality of review varies largely. A great challenge in mining the App store is to
filter, organize, analyse and effectively extract relevant information from the user feedback to meet the needs
of users. Mobile Phone app reviews by users include plenty of information as they contain information about
faulty features (Bug reports), ideas for new features and improvements (feature requests), or user experience
that can help app developers and vendors to achieve software maintenance and evolution tasks. As feature
requests are the ones that are most helpful for the purpose of eliciting new requirements, this article is about
feature requests.

Requirement engineering (RE) is the process of eliciting, analysing, documenting, validating and
managing the requirements (Laghari, Memon, Ullah, & Hussain, 2018). Requirement gathering is considered
to be the most important aspect of the software development life cycle in which user’s necessities and
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expectations are determined for the particular software product. In fact, the software development life cycle
begins by collecting the requirements for the particular application or software. At the end of this phase, we
have requirements that envision the functionality and quality of a software. The success of a software system
depends on how well it fits the needs of its users and its environment (Laghari et al., 2018). In order to make
a good software the requirements must be gathered accurately.

There are many traditional methods for the purpose of gathering new requirements. These methods gather
requirements through some specified techniques like interviews, questionnaires, document analysis,
prototyping etc. However, they deal with a limited number of users and customers for the purpose of gathering
requirements. Whereas, now we have thousands and millions of users downloading softwares and mobile
applications from app stores online. The users download the apps and submit their valuable feedback online.
In contrast to these old methodologies for requirement gathering which dealt with a few numbers of users to
collect the requirements; we need a procedure which makes use of a large amount of user feedback available
online on the app stores. The requirements should be extracted from these online reviews which are from a
large audience.

With the emergence of app stores as a software market place and a deployment infrastructure, users can
now easily submit their feedback, review new releases, report bugs, rate the app and its features, or request
new features (Maalej, Nayebi, Johann, & Ruhe, 2016a). The feedback involves how the users’ experience with
app was, what difficulties they faced when they used the app and which features, they liked. They also request
for new features or updates and additions to be made in existing features. This data has lot of in-depth
information. This data can provide valuable insights for acquiring requirements.

The user reviews are an important element of mobile app markets. Google Play, Apple App Store are well
known distribution platforms where users can download mobile apps, rate them and write review comments
about the apps they are using (Maalej et al., 2015). These markets enable a user to provide their valuable
opinion for downloaded apps in the form of star rating or in textual reviews. The star rating is very basic and
easy to understand. In fact, the total count for each star is all given in the mobile app markets. Hence, it is
very easy for a user or someone from the software team to know the amount of likes and dislikes this app has.
The ratings in general can give an idea whether the app is being appreciated or not in the market place.
However, these ratings alone are not of much use as they do not provide an in-depth detail of why the app is
admired or what issues it has. In comparison to this, the textual reviews can offer a broad picture and can be
helpful for gathering requirements. Moreover, star ratings are assigned to the overall app and do not give the
breakdown on feature level that which particular features is admired or not.

Recent studies have shown that reviews written by the users represent a rich source of information
for the app vendors and the developers (Zulfigar & Syed, 2023; Maalej, Kurtanovi¢, Nabil, & Stanik,
2016b; Ambreen, TIkram, Usman, & Niazi, 2016, and Bosse et al., 2012b). As they include information
about bugs, ideas for new features, or documentation of released features. If we specifically divide these
reviews submitted by users in the mobile app markets, they can be divided into 3 categories namely:
Feature Requests, Bugs when they used the app and User Experience. In Feature Requests users ask for a
particular feature, some new attributes and convey ideas related to enhancement of the app. They also
request for some necessary features that are present in other apps and are missing in that app or for
requirements that would satisfy them and make the app better and easier to use. Example: “I wish the
camera had more filters.” These feature requests can be very helpful for requirement engineers and
business analysts for the sake of requirement gathering. They provide detailed reviews which enable the
requirement engineers in having a better understanding of the functionalities needed in order to improve
the app. In bugs, users report all kinds of issues the faced with different modules of the app whether
hardware or software. Example: “This app crashes if I try to write a lengthy note.” Likewise, the bugs can
be very helpful for QAs’ and developers to know the issues in the app. User experiences describe user
stories and the experience they had with particular app. They provide information about how the app was
used and for what purposes it has been used. It may even give some new usage ideas for which the app
was not initially invented and can provide an additional functionality related to it. Thus, they are helpful
in making documents and user manuals. Hence, user feedback in the form of comments reviews the
existing app. It is beneficial in two ways which are getting new ideas and requirements for the upcoming
releases and also in refining the existing functionality and quality of the app.
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This article proposes an approach which makes use of the information available online through user
feedback. In order to achieve this, we develop a technique which combines natural language processing,
sentiment analysis and machine learning to accomplish the goal of app store-oriented user-based
requirements. We extract the online reviews from app store and then out of them finds the ones that are
feature requests. After finding the reviews which contain feature requests; we find different features from the
text of the review. Many similar features can be grouped under topic. Many sub topics can come under the
branch of a topic. This article applies Topic Modelling for grouping similar features extracted into a Topic.
This helps the requirement engineers in better understanding the requirements and it also increase the
readability. After that we distribute the user feedback into positive comments and negative comments using
sentiment analysis. This helps even more in understanding the user feedback related to a particular topic. The
comments which are positive express about good experiences that the users had. Whereas, the negative ones
give an idea about the problems that the users faced and the issues that need to be addressed related to with user
feedback. Our goal is to mine the comments from masses in order to improve the features of an app a particular
feature. Finally, we group these requirements on the basis of their topics under two well-known requirement
engineering categories i.e., Functional and Non-Functional Requirements.

Material and methods

Requirement gathering is an essential phase of the software development life cycle. There are many
conventional methodologies present for Requirements Engineering but we need a methodology to fulfil
the dire need of acquiring from the virtual world of app distribution markets. We should utilize the huge
amount of data present in the form of user feedback existing online at different user forums, app stores
and social media for the purpose of requirement elicitation. Therefore, in order to extract meaningful
and valuable information for software evolution and requirements optimization a methodology is
proposed. It will use the vast amount of user feedback available online, collect requirements from a large
audience and facilitate business analysts and requirement engineers to gather requirements through the
information available online. In our data set, there are 2500 phrases from 30 distinct apps across six
different categories. The data is downloaded in the form of csv files. It contained the attributes Date,
Time, App ID, App Name, Language, Author, Stars, Title and Review. All columns other than Review were
removed. Then through random sampling few reviews were selected from the large amount of data
present and transformed into text files and collect insights for new requirements App Follow was used to
compile the data set. App Follow is a website that keeps tabs on sales, keywords, and reviews in the App
Store, Google Play, and Windows Store. Then data pre-processing steps undertaken, which involved
randomly selecting reviews for each app and segmenting sentences to extract feature requests for
classification. Then the reviews that contain feature requests are extracted from the user reviews. the
extraction of feature requests from user reviews is done by using a Java-based classifier called ARDOC,
followed by data cleansing using natural language processing techniques such as removal of stop words,
conversion to lower case, removal of punctuation, and lemmatization. The processed sentences were
then used for feature extraction. After data cleansing, three methods were used for feature extraction
from feature requests, including bag-of-words model, rapid automatic keyword extraction algorithm
(RAKE), and term frequency-inverse document frequency (TFIDF), with TFIDF being the most effective
method. TFIDF extracts text features by scoring the importance of words based on how frequently they
appear across multiple documents, resulting in individual words as features rather than phrases. When
applying topic modelling on the features extracted by TFIDF, better results are obtained compared to
selecting phrases yielded by RAKE and bag-of-words model. After getting the features we apply topic
modelling. Topic modelling is a statistical technique used to group similar ideas into topics and is
composed of three main steps: data representation, latent topic decomposition, and topic extraction.
Latent Dirichlet Allocation (LDA) and Non-Negative Matrix Factorization (NMF) are two main models
used in the second step. NMF is preferred due to its higher topic coherence score and faster training time.
The output of topic modelling contains the topic number with topics and a matrix of features is printed
under it. Now All the similar features will be grouped together into a topic. The next step is to apply
sentiment analysis to understand which topics and features are liked or disliked by users. After getting
the optimal topics, we apply sentiment analysis on the feature requests. Sentiment analysis is used to
analyze user reviews and determine the positive and negative feedback on app features, allowing for
maintenance and enhancement of the app. The approach includes classification of sentences into polar
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and subjective, and calculating subjectivity score using Naive Bayes classifier and Text blob python
library. The accuracy of sentiment analysis is 80.20%, with the majority of feature requests being positive.
Lastly, they are classified into Functional Requirements (FR) and Non-Functional Requirements (NFR).
Topics with their features and feature requests are categorized into functional and non-functional
requirements using a supervised machine learning approach, specifically the Naive Bayes classifier, with
an accuracy of 84.4%. Results are evaluated using accuracy, precision and recall.

Table 1 gives a summary of all the tools and platforms used in this experiment. Coding for all of the phases
has been done in python3.6 except for “Extraction of feature requests” phase which uses a java base classifier.
The natural language processing libraries used in different stages of the experiment has also been stated. The
machine learning classifiers used for supervised classification in different stages of this study have also been
mentioned.

Table 1. tools and platforms.

Phase Tools
Data Extraction App Follow
Data Preprocessing Natural Language Toolkit (NLTK)
Feature Request Extraction ARDOC classifier

Natural Language Toolkit (NLTK)
Code written in Python (Sickit learn used)

Data Cleansing
Feature Extraction

Topic Modeling Code written in Python (Sickit learn used)
Sentiment Analysis Code written in Python (Naive bayes analyzer used)
Python Tools IDLE Python 3, Google Collab and Jupyter notebook

Our approach is depicted through Figure 1. It involves extracting user reviews from app stores.

Extraction of those

user reviews that

Data cleansing and

Validation of

contain feature text pre processing >| Femure cxiraction features
requests
J
Applying topic Validation and Applying Evaluation of

modelling

tuning of topics

sentiment analysis

results
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Classification into
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Evaluation of
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Evaluation of
results using
accuracy precision
and recall)

Figure 1. Proposed approach.
The study is conducted on app stores data and its implementation details below.

Implementation

This section provides details about the implementation of the proposed model.

Data set

There are various app stores like Google Play, Apple app store, Windows app store, Blackberry app store,
Samsung app store and many others. We needed a good data set with large amount of user reviews in it. Hence
Google Play and Apple app store where chosen due to the fact that they are most commonly used and have
high number of downloads. As well as, they have a lot of reviews for each kind of apps. There are range of
reviews from 3 letter words to a paragraph of 5 sentences discussing multiple aspects. This makes the data set
very proficient as it covers a wide range of entities. For our study the user reviews needed to be collected from
multiple sources i.e. they had to be from different apps belonging to different categories, to get good quality
results. We collected data sets from 2 apps stores Google Play and Apple’s app stores. These data sets contain
data of 30 apps belonging to 6 different categories. The data was collected from Dec 2018 to Dec 2019 (Laeeq,
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Memon, & Jamshed, 2018). The data set was collected using App Follow. App Follow is a website which
monitors reviews, keywords, and sales in App Store, Google Play and Windows Store. We used this app to
download data from 30 different apps. Table 2 gives the list of app categories belonging to 6 different
categories and corresponding.

Table 2. List of apps according to category.

Category Apps and Store
PicsArt (Google Play store)
B16 (Google Play store)
Photography Candy Camera (Google Play store)

CutCut (Google Play store)
Sweet Selfie (Google Play store)
Accuweather (Google Play store)
Weather (Google Play store)
Weather Weather Forecast (Google Play store)
Yahoo weather (Google Play store)
Weather Live (Google Play store)
UC Browser (Apple App store)
Utilities Truecaller (Apple App store)
Google Chrome (Apple App store)
Google (Apple App store)
Firefox (Apple App store)
TikTok (Apple App store)
Photo & Video Instagram (Apple App store)
Youtube (Apple App store)
Imo (Apple App store)
B612 (Apple App store)
FB Lite (Apple App store)
Social Networking Facebook (Apple App store)
Messenger (Apple App store)
WhatsApp (Apple App store)
Snapchat (Apple App store)
Careem (Apple App store)
Travel Uber (Apple App store)
Google Earth (Apple App store)
The Emirates App (Apple App store)

Data pre-processing

We selected reviews through random sampling for each app. The reviews were selected from 3 types of
comments short (5 to 7 words), medium (7 to 12 words) and long (12 words and beyond). From the large data
set a subset of sentences are drawn. The subset was stored in the form of text files in ANSI encoding. We
needed to extract those sentences that contained feature requests from the user reviews. As out of the 3 categories
the proposed model will only be working on feature request. To extract those feature request we first segmented
the sentences as the classifier we used gave improved results on segmented sentences (Zulfigar & Syed, 2023).
Instead of passing the whole text file as it is, it is better to segment the sentences and store them in a text file. We
gave the text file with user reviews as input and generated another text file whose sentences for each review were
segmented as output as shown in Table 3.. Then passed that file for classification.

Table 3. Results of segmented sentences.

Exp01 ['There is no blacklist/block option to hashtags.']

Exp02 [ Too many ads!', 'Interrupt videos a lot!"]

Exp03 [Tupdated WhatsApp yesterday, and then the app is not running for me, where is the problem?']
Exp04 ['Please bring the old filters back']

Extraction of feature requests

We needed to extract those sentences that contained feature requests from the user reviews. As out of the
3 categories namely bugs, feature request and user experiences; we will only be working on feature request.
We used ARDOC (Zulfigar & Syed, 2023), a java-based classifier to extract feature requests from the text files.
Hence, to extract the feature request we passed the text file containing segmented sentences into ARDOC.
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ARDOC classified all the sentences into their respective categories, as shown in Table 4. As we only required
feature requests for our research work therefore the sentences classified as feature requests were exported to
a text file. Next data cleansing was performed on the feature request.

Table 4. Results of ARDOC classifier.

Exp01 ['You guys really need to add the background playback feature.']-feature request
Exp02 ['The application should respond faster']- NON-FEATURE REQUEST
Exp03 [Iwould like there to be a time limit or something to notify customers of how much
time they have to get to the driver.']-FEATURE REQUEST
Exp04 ['You guys should bring back the feature where you can see who other people’s best
friends are']-feature request

Data cleansing

Data cleansing is an important process. The data extracted was in csv files. It contained a lot of information
but we only needed reviews. Hence, the user reviews were extracted and stored in text files. Reviews less than
4 words in a sentence were deleted. Sentence segmentation was performed on them first. Later those
sentences were used for extracting those reviews that contain ‘feature requests’ out of all of the user feedback.
When the feature requests were extracted, they went through a process of data cleansing.

In order to filter the noise and garbage from data we used a number of natural language processing
techniques. NLTK is a very powerful python library which simplify the data cleansing tasks. We used this
library in order to retrieve resourceful information. The text file with feature requests was given as input.
It is read and stored in a list data frame. Each review is distinguished by means of a ‘,’. At the end of every
review there is a comma after which new review starts. All the reviews are loaded and cleansing tasks are
performed. Removal of stop words, converting text to lower case, removal of punctuation and
lemmatization are the text mining techniques used. Stop words are words frequently used but provide no
value for features. (Examples of stop words are a, and. I etc.). These words are removed and after that all
the sentences are converted to lower case for uniformity. Then, punctuation marks are removed from the
text. Only sentences containing words are left, stop words and punctuation is removed. Lemmatization
is the process of reducing words to their base form. Its help in the sense that the same words are replaced
by their base words which increases their frequency in the text corpus and we get to know which words
are occurring frequently. Lemmatization is applied to the sentences and then they are used for extraction
of features, as shown in Table 5.

Table 5. Output of the sentences after applying lemmatization, lowercase conversion, stop words, punctuation, and number removal.

Input sentence Output sentence
['you guys really need to add the background playback feature.']- "guys really need add background
feature request playback feature."

['Also please add a feature where we can turn off the discover
stories.'|-feature request
I would like there to be a time limit or something to notify
customers of how much time they have to get to the driver."]-
feature request
['You guys should bring back the feature where you can see who  "guys bring back feature see people best
other people’s best friends are']-feature request friends."

"please add feature turn discover stories."

"like time limit something notify
customers much time get driver."

Feature extraction from feature requests

After the data cleansing has been performed feature extraction steps are executed. For features’ extraction
we use the sentences obtained after data cleansing. There are 3 methods used to extract features bag-of-words
model (BoW model), rapid automatic keyword extraction algorithm (RAKE) and term frequency-inverse
document frequency (TFIDF). In the first method which is bag-of-words we generate the word count for each
of the word present in text. The words with high frequency are selected. However, it is just selecting features
on the basis of word count which is not such a good idea. Therefore, RAKE was tried, which generates a set of
possible words that can be keywords, then calculate their frequency and words below the threshold are
rejected. These extracted features are then sorted based on their frequency and given as output. The output
gives the features extracted and arranges them according to their frequency in descending order. The
extracted features are a set of features of their apps, it generates word phrases as keywords, which do not
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properly justify the apps features. They are not as good especially when we apply topic modelling in later
phases, they do not provide us with good results. As a consequence, we try, yet another feature extraction
method which is TF-IDF.

We applied TF-IDF to extract text features from text documents which is the most popular and widely used
method for extraction of keywords. TF-IDF stands for "Term Frequency, Inverse Document Frequency". It is a
way to score the importance of words (or "terms") in a document based on how frequently they appear across
multiple documents (Kashif & Memon, 2019). It calculates frequency for given word in the document, the
value increases proportionally to the number of times a word appears in the document, but is often offset by
the frequency of the word in the corpus, which helps to adjust for the fact that some words appear more frequently
in general (Loria, 2013). Therefore TF-IDF returned best features as the features returned were not phrases but
single words. Moreover, they are chosen through vectorization not merely on word count.

Data was passed into TF-IDF function and features were returned.TF-IDF yields separate words as features.
When we apply topic modelling on separate features extracted by TF-IDF we get better results whereas if we
select phrases yield by RAKE and apply Topic Modelling, we don’t get such good results.

Topic identification through topic modelling

To explore similarities among topics (Z) and Corpus (D), and also for the relations among the topics and
terms (W) Topic modelling is used (Luiz et al., 2018). This process consists of 3 main steps:

I. datarepresentation

II. latent topic decomposition

III. topic extraction.

In the first step called "data representation”, firstly wo do data pre-processing step, secondly the textual
corpus that contains string/words are transformed into a vector space model that is of fixed length into its
global term weights that give us word(term) occurrence information (Luiz et al., 2018). This step is performed
earlier using two techniques Count Vectorizer and TF-IDF.

It was decided to use TF-IDF as the final method for feature extraction as it produced better results. Afterwards
Topic Modelling was applied on the extracted features. The text file contains feature of different apps belonging
to different categories. It is found out the features for those apps for reviews but there are many features. But only
giving the features of a document is not enough. To ease the reader, increase the readability and for make sense of
those features it is needed to group them together to into a Topic. A single document may contain many ideas and
may discuss many topics. Topic Modelling groups similar ideas under a topic. Topic model is a statistical model for
determining the abstract "topics" that occur in a collection of documents.

In the second step called "latent topic decomposition” classified in two main models:

I. probabilistic models

II. non-probabilistic models.

Therefore, LDA (Latent Dirichlet Allocation) was chosen from probabilistic models and NMF non-negative
matrix factorization from non-probabilistic models. LDA is a generative statistical model that allows sets of
observations to be explained by unobserved groups that explain why some parts of the data are similar. Bosse
et al. (2011b) For example, if observations are words collected into documents, it posits that each document
is a mixture of a small number of topics and that each word's creation is attributable to one of the document's
topics. LDA is an example of a topic model. but LDA often leads to formation of incoherent topics and data
sparsity.

The second technique called "non-probabilistic topic modelling" includes approaches such as matrix
factorization. In Factorization we manage to break down a bigger number into the product of two smaller
numbers, and in matrix factorization method we break down a larger matrix into the product of two smaller
matrices. These two smaller matrices are relatively smaller than the original one in order to reduce the doc
space. A well-known matrix factorization procedure non-negative matrix factorization (NMF) in which a
bigger matrix called A is break down into two smaller size matrices

A: AeRnxm
H:HeRnxk

W: WeRkxm
A~HxW
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n= total no of the documents in the set

m-= total no of terms across the given set of corpora

k=no of topics (latent terms).

Where A spans a large dimensional space (bigger matrix) that is decomposed into two matrix H (defines
the link among the documents and the topics) and W (defines the link between the topics and the terms) such
that A=<HxW (A is approximated to W and H), with the property that all three matrices have non-negative
elements because having negative values in the matrix does not make any sense. As we know that topic
modelling is the unsupervised learning technique. The topics in the document are also called latent because
they are unknown to us. To find the number of optimal topics (k) from the total no of documents is a great
challenge in topic modelling. In order to estimate the optimal no of topics we use Topic Coherence technique.
The resultant matric that is produced through topic coherence encodes the semantic relation between the
words (terms) that defines a topic “how semantically close are the words that describe a topic.”. To evaluate
the performance of topic modelling that is an unsupervised technique we use Topic coherence c_v measure.
The higher the Coherence score, the better the model. The Topic coherence of NMF for topic modelling is 0.70
for the optimal no of topics K= 22 and the Topic coherence of LDA for topic modelling is 0.62 for the optimal
no of topics K=5 and the time to train a NMF model is much less than the time to train a LDA model. Therefore,
in this case NMF produces the best result for topic modelling and it is the algorithm chosen for topic modelling
(Ubaidullah, Zulfigar, Shafaq, Balouch, & Batra, 2018).

Right now, the output contains the topic number with topics and a matrix of features is printed under it.
Also, the list of features requests is printed under them. For a reader it is easy to understand that this is the
topic with these features and the complete review is also present under. Further we relate each review to its
corresponding topic number. The percentage of user reviews for each topic is shown in Figure 2. The plot
depicts that the topic 0 has high no of reviews. Next, sentiment analysis will be applied on the review, to give
the reader (whoever it is a developer or an analyst) an understanding about which topic and feature is gaining
positive comments and which set of features are disliked by their users (Kashif & Memon, 2018).

0

Topic

Figure 2. Percentage of user reviews for each topic.

Sentiment analysis on feature requests

Until now we know the topic and features of an app about which users are discussing in their reviews. To
develop a better understanding of users’ perspective we perform sentiment analysis on the reviews. It depicts
customer views for app features. We analyse user review statements to find user opinions. Example of a
positive feature request is “i needed something that would allow me to highlight and make notes” and that of
a negative is “some text is missing and there is a glitch which if i slide to go next page the option at top will
pop out”. It tells which features are liked by people are a gaining a positive responses and which features are
disliked by people are gaining negative responses. If the reviews for a certain topic have more positive
response, which means people are appreciating, therefore it can be maintained and if it has negative response,
which means it needs to be enhanced. We also get new requirements from them.
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There were three options available either we could simply classify the sentence as positive or negative or
we could classify into positive, negative, neutral. The third approach was to classify the statement into polar
and subjective and then calculate the subjectivity (i.e., it is positive or negative) along with its score. To
perform sentiment analysis on the reviews we use Naive Bayes classifier which is very efficient algorithm
when it comes to handling text. Text blob is another major python library for text mining which is very helpful
in performing text related tasks. We used this library for mining user views. Text blob has a class Naive Bayes
Analyzer which is trained to find sentiments of a text and it uses Naive Bayes classifier. It is utilized to predict
the outcome of our reviews into positive and negative. Firstly, it is checked that the review is neutral or has
some biasness in is (i.e. it has negative or positive sentiments). Then we get the classification of a sentence
into positive or negative along with the positivity and negativity score. If a sentence is classified is positive,
it will tell the percentage of positivity and also the percentage of negativity. The label for which it has been
classified will have high percentage. The output is in 2 steps, first we get the polarity and subjectivity; then
the subjectivity i.e., negative or positive sentiment of a sentence, is checked. Then we get the output as label
positive or negative and the score for both labels. The accuracy for sentiment analysis is 80.20%. Figure 3
shows total no of positive and negative reviews we can see that the bulk of the feature request are positive.

Sentiments

NEG

Figure 3. Total no of positive and negative reviews.

Classification into functional and non-functional requirements

Now we have the topics with their features and features requests as shown in Figure 4. For each request
we have corresponding sentiment label and scores. We finally categorize them into two popular categories of
requirement engineering i.e., Functional Requirement (FR) and Non-Functional Requirements (NFR) as
shown in Table 6. As, it is a classification task, therefore the approach chosen was supervised machine
learning. There are many algorithms that can be used but as it is a text classification problem, Naive Bayes
classifier was used which is the finest algorithm for text classification. We divide the data into 2 categories
functional and non-functional requirements and assign labels to the data set. After that we train the model
on 80% percent of the data and test it with 20% of it. We achieve an accuracy of 84.4%.
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Figure 4. Observes the division of sentiment for each individual topic.
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Table 6. Categorization of feature request into functional and non-functional requirements.

Requirement category Input sentence
US (usability) "guys really need add background playback feature."
F (functional requirement) "please add feature turn discover stories."
F (functional requirement) "like time limit something notify customers much time get driver."
UE(user experience) "guys bring back feature see people best friends."

Results and discussion

To conduct the experiment, we used classification algorithms like Naive Bayes and ARDOC, natural
language processing libraries NLTK and TextBlob and AppFollow. All the coding is done in python. In our
experiment we first pull-out user reviews, then extract feature reviews from them by the help of ARDOC. We
have a data set of 2500 sentences belonging to 30 different apps from 6 different categories. Subsequently, we
cleanse the feature reviews and extract features from them.

Next topic modelling is applied. Two approaches were tried; NMF and LDA topic modelling which were
implemented by means of a code. As topic modelling is an unsupervised technique, determination of the
number of topics is the trickiest and the hardest part of topic modelling (Samad, Asad, Memon, Aziz, &
Rahman, 2018). Therefore, the evaluation of topic modelling is done by using two most popular techniques:

1) Perplexity

2) Topic coherence

Perplexity is the weak indicator of the quality of the topics as it cannot capture the semantic closeness
between the words even the results are sometimes slightly anti-correlated.

The resultant matric that is produced through topic coherence encodes the semantic relation between the
words (terms) that defines a topic “how semantically close are the words that describe a topic”. To evaluate
the performance of topic modelling that is an unsupervised technique we use Topic coherence c_v measure.
Table 7 portrays comparison of topic modelling methods.

The Figure 5, shows the optimal no of topics for LDA. The optimal no of topics relates to higher coherence
value. It can be seen that the topic from 2 to 8 gives us a better coherence score 0.62 and also there is a rise
for 15 number of topics with the coherence score 0.56.

Table 7. Comparison of topic modelling methods.

Topic Coherence K Time
Models Score Optimal no of topics To train a model
NMF 0.70 K=22 1.2568023999999696 seconds for 14 topics
LDA 0.62 K=5 259.35074399999576 seconds for 14 topics
i
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Figure 5. Optimal no of topics w.r.t Coherence Score for LDA.

Figure 6, shows the optimal no of topics for NMF. The optimal no of topics is relating to higher coherence
value. It can be seen that the topic from 15 to onwards gives us a better coherence score and from k=22 e
obtains higher coherence score 0.70.
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Table 8 portrays the results we get when we used Naive Bayes classifier for sentiment analysis. We obtain
an accuracy of 80.20% while the precision and recall are 84.25 and 80.42% respectively.

Next, we used Naive Bayes classifier for categorizing requirement into functional and non-functional
requirements. Table 9 represents a confusion matrix which show how accurately Naive Bayes has classified
the requirements. We labelled the topics as functional and non-functional, the data consisted of 300 topic
sets out of which 200 were functional and 90 were non-functional.
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Figure 6. Optimal no of topics w.r.t Coherence Score for NMF.
Table 8. Confusion Matrix for Sentiment Analysis.
Predicted
Sentiment Class Positive Negative
Actual Positive 1150 280
Negative 215 855
Table 9. Confusion Matrix for Functional and Non-Functional Requirements.
Predicted
Categorizing requirements Functional requirements Non-functional requirements
Actual Functional requirements 173 18
Non-functional requirements 27 72

At first, we randomly divided the dataset into 80% train data and 20% test data. Most of the training data
consisted of functional requirements as they were more in number. As a result of which most topics were
classified as functional though they belonged to non-functional category and functional were always correct
classified. Therefore, the data is divided into 60% train data set and 40% test data set carefully. After that we
see that non-functional requirements and functional requirements are classified accurately. The accuracy
observed is 84.4%, whereas the precision and recall are 86.5 and 90.5% respectively.

We extracted the app store data (of google play and apple app store) using App Follow in the rom of csv
files. Then extracted features requests by means of ARDOC. We collected 2500 feature requests and saved
them into 30 text files with mostly files being of 100 sentences and a few of 70, 80 and 85 sentences. We
observe that to get the best results the number of sentences in a text file should be 85 to 100 as that way it is
not over fitted or generalized. We process these text files to find features, topics, sentiments and requirement
categories. We have separately found the accuracy, precision and recall for each stage which are mentioned
above. Feature from feature requests have ben efficiently identified. In topic modelling we see some topics
are very precisely distributed. Some of the topic words we get are very accurate while some are not so well
defined. In sentiment analysis user reviews are classified with an accuracy of 80.20%. The classification of
requirements is also done very well achieving an accuracy of 84.4%.

Related work

Since their inception in 2008 till now app stores have many apps which are used by a large audience
and then honestly reviewed (Groen & Koch, 2017). They contain much information about the users’
Acta Scientiarum. Technology, v. 46, €62867, 2024
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requirements and preferences, which can be very useful to the requirements engineer (Bosse,
Hoogendoorn, Memon, Treur, & Umair, 2012a). This enables us to acquire and interpret data from very
large and heterogeneous groups of users (Bosse, Memon, & Treur, 2012b). Observing this behaviour in
the software market (Laghari et al., 2018) have envisioned a “data-driven requirements engineering”.
They foresight the emergence of a new trend in which requirements elicitation, negotiation, and analysis
as an open process with a stronger degree of interaction between developers, analysts, and users. (Bosse
et al., 2012b) has also described this idea by the name of “CrowdRE”. The feedbacks from users have much
potential valuable information, such as feature requests, bugs or sentiment (LaToza, & Hoek, 2016).
Software vendors are gathering this feedback data and use it. Future software and requirements
engineering should be able to gather and engineer requirements from user masses when deciding on what
to develop (Laghari et al., 2018).

Maalej et al. (2016a) applied frequent item set mining for identifying latent patterns among the topics
from reviews. Bosse et al. (2011b) proposed a tool which combines three techniques Natural Language
Parsing, Text Analysis and Sentiment Analysis to automatically classify useful feedback contained in app
reviews. There are a few authors like Zulfigar and Syed (2023) and Bosse et al. (2012b) who have earlier
classified reviews into categories but Boose et al. (2011a) have done a classic job they have made ARdoc: App
Reviews Development Oriented Classifier which efficiently classifies the user feedback into 5 categories
information giving, information seeking, feature request, problem discovery and other. (Zulfigar & Syed,
2023) have also done similar work by classifying the raw user reviews into 4 categories precisely bug reports,
feature requests, user experiences, and ratings.

Bosse et al. (2011a) have proposed an SVM based technique for mining user feedback and extracting
requirements from Social Q&A sites. Laghari et al. (2018) have applied natural language processing
techniques to identify the unique features inside the reviews from apps store, discover user sentiments about
the identified features and applied topic modelling techniques to assemble the similar features under a topic.
(Bosse, Duell, Memon, Treur, & van der Wal, 2015) have adequately applied topic modelling using LDA and
information retrieval techniques to extract word-based topics from reviews.

Abbasi et al. (2021) extracted feature requests from app store reviews by means of linguistic rules and used
LDA to group the feature requests. They presented MARA (Mobile App Review Analyser), a prototype for
automatic retrieval of mobile app feature requests from online reviews.

Hoogendoorn, Klein, Memon, and Treur (2013) have used topic modelling along with LDA to extract topics
from user reviews. Text pre-processing is done using natural language processing techniques. Bosse et al.
(2012a) have proposed AR-Miner; a framework to extract useful features requests using topic modelling and
then prioritized them using an effective ranking scheme.

Laghari et al. (2018) propose a methodology to automatically extract the features of an app from its
corresponding reviews by applying information retrieval methods and grouped the similar using weighted-
tree similarity algorithm.

Malik and Shakshuki (2016) have used Natural Language Processing for extraction of features from user
reviews. Bosse et al. (2012) propose SURF (Summarizer of User Reviews Feedback), a tool which summarizes
user reviews content. It is able to analyse and classify the information contained in app reviews using Natural
Language Processing. Laghari et al. (2018) have applied a very interesting and different approach for
requirement analysis in which they make use of activity theory for the extraction of requirements for a mobile
app they made. Bosse, Memon, and Treur (2011a) have extracted features using information retrieval
augmented with ontological analysis and used them to distinguish apps. Abbasi et al. (2023) have applied
sentiment analysis on user feedback to gather requirements. Bosse, Duell, Memon, Treur, and van der Wal
(2017) have used LDA topic modelling to group similar reviews extracted from app stores.

Kumari and Memon (2022) collected reviews from 7 apps of the Google Play Store they include all the
categories bug reports, functionalities, and user experience from the reviews. For topic modelling block they
use NMF with SToC and for sentiment analysis they used SACI.

Bosse et al. (2011b) have selected a new approach in which they classified user response into three types
Non-Functional requirements, Functional Requirements and Others. Then, further divided Non-Functional
requirements into reliability, usability, portability, and performance. Kumari and Memon (2022) have worked
on the Non-Functional Requirements as well to classify whether a sentence is a Non-Functional Requirement
or not. Yumna, Hina, and Memon. (2018) facilitated the classification of requirements as functional and non-
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functional by means of supervised learning. In addition to this they have divided the non-functional
requirements into usability, security, operational, and performance requirements.

From the literature review it is evident that research work done focuses on a single or few areas but not on all
areas as in our research. In comparison to this, we have devised a comprehensive approach which covers all 4 areas
from extraction of features to categorizing into functional and non-functional requirements. Our work will extract
reviews, then use a combination of natural language processing techniques (for text pre-processing), topic
modelling, feature extraction methods, sentiment analysis and machine learning to enhance the requirement
gathering process. Our research combines 4 areas / levels for the sake of requirement engineering and feature
enhancement. The areas are Feature extraction, topic modelling of features, sentiment analysis and grouping
requirements in categories of functional and non-functional requirements.

Contribution

A novel approach for feature enhancement and requirements evolution from online user reviews. The
contribution of this research is that it is a comprehensive approach from extracting user reviews to their
classification into functional and non-functional requirements. This procedure has accomplished 4 major
tasks feature extraction, assembling features into topics, opining mining and classification into requirement
categories as a part of its procedure. This can be productive for feature enhancement and requirement
gathering. Another contribution is that by the help of sentiments it exhibits the features that are received
well besides the one that are not popular. Feature extraction, assembling features into topics are the phases
that have used natural language processing techniques as they are more efficient in filtering noise, extracting
features and grouping topics. In short, when dealing with a large text corpus, it is best to use text mining
techniques which perform brilliantly instead of manually training new classifiers. Opining mining and
classification into requirement categories are the phases in which machine learning techniques were applied.
As the sentiment analysis and categorization of reviews into functional and non-functional requirements are
tasks which required dividing the data into classes. Supervised machine learning algorithms were the
appropriate option for these phases of the study due to the fact that a supervised learning algorithm analyses
the training data and classifies unseen data into the class labels very well.

Conclusion

In this paper we develop an exclusive procedure that benefits requirement engineers and business analysts
in particular and software distributors in the app distribution markets in general to enhance their app. We
have examined feature requests extracted from user reviews for the sake of requirement elicitation. We have
done a fine-grained analysis of features present in the feature requests and assembled the similar features
under a heading. Following, we benefited from sentiment analysis to know the user opinions on the particular
feature. Afterwards, we have classified the topics into two significant high-level categories of functional and
non- functional requirements.
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