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Abstract. Mobile applications (apps) review feature is supplied by most mobile
apps platforms, which authorize users to evaluate, comment, and rate apps after
utilizing it. User reviews are identified as an oriental source to enhance mobile
applications (apps) and raise the importance for users. With the acute rise in the
quantity of reviews, how to functionally and efficiently analyze and mining the
user reviews and recognize serious user requirements from them to enhance the
mobile apps. In this paper, we suggest an automatic approach for identifying
and classifying requirements into Functional Requirements (FR), Non-Functional
Requirements (NFR) and Sentimental Requirements (SR) from Egyptian Mobile
Apps Arabic Slang Reviews (MASR), utilizing a group of techniques Term Fre-
quency — Inverse Document Frequency (TF-IDF), Bag of Words (BOW) and Nat-
ural Language Processing (NLP) techniques with keywords selection. We suggest
applying Classifier Chains (CC) approach to convert classifying multi-labeled data
problem into one or more problems of single labeling, and utilizing the hybrid
stack classification model, which combines Machine Learning (ML) and Deep
Learning (DL) approaches consist of Logistic Regression (LR), Random Forest
(RF), and Multi-Layer Perceptron Neural Network (MLP-NN). The hybrid stack
classification model accomplishes high accuracy results for classifying Egyptian
MASR user requirements as follow: (99.7%) for classifying Performance, (99.5%)
for classifying Dissatisfied Users, (98.8%) for classifying Others, and (98.1%) for
classifying Security, (97.9%) for classifying Usability, and (97.4%) for classifying
Feature Requests.
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1 Introduction

With the rising ubiquity and income of mobile applications (apps) market, and app
stores have turned into the essential hotspot for the division and possession of mobile
apps [1]. Mobile applications (apps) review feature is supplied by most mobile apps
platforms like (Google, Apple) app store that authorize users to evaluate, comment, and
rate apps after utilizing them, which supplies a feedback technique from users to mobile
apps developers. Mobile apps reviews are identified as an oriental source to enhance
mobile apps and raise the importance for users [2, 3], as the reviews assist mobile apps
developers to recognize better user requirements [4] for meet requirement maintenance,
development, and evolution tasks [5, 6]. However, present mobile apps platforms support
limited assistance for mobile apps developers to systematically assemble, clarify, and
classify feedbacks to recognize user requirements [3]. User review and rating informa-
tion have been explored for business and technical objectives such as mobile app price
prediction [7]. Scientists have therefore fostered various approaches to automatically
summarize user reviews contents to elicit the most helpful information they convey [8—
10]. For instance, few methodologies plan to classify user reviews into various groups
(e.g., feature request, bug report, aspect evaluation, etc.) [11, 12], while some studies
focus on cluster and prioritize user reviews to distinguish the most significant topics [13].
Chandy et al. [14] suggested an automatic approach to identify spam reviews in iOS App
Store. However, there is few works on automatically and systematically recognizing and
classifying requirements from mobile apps user reviews, which will seriously enhance
requirements elicitation and analysis in mobile app development.

To this end, the contribution for this research can be summarized as follow: we sug-
gest an automatic approach to recognize requirements information from Egyptian Mobile
App Arabic Slang Reviews (MASR) and classify them into Functional Requirements
(FR), Non-Functional Requirements (NFR), Sentimental Requirements (SR), and Oth-
ers requirements, which cannot be classified as FR or NFR or SR. This approach focuses
on applying recommended Egyptian keywords selection for identifying, and classifying
subcategories for main requirements such as: FR contains [feature requests, bugs, and
update], NFR contains [security, performance, usability, frequency, and response time],
and SR contains [satisfied users, and dissatisfied users].

In the rest of this paper: Sect. 2 discusses related work and compare some of them
with our proposed approach. Section 3 suggests our proposed approach and the process
of choosing keywords for automatically identify and classify various requirements for
Egyptian Mobile Apps Arabic Slang Reviews. Section 4 displays the evaluation results
for classifying Egyptian MASR user requirements. Section 5 summarizes this research
with proposed future works.

2 Literature Review

This section debates and abbreviates relevant researches containing user reviews mining,
filtering, and classification and their relation to our research in this section. Mobile apps
store analysis has become a common subject in Software Engineering (SE) especially for
requirements evolution. It allocates users suggest their sentiments, and opinions about
the mobile apps they utilized in various app platforms.
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Various researches [7, 15, 16] that mining mobile app stores concentrates on ana-
lyzing the feature information during user reviews, and recognition their inter-relations
with different factors, e.g., code, rating, price, and downloads. Our research approach
purposes to integrate mining of mobile app store reviews and identifying Requirements
Engineering (RE) to assist developers enhance mobile apps to meet requirements evolu-
tion process. Many researchers [17-23] have concentrated on mining and analyzing user
reviews in order to derive NFR that can assist developers maintaining and enhancing
software systems according to requirement evolution. Our research approach aims to
identify and classify various requirements categories: FR, NFR, SR, and other.

Finkelstein et al. [7] presented a technique to extract feature which results are also
utilized as the input to estimate the prices of mobile apps, while our research concen-
trates on user requirements extraction from mobile app reviews. Villarroel et al. [24]
classified reviews into proposal for new features, bug reports, and other types, in addi-
tion clustered together similar user reviews together and advised developers to address
the user review cluster in the following release. Guzman et al. [25] utilized a feature
and sentiment approach to elicit various opinions regarding utilizing mobile apps user
reviews. Al-Subaihin et al. [26] elicited features from textual specification of mobile
apps to cluster the mobile apps utilizing hierarchical clustering and generated mobile
apps categorization. Panichella et al. [27] proposed merged technique automatically clas-
sify reviews into: information giving, information seeking, feature request, and problem
discovery. Chen et al. [13] suggested an automatically framework to mine informative
user reviews for mobile app developers, and moreover rank informative reviews. Our
research purposes to recognize and classify users’ reviews to FR, NFR, SR and others.
Rastkar et al. [28] created bug report summaries in order to assist developers to find
duplicate bug reports more quickly. Oh et al. [29] devised an automatically algorithm
that recognizes informative reviews mirroring user interference to decrease developers’
information overload. Chandy et al. [14] suggested an automatic approach to recognize
spam reviews in mobile app store utilizing a latent class model with an understandable
structure and minimal complexity. Lu et al. [18] attempt to apply supervised Machine
Learning (ML) techniques to filter out non-informative reviews in addition to classify
reviews into different categories (FRs, NFRs, and Others). Sorbo et al. [9] compiled
reviews to suggest future software modifications based on user reviews summarization.
Yang et al. [30] integrated regular expression and TF-IDF in addition human partici-
pation to classify reviews into NFRs and FRs. Hoon et al. [31] developed combined
three emotion, quality, and functional ontologies to classify reviews into three groups.
Gao et al. [32] created AR-Tracker tool, which automatically gathers user reviews of
mobile apps and rates them in order to improve the reviews set exemplification. Tian
et al. [33] analyzed the specifications of mobile apps reviews and recognized the fac-
tors of high-rated mobile apps. This research presents that analytics tools will assist
developers in managing the vast volume of reviews via filtering, classifying them, to
determine what requirements to add, change, or remove [34]. Galvis Carrefio et al. [35]
concentrated on altering requirements and developing new requirements utilizing the
topics recognized from reviews, while our research try to recognize and classify various
requirements from Arabic Slang mobile apps reviews. Our proposed approach results
can consider to be as inputs to be recognized and classified as new requirements topics
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in requirements evolution. Wei et al. [36] proposed a multi-label classification dataset of
mobile apps user reviews. Results show that it’s possible to identify automatically new
features requests. Our research concentrated on multi-label identification and classifica-
tion for Arabic Slang Mobile apps reviews dataset which is requirements are categorized
into FR, NFR, SR, and others and each main category include many multi-labels topics.
Yang et al. [37] develop TOUR tool for detecting app reviews, identifying sentiments,
and prioritizing important reviews for facilitating developers’ examination. It applies
topic modeling approach. It evaluates by a survey that includes various developers, and
All of them attest to the features TOUR suggests changing’s practical utility. Sany et al.
[38] suggest model for predicting covid-19 reviews into depressed or not. The prediction
accuracy is 91% for applied ML algorithms, and 79% for DL algorithms.

3 A Proposed Keyword-Based Feature Extraction Approach
for Identifying and Classifying of User Requirements
from Egyptian Mobile Apps Arabic Slang Reviews (MASR)

We suggest an automated approach with for identifying and classifying requirements into
FR, NFR, and SR from mobile apps Arabic slang reviews especially Egyptian reviews.
There are four phases in this approach: MASR collecting, preprocessing, keyword
extractor, identifying and classifying requirements, categorize requirements.

Figure 1 specifies the sequence workflow of proposed approach, which involves the
following many phases will be discuss in details:

3.1 Phase One: Egyptian Mobile Apps Arabic Slang Reviews (MASR) Collection

In this phase, MASR [39] was elicited according to three main steps including: Scraping,
Mobile App Categorizing, and Filtering, as shown in Table 1.

Table 1. MASR Collection phases.

Scraping Scraper Tool Applying Appbot Scraper Tool
App Store Choose specific Play Store (Google Play Store)
Categorizing | App category Select various 9 categories of mobile apps (Social, Lifetyle,

Travel & Locals, Shopping, Tools, Medical, Productivity,
Education, Maps & Navigation)

App Rating Determine mobile applications were selected based on their
rating of more than 4 scores on google play store in order to
ensure the quality of the comments that guarantee the needs
of the users,

(continued)
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Table 1. (continued)

Filtering Reviews Filtering | Choose Country/Language, and Date for crawled reviews.
In this research we concern on mixing reviews of Egyptian
mobile apps, and another Egyptian reviews for
non-Egyptian mobile apps such as: Instagram

MASR Dataset Save extracted reviews in CSV file which are contained the
following columns: app name, store, app id, review id,
country, a star rating from 1 to 5, date, the reviewer’s
username (author), a review data (body), a translated review
body, a review polarity (positive, negative, neutral)),
language, reply URL, and app category

Attributes select specific attributes for analyze and classify reviews
Filtering like: app category, app name, review, rating, and review
polarity

3.2 Phase Two: Keyword-Based Feature Requirement Identification
and Classification Approach (KBRIC) for Egyptian (MASR)

In this research, we focus on extracting three user requirements categories: FR, NFR,
and SR. FR specifies “a task that a system must be capable to execute”, NFR is limited to
a few distinct characteristics other than functionality, and SR is relating to or involving
feelings. In this phase, we suggest to perform three steps: Keyword-based Search for
Extracting Annotated Reviews, MASR Preprocessing, Keyword Feature Extraction.

Keyword-Based Search for Extracting Annotated Reviews. This paper utilizes
a keyword-based search technique to automatically categorize requirements with
FR, NFR, and SR. Some reviews include multi-label classifier. We select a lim-
ited set of keywords as shown in Table 2. We focus on the sentences includ-
ing keywords relevant to keyword search requirements types mentioned in Table 2,
for example: ((regex = Jho/ Jhed Llas™), (regex = .l LV sb)). If sentences
include any of the keywords: ((cooss ool ¢ Jsos « rewss), We assume the review is
relevant to the Update issue category), ((«bi> «Sols « 83u0 ¢ dools « o ¢ grod ¢ LadlSo ¢ 2L
<lasl), we assume the review is relevant to the Feature Requests issue category), ((. sbuws
o ¢ (¢ et palle), WE assume the review is relevant to the Dissatisfied users issue
category)). Such a limited set of keywords assist to decrease false positives.

MASR Preprocessing. The primary step is to perform pre-processing so as to develop
the performance of classifiers by converting the text into a form as suitable as possible.
This approach applies many stages (normalization, tokenization, stop-word removal and
stemming) as shown in Table 3.

Keyword Feature Extraction. To estimate classifiers performance, we utilized various
variety of features. Those features can be Bag-of-Words (BOW) with Term Frequency
Inverse Document Frequency (TF-IDF) as mentioned in Table 4.
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Table 2. Keywords for various Requirements Types.

Requirement Requirements Keywords
Category Type
FR Feature ‘qu;g«ﬂ)lggs‘}:mc:\_“\mucgb)msﬁ.\:\ésu&‘ﬁbb\
Requests slis)
Bugs Jlara ¢ (o gia ¢ Jae Uad
Update st ¢ laal ¢ Jiaad ¢ (paans
NFR Frequency ¢ Jarae ¢ Aol dady (Al ¢ Gl pa ¢ Bya ¢ ydlaa ¢ Cig
D)oty ¢ Jau gie
Security& cd\ﬂb\cuaﬁ‘h}lmcs‘a';ﬁcgm‘yceﬁum
Accounts ‘Kﬁy‘u@‘m@‘u\)ﬂgz@h ‘\):\A\Sj“u&)éé
:ATPA}.AA ;Ix_);vm
Performance s Alla s Agllad ¢ BeliS Al
Response Time Jread ¢ pali e JUaml ¢ Alaiul ooy ¢ Abday ¢ oy ¢ Ao e
&.Eﬁacéh&dg#f)mﬂ&sd}au&;ﬁéﬁ‘ws
Usability (eeldal Adls ¢ e‘ﬁu\ ¢ A yae Mgl ¢ Cra ¢ Je
dndia ¢ cﬁ‘éf\ ¢ Jardii r-;lx:\]\
SR Satisfied users oeaie ¢ A ¢ Jlias ¢ ¢ (ol

3.3 Phase Three: Automated Supervised Single/Multi-label Classification

This paper utilizes the automatically annotated mobile apps reviews from the preceding
phase as training reviews for supervised learning of multi-label classification as men-
tioned in Table 5. Then utilizes different manually annotated dataset as our validation set
for evaluating the of multi-label classifier performance. We first tokenize each mobile
app review into BOW form, remove the common Arabic stopwords in addition to Egyp-
tian stopword from [40]. Then transform each MASR review into TF-IDF feature vector.
Finally, we suggest to employ Classifier Chains (CC) [41] approach to convert classify-
ing multi-labeled data problem into one or more problems of single labeling, and utilizes
the hybrid stack classification model [39] which combine Machine Learning (ML) and
Deep Learning (DL) approaches which comprised of three classification techniques:
Logistic Regression (LR) + Random Forest (RF)+ Multi-layer Perceptron Neural Net-
work (MLP-NN) which accomplish high accuracy results 89.4% on classifying Egyptian
MASR polarity sentiments (positive or negative or neutral).
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Phasel: Mobile Apps Arabic Slang Reviews (MASR) Collection

Reviews <>
Filtering
Reviews)

Phase 2: Keyword-Based Feature Requirement Identifcation
and Classifiction Approach (KBRIC) for MASR

2.1. Keyword-based Search for Extracting Annotated Reviews

Regex >

Annotated Requirements
Reviews

Feature Requests Frequ§ncy Satisfied User
Bug Security Dissatisfied User
Performance

Update

Response Time
Usability

2.2. MASR Preprocessing

Stopword
14 LB

2.3. Keyword Feature Extraction

I
[
Requirements
Extraction Lists

Phase 3: Automated Supervised Multi-Label Classification

Single Class

DL+ML
Classifier

Multi  Class--

(LR + RF +
Classifier ~Chains MLP-NN)
(CC) Approach

Validation

Reviews

Phase 4: Evaluation

Fig. 1. Keyword-Based Feature Extraction Approach



A Proposed Keyword-Based Feature Extraction Approach 31

Table 3. MASR preprocessing phases

Normalization

This step includes applying two tasks: removing and replacing.

First: Removing punctuation marks, special characters, all diacritics,
digit numbers, and non-Arabic words.

Second: Replacing each final letter () with (<), Replace initial letter
alef-hamza (1 <xs¢e¢) «f) with (1), and replace each final letter (3) with

).

Tokenization

separate text by word or by sentence. This will allow deal with small-
er groups of text that are still relatively significative regular outgoing
of the context of the rest of the text.

Stop-word
Removal

abstract all stop-words from apps reviews. In this research, Arabic
stop word list used from various resources also specific Egyptian stop
word [40].

Stemming

technique of reducing a word to its root. In this research, Snowball
stemmer performs on MASR dataset.

Table 4. Feature Extraction Techniques

BOW an operation of extracting features from text for utilize in modeling, such as with

ML algorithms. BOW model assigns a corpus with word counts for every document

TF-IDF | a statistical method measure utilized to evaluate the importance of a word to a

doc-ument in a corpus. The significance grows proportionally to the frequency of
times a word represents in the document

3.4 Phase Four: Evaluation

To evaluate our proposed approach, we suggest to apply those performance evaluation
measures [42]: Accuracy (ACC), F1-measure (F1), Precision (PRE), and Recall (REC)
as mentioned in Table 6.
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Table 5. Requirements Types and Categories for Egyptian MASR

Req. Req.Type Egyptian MASR Translated Review Pol.
FR Feature Re- 4alSe sumi ol o sla Nice, but if you add an audio  Pos.
quests 8 (50 Al gea call, but without a video
Bugs Oslad ad 8 AI oA T have a problem in Vodafone Neg.
b L Wil Gus GBS cash section in which it al-
Yoo alal g by s ways gives me internal server
cundl Ca e error, I don’t know why
Update ele 3l Yl The new version is full of Neg.
sl pliag oUaaYL bugs and need update...
NFR  Usability Jeaill 4 Jew Gubki An easy application in deal-  Pos.
clendll  cWlly  Jwdis  ing, activating and canceling
iVl dalia services, and following up on
consumption
Security Uaa cuaw Wby 0&SIY) The application is always Neg.
oo s dAa B a2 wrong password or user name
) LSl JSlie ¢ in my hands, even though I
Olile AKEN Jay AN am on a normal web income
LU pnil) e ) ) without a final problem ..
Please advise me of a solution
to the problem so that I can
re-evaluate again
"Frequency", dealss JBal e aY T have to enter my card details  Neg.
"Performance Sle 3e S B HUa  every time even though the
Jsiy Gukill ol e a2l app says it'll save the infor-
[Multi-Label] Loyl Ologlaall Baésyw 431 mation. Also, your customer
el Lalall eMeall Lxd ¢ gervice is the slowest I've ever
Sle il Wl s seen. Live chat is too slow,
8 dlall &3aall 33Y) and your people take too long
Godw 5 ¢ Al Aok to get back, only to say the
sagall Johal iy alaiY) order will be here in 10 to 15
Gllll o) Vg8l i« mins. Every. Single. Time.
15 A 10 I Ba o S
3o JS A ARk
Response Time  (See 0w ¢, AW 5 loa 5Ia Very sweet and cultural.; You  Pos.
@ 335 can just give up quickly
SR Satisfied o La)ll JS apal, @€ [ was completely satisfied Pos.
users Oillia  Slagha Zexd with the service of your lines
5 Gl U8 & Jdls shining and 1 wish you all the
b alasiuly il best and I recommend using
the program
Dissatisfied Ul 4Ll 4w oMee %23 very bad customer service I'm  Neg.
Users ¢lina upset

4 Results and Discussion

For empirical research, we apply a hybrid ML, and DL stack Model [39] for classifying
600 random sample of Egyptian MASR user requirements datasets. Figure 2 displays
Egyptian MASR requirements distribution as follow: FR [Feature Requests 7%, Bugs
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Table 6. Evaluation Measures

> TP+Y TN )

ACC evaluates the pt?rformance measure, and it S TPHFP+IN+FN
represents a ratio of correctly predicted
examination to the total examinations
: . . 2 x Precision * Recall
F1 a tec.hfnque th.at illustrates the 1ncorp0rateg1 “Precision * Recall) 2)
precision, while recall denotes the harmonic
medium of recall and precision, and traditional
F-measure
PRE evaluates the number of True Positives (TP) % 3)
divided by the number of True Positives (TP)
and False Positives (FP)
REC refers to positive predictive value (PPV). It Trz_ipm (@)

evaluates the true positive rate

10%, Update 14%], NFR [Security 5%, Performance 2%, Response Time 6%, Usability
2%, Frequency 5%], SR [Satisfied Users 44%, Dissatisfied Users 3%], and Others 2%.
We apply K-Fold Cross Validation (CV) with K = 10. And finally, we implement four
evaluation measures: ACC, F1, PRE, RE for evaluating Egyptian MASR user require-
ments to assist mobile app developers to meet user requirements evolution as shown in

Table 7.

Table 7. Evaluation Measures Results for Egyptian MASR User Requirements

ACC F1 PR RE
FR Feature Requests 97.4% 80% 85.7% 75%
Bugs 86.9% 53.4% 43% 70.5%
Update 94.6% 83.2% 76.2% 91.7%
NFR Security 98.1% 81.4% 92.3% 72.7%
Performance 99.7 % 35% 33% 28%
Response Time 94.1% 6% 50% 3%
Usability 97.9% 13% 33% 9%
Frequency 94.4% 11% 33% 7%
SR Satisfied Users 91.5% 91.4% 86.1% 97.4%
Dissatisfied Users 99.5% 15% 35% 9%
Others 98.8% 17% 37% 8%

Accuracy. Table 7 shows that the hybrid classification model accomplishes high accu-
racy (99.7%) for classifying Performance, (99.5%) for classifying Dissatisfied Users,
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Egyptian MASR User Requirements Distribution

Dissatisfied Others Feature
Users 2% Requests
3% "l 7%
‘ Update
14%
\
S Security
5%

Performance
Response Time 2%
Frequency Usability 6%
5% 2%

Fig. 2. Distribution of Egyptian MASR User Requirements

(98.8%) for classifying Others, (98.1%) for classifying Security, (97.9%) for classifying
Usability, and (97.4%) for classifying Feature Requests.

F1-Measure. Table 7 shows that the hybrid classification model accomplishes high
Fl-measure (91.4%) for classifying Satisfied Users, (83.2%) for classifying Update,
(81.4%) for classifying Security, and (80%) for classifying Feature Requests.

Precision. Table 7 shows that the hybrid classification model accomplishes high preci-
sion (92.3%) for classifying Security, (86.1%) for classifying Satisfied Users, (85.7%)
for classifying Feature Requests, and (76.2%) for classifying Update.

Recall. Table 7 shows that the hybrid classification model accomplishes high recall
(97.4%) for classifying Satisfied Users, (91.7%) for classifying Update, (75%) for
classifying Feature Requests, and (72.7%) for classifying Security.

5 Conclusion and Future Work

In this paper, we aim to propose an automatic approach for identifying and classifying
user requirements into FR, NFR and SR from Egyptian MASR. TF-IDF, BOW and NLP
techniques utilized for extracting keywords. A keyword list was collected for FR consists
of (Feature Request, Bug, and Update), NFR consists of (Response Time, Usability,
Performance, Security, Frequency), and SR consists of (Satisfied Users, Dissatisfied
Users). For multi-labeled problem, we suggest applying the CC approach to classify
multi-labeled data problems into one or more problems of single labeling. We also
suggest to utilizes the hybrid stack classification model which combines ML and DL
approaches consist of LR, RF, and MLP-NN, and also evaluate our hybrid approach using
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ACC, F1, PRE, RE measures, which accomplish high accuracy results for classifying
Egyptian MASR user requirements as follow: (99.7%) for classifying Performance,
(99.5%) for classifying Dissatisfied Users, (98.8%) for classifying Others, and (98.1%)
for classifying Security, (97.9%) for classifying Usability, and (97.4%) for classifying
Feature Requests.

In the future, we intend to apply different keyword feature extraction methods such

as n-grams, word enrichment, and word embedding. We plan to apply Topic Model-
ing approach for extracting other topics that represent new requirements from Others
requirements that cannot be classified as FR, NFR, and SR from Egyptian MASR.
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