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Abstract

App store reviews are an abundant source for requirements elicitation, from which analysts
can identify bugs, feature requests, and potential improvements for mobile apps from a large,
distributed audience. As a paradigm shift occurs in the Requirements Engineering process,
product development teams need new tools and techniques to support them in making real-

time decisions based on user feedback data.

Natural language processing (NLP) techniques can contribute to this problem by offering auto-
mated means to do preprocessing, text classification, feature extraction, and topic modelling.
On the other hand, Information Visualization can be applied to RE as a way to augment an
analysts cognition and shorten the path from data to decision. When certain principles and
guidelines are followed, an IV tool can speed up the knowledge discovery process, thus benefiting

the analyst work.

In this context, we propose RE-SWOT, an approach and a tool that uses NLP and IV to support
requirements elicitation from app store reviews through competitor analysis. The usefulness of
RE-SWOT for practitioners is evaluated by observational case studies with 3 companies from

different industries and contexts.

Keywords: app store reviews, CrowdRE, NLP, information visualization, natural language

processing, requirements elicitation, requirements engineering
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Chapter 1

Introduction

1.1 Problem statement

User feedback is considered as a central piece of requirements gathering. While much of this
feedback is provided through organized sessions with user representatives, crowd-based channels
like social media and online forums are an increasingly common way for users to express their

opinions about a software product.

However, analyzing crowd-based information requires different approaches than traditional Re-
quirements Engineering. In this context, Crowd-based requirements Engineering (CrowdRE)
concerns automated or semi-automated methods to gather and analyze information from a

crowd, ultimately resulting in validated user requirements [42].

When analyzing unstructured textual reviews, Natural Language Processing (NLP) techniques
have been employed towards goals such as summarizing and classifying user input into struc-
tured knowledge to help practitioners in requirements gathering. As an example, Guzman and
Maalej [43] proposed an automated approach for fine grained sentiment analysis of app reviews,

which enables extracting app features and their sentiment in the reviews.

Besides relying on NLP techniques, the proposed thesis investigates Information Visualization
as a way to help practitioners analyse their mobile apps user reviews. In particular, the project
aims at developing a visualization tool to help product managers and requirements engineers

identify new requirements from navigating information contained in the reviews.

As Cooper et al. [29] reported, research in the area of visualization concerning the early activities



2 Chapter 1. Introduction

of RE has received relatively little formal attention until recent years. According to the authors,
much opportunity exists to develop visualizations that assist with the pre-requirements phases
of understanding the context, which reinforces the relevance of the proposed research. The next
sections elaborate on the research questions to be answered and the proposed methodology to

tackle them.

1.2 Research questions

In this research, we aim to answer the following research question, which is decomposed into

six sub-research questions:

MRQ: How to aid requirements engineers analyse app reviews through NLP and Information

Visualization?
RQ1: How do practitioners analyse app reviews?
RQ2: What obstacles do practitioners face when analysing app reviews?

RQ3: Which applications of NLP already exist in Crowd-based requirements engineering and

what can be learnt from them?

RQ4: What types of Requirements Engineering visualizations already exist and what can be

learnt from them?

RQ5: How to build a tool that uses NLP and IV to help requirements engineers analyse app

reviews?

RQG6: Does the proposed tool satisfy the expectations of practitioners to help identify and pri-

oritize requirements derived from app reviews?

1.3 Research method

The design science methodology [84] provides a suitable framework for addressing the proposed
research. In a design science project, researchers iterate over a design cycle composed of three

phases: (i) Problem investigation, (ii) Treatment design, and (iii) Treatment validation.

1.3.1 Problem investigation

As a preparation for the artifact design, investigating the problem at hand is required. A

literature review on Crowd-based requirements Engineering is performed, so to understand
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current practices and challenges, and answer RQ1 and RQ2. Furthermore, the literature on
NLP and IV is reviewed, by focusing on how these knowledge areas can contribute to the

problem. As a result, sub-research questions RQ3 and RQ4 are also answered, respectively.

1.3.2 Treatment design

The treatment design is expected to answer RQ5. In the proposed research, the artifact under
design is a visualization tool for crowd-sourced user reviews related to a mobile app. The
tool is intended to help software product managers and requirements engineers to identify and

prioritize new requirements derived from textual feedback submitted by app users.

The problem investigation described in section 1.3.1 will clarify what the current practice is and
which criteria the artifact to be designed should satisfy to help requirement engineers analyze

the reviews.

1.3.3 Treatment validation

The last phase of the design cycle is the treatment validation, which aims to answer RQ6. To
understand how the developed tool can be useful to practitioners when analyzing app reviews,

observational case studies are conducted with three commercial mobile applications: Plenty-

OfFish, GetYourGuide, and Blob Connect.

The case studies use real review data collected by the research for each app and two competitors
named by the interviewees. After participants use the tool, their feedback is collected about
which aspects are the most useful to support requirements elicitation, and what could be

improved to satisfy their expectations.
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Literature study

2.1 Literature study protocol

To address the research questions stated in chapter 1, the following areas were selected for the
literature study: (i) Crowd-based requirements engineering, (ii) Natural language processing,
and (iii) Information visualization. Rather than doing a comprehensive, systematic review of
these topics, we gave focus to what can be learned about integrating crowdsourced feedback,

more specifically app store reviews, into the requirements elicitation activity.
In particular, the following keywords were used as a starting point for each topic:

(i) Crowd-based requirements engineering: “crowd-based requirements engineering”, “app re-

view analysis”, “requirements analytics”, “requirements app reviews”.

(ii) Natural language processing: “app reviews nlp”, “app reviews natural language processing”,
“crowd-based requirements engineering nlp”, “crowd-based requirements engineering natural lan-

gquage processing”

(iii) Information visualization: “information visualization”, “requirements engineering visual-

1zation”, “visualization tools requirements”

The selection criteria for the literature was the following: the studies had to explicitly provide
an understanding of one of the above fields, or demonstrate possible approaches that can be used

to incorporate crowdsourced feedback (such as app store reviews) into requirements elicitation.

Based on the initial results obtained, the snowballing method was used to select new studies

for the literature review. This way, we reduce the risk that relevant publications are left out

4
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of the analysis. The process was stopped when no further relevant papers published after the

year of 2000 could be found.

2.2 Crowd-based requirements engineering

The goal of this section is to build an understanding of the problem domain. We first investigate
the new paradigm of crowd-based requirements engineering and how it impacts the requirements
elicitation activity. Then, we give a brief overview of types of user feedback, and app store
reviews characteristics. Finally, we analyze the role of app store reviews on requirements

elicitation as reported on literature and practice.

2.2.1 What is Crowd-based Requirements Engineering

Groen et al. [42] defined Crowd-based Requirements Engineering (CrowdRE) as “an umbrella
term for automated or semiautomated approaches to gather and analyze information from a
crowd to derive validated user requirements”. Similarly, Hosseini et al. [46] discussed the con-
cept of “feedback-based requirements engineering”, where users feedback (either implicit or
explicit) is used by developers to understand the requirements of the next release of a software
product. Although there is an overlap between the two definitions, “crowd-based requirements
engineering” is more specific as it emphasizes that feedback is collected from the crowd, as

opposed to small groups or user representatives.

This new paradigm has a direct impact on how requirements elicitation is performed by require-
ments engineers, analysts, developers, product managers, in short any stakeholder involved in
software product evolution. As Groen et al. [42] discuss, although RE approaches to handle
large amounts of feedback exist since the 2000s, the recent rise of platforms such as social media

has significantly increased the volume of feedback given by the crowd.

Therefore, CrowdRE has become an emerging research field with most of its literature dating to
the 2010s. With the ease of access to user feedback and usage data, and the pro-active partic-
ipation of users online, authors foresee a shift towards data-driven user-centered development,

prioritization, planning, and management of requirements [57].

Crowdsourcing is considered a particularly promising paradigm when eliciting requirements for
highly interactive systems which are potentially used by a wide variety of users in a dynamic,
perhaps unknown, context [46]. In such cases, changes to objectives, priorities and constraints

happen constantly, triggering the need for real-time decisions and incremental adjustments [57].
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As a consequence, new infrastructure, methodologies, and tools will become more and more
important to support the development of products relying on deep customer insight and real-

time feedback.

2.2.2 Requirements elicitation

In this section, we give a brief overview of what is requirements elicitation and what are the

goals of requirements engineers during this step.

According to SWEBOK guide [22], “Requirements elicitation is concerned with where software
requirements come from and how the software engineer can collect them. It is the first stage in
building an understanding of the problem the software is required to solve. It is fundamentally a
human activity and is where the stakeholders are identified and relationships established between
the development team and the customer.”. As the definition suggests, requirements elicitation

is traditionally considered a design-time activity.

Upon identifying the relevant sources of requirements (such as stakeholders, market landscape,
or business goals), the requirements engineer needs to elicit information from them, from which
he/she formulates new requirements [22]. Eliciting requirements from human stakeholders is
considered to be particularly challenging [22], and a number of techniques (such as interviews

and prototypes) are available with this purpose.

Entering the CrowdRE perspective, Hosseini et al [46] extend the definition of requirements
elicitation to not only include the identification of new requirements, but also the evaluation
of existing software and the consideration of alternative solutions to meet users needs. This
broader view on requirements elicitation reflects the change of paradigm discussed in Sec-
tion 2.2.1, and builds upon new approaches [14] that advocate that this activity can also be

done at runtime, rather than only design time.

As a consequence, even more emphasis is put on the importance of gathering and analyzing
user feedback to identify new requirements and judge existing software implementations. In

the next section, we discuss types of feedback and how they are used for eliciting requirements.

2.2.3 Types of user feedback

User feedback may be classified into different types in the literature. These categorizations are
important to researchers and practitioners as different types of feedback might be associated

with specific techniques and challenges.
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Implicit vs. explicit feedback

A popular distinction [57] [46] [50] is made between implicit and explicit feedback. Implicit
feedback is the feedback indirectly collected thought the monitoring of patterns of use of the
software. Data collected might include clicks and interactions on the user interface, which
can be associated to specific app features, components and/or requirements. In the app de-
velopment domain, numerous commercial tools (such as App Annie [15], AppAnalytics [2],
or Mixpanel [61]) already exist and are widely used by teams to collect and analyze implicit

feedback about their apps.

On the other hand, explicit feedback concerns opinions directly given by users about a software
product. In a crowd-based scenario, explicit feedback is typically given in natural language
through social media, online forums, or app stores. As opposed to implicit feedback, explicit
feedback typically consists of unstructured data of varying quality. These characteristics make
the analysis of explicit feedback less trivial, and therefore an active research topic: according

to Daneva [32], 93% of the literature on crowd-sourced feedback studies its explicit form.
Push vs. pull feedback

Another classification found in the literature relates to the communication direction of feedback:
a distinction is made between push feedback and pull feedback. As Groen et al. [42] discussed,
push feedback happens when the crowd initiates the feedback, whereas pull feedback is given

when communication is first initiated by the development team.

In crowd-based requirements engineering context, it is often the case that users are highly
distributed and actively push a large number of issues, wishes and opinions to engineers [55].
As a result, navigating this large number of unsolicited feedback requires different practices

than found in traditional requirements engineering.

Figure 2.1 combines these two classifications into quadrants and provides examples of feedback
gathering techniques for each of them. Given these two dimensions, we introduce app store

reviews as an instance of explicit, push feedback.
App store reviews

According to Jansen and Bloemendal [48], an app store is “An online curated marketplace that
allows developers to sell and distribute their products to actors within one or more multisided

software platform ecosystems.”. As the authors report, the most renowned app stores come
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Communication

r

Field Observation
Lead Users
(rarely used)

lssue and Bug Report
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L
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Figure 2.1: Classification of user input [55]

from mobile phone platforms, such as Android’s Google Play and Apple iOS App Store.

One of app stores core features is the ability for users to read and write reviews of apps.
Figures 2.2 and 2.3 show examples of app store reviews of Facebook found on Google Play and

iOS App store.

iPhone Facebook
Crystal Gaston by Sunshine Pip
r

New update 2 days ago has caused a
complete force stop of the app. | get a
natification of this issue about 20 times or
more a day, especially if | open anything that is
linked to my FB account. | like FB, have used it
for years, would like 1o be able 1o even open it
at this point. ¥Your techs are usually great a
getting bug fixes taken care of fairly guickly,

looking forward 1o a spesdy fix for my Galasxy Arghhhil The last two updates have broken this app.

S8+ happy to remove this review once you've fixed
Figure 2.2: Example of user review of Face-  Figure 2.3: Example of user review of Face-
book on Google Play Store book on iOS App Store

As it can be seen from the Figures, the reviews also contain metadata which varies according
to the platform but can include a time stamp, app version rated, a numeric rating (“stars”)
defined by the reviewer, a review title, and more. This richness of data offers many possibilities

for practitioners and researchers on analysing feedback about existing apps.

Genc-Nayebi and Abran [40] did a systematic literature review on opinion mining from mobile
app store reviews and found 24 relevant studies in the field. According to the authors, most
studies obtained the data by using the search API and the RSS feed generator from Apple,
or by using some type of scraping script. In the next section, we analyse the use of app store

reviews for requirements elicitation.
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2.2.4 App store reviews in requirements elicitation

App store reviews can be used both to evaluate current implementations of an app and to
identify new requirements. Although a portion of reviewers simply describe their sentiment
(e.g., “This is the best app ever!”, or “Terrible, don’t download it!”), users often mention
aspects of the app in their reviews, which makes them especially insightful for requirements

engineers.

Such aspects can be functional (e.g., “I used to love it, but I can’t watch videos anymore!”)
or non-functional (e.g., whether the app is easy to use, or if there is a performance problem).
Moreover, users might also comment on aspects that are not yet implemented, i.e., requests for

improvements or new features.

Authors agree on the numerous advantages that app reviews have over other types of feedback.
Potential benefits include better understanding how apps are actually used, quickly detecting
bugs introduced by new releases [64], improving cost-efficiency, and getting insights from a
wider, more diverse range of users [46]. On the other hand, some characteristics of app store
reviews impose limitations for researchers and practitioners who are interested in analyzing

them.
Challenges

Volume A study conducted in 2013 [64] showed that popular apps, such as Facebook, can get
more than four thousand reviews in a single day. While such a large number of feedback contains
much information that can be used to derive new requirements, processing and analyzing this

volume of reviews requires more convenient solutions than a fully-manual approach.

On the literature, CrowdRe studies mainly rely on linguistic analysis techniques to automate
this process [42] and improve efficiency over manual approaches. On the other hand, the
definition of requirements elicitation as a “fundamentally human activity” [22] should not be
overlooked. Therefore, new support tools must achieve a balance between automation and
cognitive aspects of requirements elicitation [59], by “bringing the human into the loop and

promoting thinking about the results” [20].

Noise As the result of a crowd-sourced mechanism initiated by final users, reviews are ex-
tremely noisy. A study conducted by Chen et al [27] revealed that only 35.1% of app reviews

contain information that can directly help developers improve their apps. This makes system-
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atic filtering and aggregation of content a fundamental step of any analysis [64].

Although there is no definitive agreement on what characterizes an informative review, authors
contributed from different perspectives to this problem. Approaches studied include spam
detection [26], “informative” review classification [27], and using taxonomies to classify and
obtain insights about which topics are most relevant to developers [64] [65] [56]. For instance,
Maalej et al [56] suggested that reviews containing bug reports or feature requests have a more
immediate impact on RE process, as opposed to reviews consisting of simple praise or user
experience narrations. Section 2.3 elaborates on the different NLP techniques applied in the

literature to classify app reviews.

In summary, no one-fits-all approach has been found, suggesting the need to merge multiple
criteria to allow analysts to filter and navigate the most useful reviews according to their specific

needs.

Lack of context One of the drawbacks of app store reviews is that they often lack metadata
about users and app usage. This has a negative impact when analysts try to assess issues
reported, since users need to describe the sequence of interactions needed to reproduce the
problem, and there is no consensus of what information must be included [55]. Thus, further

iterations of elicitation are often needed to clarify the conditions where bugs appear.

Secondly, being unable to identify information such as age and gender from the reviewers makes
it harder to create subgroups [42]. Analysts might want to know which types of users request
a certain feature, but the lack of contextual information requires further investigation from the

team.

One way to overcome this challenge is to embed interfaces for the submission of feedback
into applications, which allows for the automatic transmission of contextual information [55].
There are numerous commercial tools for this purpose, such as Usabilla [81], UserVoice [9],
and Apptentive [6], which typically employ a pull-based mechanism by prompting users to rate

their experience or a particular feature during use.

Practitioners argue that such in-app feedback tools improve requirements elicitation as it es-
tablishes a private, two-way conversation between users and app developers. On the other
hand, app store reviews are considered an one-way channel, where more extreme opinions can
be found [17]. Rather than diminishing the importance of app store reviews, this perspective

suggests that app store reviews can be especially important for finding critical issues that are



2.2. Crowd-based requirements engineering 11

not necessarily reported in other channels. Besides that, as app store reviews can be read by

other users and competitors, they can directly influence an app’s reputation.

Conflicting opinions Finally, various authors [42] [76] [46] [57] [50] [51] cited the fact that
reviews often contain conflicting opinions. Conflicts are a known topic in requirements elicita-
tion literature: it is the role of the analyst to mediate conflicting opinions and find a suitable

resolution through negotiation and compromise [87].

However, in the case of app store reviews, negotiating with users is often not straightforward,
and analysts must use available information to base their decisions. As Keertipati et al [51]
suggest, prioritization approaches can be used to weight issues found in the reviews according
to their dimensions, such as their prevalence amongst the user population, and their serious-
ness. Different aspects, such as rating, sentiment, and frequency can be used to model these

dimensions.
State of the practice

Generally speaking, limited literature is available about the use of app store reviews for require-
ments elicitation in real-world practice. Therefore, we additionally consider “grey literature”
such as industry reports, blog posts, and informal input collected from mobile app product
managers in specialized forums. Although the information provided by these sources lacks sci-
entific backing and must be interpreted cautiously, it is a complement to the limited literature

existent on the topic.

According to Keertipati [51], app development companies often employ so-called community
managers, who are responsible for manually reading and replying to user reviews. During this
process, new issues are eventually identified and raised to the team, leading to new requirements.
Although a manual approach might suffice in some scenarios, it is time consuming, difficult to
scale, and might suffer from bias [51] [42]. The experience shared by practitioners appears
to be consistent with the literature: when asked about their preferred approaches or tools for
analyzing app store reviews, the participants reported to manually read the feedback in order
to identify potential improvements. Tools are reportedly used to facilitate parts of the process
and reduce the workload (e.g., by filtering the low-rating reviews, adding tags to them, and/or

connecting the reviews source to team communication channels).

In summary, when it comes to analyzing app store reviews, CrowdRE is not well established

in the industry. Authors suggest that one of the reasons for this is that current platforms do
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not allow practitioners to systematically filter, aggregate, and classify user feedback [64] [57].

When investigating available tools, two major players are found: Appbot [1] and Appfollow [16],

illustrated by Figures 2.4 and 2.5.

m APPFOLLOW Apps ~ i TeamMembers ) & ASOTools ~ Trial Account & mgarciaparente@students.uunl *

App Collections > Apps @ & > Reviews

+ AddNewApp 123 45

@ Dashboard TRANSLATION:OFF [l Graphs + ¥ NewestFirst =  (Bxport ~
1461k 4.670

Dashboards 22 Apps
Summary  Sentment  Trend  PopularWords (CriclWords) TrendingUpWords  Trending Down Words  NewWords
ords * Reviews 174k 3895
Ar Ratings = ve Airbnb but | have to give the app 15ta
N . wo  months. When | was logged i and tried
Keywords
Bug _— © Timeline
Crashing —_— £ Compare
aaaaaaa Failed —_— = Integrat
- & EmailReports 4 ) .
— lovelyal
Settings & X sty
& setth Ktchtese
L export it by Date: Cannotlogii ironb. gl
i w2t
» . s
Integrations search .

Upon selecting one or more mobile apps, Appfollow allows users to see the average rating
and the distribution of stars over time, the main keywords found in the reviews (and their
associated ratings), and offers the possibility to manually tag reviews. On the other hand,
Appbot’s feature set is more rich in terms of linguistic analysis. The app tags the reviews
according to 43 diversified predefined topics, ranging from operational system versions (such
as “Android Kitkat” and “i0OS 7”) to generic features (“Sign Up & Login”, “Payment”) and
review purpose (such as “Bug” and “Feature request”). Besides that, it is possible to see the
historical sentiment breakdown of the reviews, and their emotional dimensions (in scales ranging
from “Assertive” to “Passive” and from “Pleased” to “Displeased”). Finally, both tools enable

integration with 3rd-party tools for notifications and creation of customer service tickets.

In a blog post on a expert portal, Spiewanowski [75] argues that existing commercial tools
employ simplistic approaches to analyze app store reviews. He suggests that analyzing the sen-
timent of generic topics does not suffice practitioners’ needs, and proposes an empiric method-

ology to obtain actionable feedback related to app-specific features:

“I suggest creating a spreadsheet in which to keep score. The researcher should give
a positive score +1 for each positive comment on the feature, -1 for each negative,
and 0 for neutral mentions. If the feature is not mentioned, the field should be left
blank. With the spreadsheet ready the results can be easily aggregated to show the

sentiment change between app versions and across time.”
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On top of that, the author suggests the use of visualization as a way to obtain action points
from the analysis: a matrix positioning app features according to their sentiment and frequency
in the reviews is proposed, as Figure 2.6 shows. While the author highlights the benefits of the
approach through a case study, he recognizes its limited scalability and calls for the development

of automated tools that provide feature-specific summarization.
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Figure 2.6: App-specific features analysis

This section has attempted to provide an overall understanding of the problem of integrating
app store reviews into requirements engineering, both from academic and industrial perspec-
tives. Eliciting requirements using app reviews is a non-trivial task that requires careful consid-
eration of different aspects, such as features impacted, severity of issues, app versions affected,
and so on. As the literature study showed, limited tools are available for commercial use and

practitioners often use simplistic, sometimes manual approaches to accomplish their goals.

Next, we investigate how Natural Language Processing and Information Visualization can con-
tribute to provide solutions to this problem. We analyze which applications exist, and which

opportunities remain open to be addressed.

2.3 Natural language processing

In this section, we introduce NLP as a set of techniques that can support RE activities. Next,
we investigate the field on opinion mining and focus on how it can be applied to app store

reviews as a way to support the requirements elicitation activity.
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2.3.1 NLP techniques for RE

According to Chowdhury [28], “Natural Language Processing (NLP) is an area of research
and application that explores how computers can be used to understand and manipulate natural

language text or speech to do useful things”.

NLP is a promising approach to support Requirements Engineering activities, since systems are
becoming increasingly complex and difficult to manage from the RE perspective [34]. In this
context, Falessi et al. classified several NLP techniques according to four dimensions: algebraic
models, term extraction, weighting schema, and similarity metric. Although the authors focus
on the problem of identifying similar requirements, their taxonomy gives insights about which

NLP techniques can be used in the RE domain.

Algebraic models. Algebraic models evaluate the semantic similarity among words. Three
techniques are characterized in this dimension: Vector Space Model (VSM), Thesaurus-based

model, and Latent semantic analysis (LSA) [34].

e Vector Space Model (VSM): In this approach, text documents are represented as a
vector in a multidimensional space where each dimension corresponds to a term. Two
documents can be compared against each other by calculating the distance between their
vectors. For instance, the sentences “Orange is a fruit” and “Orange is my favorite fruit”
can be represented as the vectors [1, 0, 1, 1, 0, 1] and [0, 1, 1, 1, 1, 1] respectively, where

the dimensions are {a, favorite, fruit, is, my, orange}.

e Thesaurus-based: In this approach, a thesaurus (such as WordNet [60]) with a given

set of synonyms is used to compare terms.

e Latent semantic analysis (LSA): LSA represents an evolution to VSM in the sense
that it considers synonyms, by looking at words that co-occur often in some text fragment.

Given an input corpus, it outputs a thesaurus with the similarity among words.

Term extraction. Term extraction is a way to preprocess the text so that only words that
carry meaning to the analysis are kept. The authors [34] distinguish between simple term

extraction and POS tagging:

e Simple term extraction: This approach relies on tokenization and stopword removal.

Tokenization transforms the text into a series of tokens where capitals, punctuation, and
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brackets are removed. Stopword removal consists of removing words that do not convey

meaning (based on a predefined stopword list), such as articles, pronouns, etc.

e POS tagging: This approach relies on tagging the role that each word plays in the text,
such as noun, verb, or adjective. After the tokens are tagged according to their part-of-

speech, they can be weighted by how much meaning their POS offers to the text [34].

Term weighting. Term weighting is a way to convey the importance of a term accross

documents. There are different ways to weight terms based on their occurrence in a text:

e Raw frequency: The number of times that the term occurs in the text.
e Binary: Assigns 1 if the term occurs in the text, and 0 if not.

e Term Frequency (TF): Also called Normalized Term Frequency, it represents the num-
ber of occurrences of a term in a document, divided by the length of the document, so to
prevent that long documents generate frequent terms with little meaning. For example,
the TF of “I” in the texts “I love you.” and “I think this product was well worth my
money, I love it and I think everyone should buy it.” would be 1/3 = 0.33 and 3/19 =
0.16, respectively.

e Inverse Document Frequency (IDF): The log of the inverted fraction of documents
that contain a term in a collection of documents. The idea behind this approach is that
terms that consistently appear in many documents of a domain (e.g., “car” in automotive

documents) should not receive a high weight.

e TF _IDF: The multiplication of TF and IDF. TF_IDF combines the benefits of TF and
IDF, by considering the term frequency, but punishing terms that appear in virtually all

documents.

Similarity metrics. There are different ways to compute the similarity level of two text

fragments given the similarity levels of their terms.

e Vector similarity metrics: Calculates the similarity between two text fragments by
measuring how similar their vectors are. Popular vector similarity metrics are Dice,

Jaccard, and Cosine similarity [34].

e WordNet similarity metrics: Metrics offered by the thesaurus Wordnet. These are

unidirectional, i.e., the similarity between “Manuscript” and “Document” is different
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depending on its direction, since “Manuscript” can be replaced by “Document”, but the

opposite is not always true [34].

2.3.2 Opinion mining

The area of NLP concerned with tracking what a public thinks about some product or topic is
called opinion mining, or sentiment analysis. An opinion can be formally defined as a quintuple
consisting of an entity, an aspect of such entity, a sentiment about the aspect, an opinion holder,
and the time when the opinion was expressed [54]. For example, in the sentence “I love this
phone’s battery!”, the first three components can be determined: battery is an aspect of entity

mobile phone and a positive sentiment is expressed [79].

Based on this definition, opinion mining systems typically aim at identifying one or more of
these components out of a text. Opinion mining can be made at three levels: the document

level, the sentence level, or the aspect level [79].

At the document level, the goal is to obtain a sentiment orientation for the whole document,
such a tweet, an Amazon review, or an article. To do so, classifiers such as Naive Bayes,
Maximum Entropy Modeling (MaxEnt) and Support Vector Machines (SVM) are commonly
used in the literature through a supervised approach. However, the need for an annotated
corpora is a challenge, and the success of classifiers will often be tied to a specific domain,
requiring that new models are trained for different areas [79]. Similarly, sentiment analysis at
the sentence level is close to the previous case in the sense that sentences can be regarded as

short documents.

On the other hand, aspect-level opinion mining aims to identify the sentiment towards a specific
aspect (also known as a feature or attribute). Therefore, two sub-tasks are involved: first, the
target aspects need to be extracted, and second the sentiment towards them must be classified.
In the example “I love this phone’s battery!”, the outcome would be that a positive sentiment
is expressed about the phone’s battery. In many cases, users have a positive sentiment about

a feature but dislike another aspect of the product, thus a fine-grained analysis is justified.

However, doing opinion mining at this level of detail is typically even more challenging than
at the document level, since the need for annotated corpora is more complex and requires
more effort. Therefore, to perform such fine-grained analysis, researchers have started to apply
unsupervised or semi-supervised approaches, such as Latent Dirichlet Allocation (LDA) and its

variants [79].
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2.3.3 Mining app store reviews for requirements elicitation

Opinion mining approaches are very much applicable to the app development domain. However,
mining app store reviews can bring extra challenges, as pointed by Gene-Nayebi and Abran [40].
The granularity of aspects mentioned in the reviews tends to be higher, since users will not
only comment on app features, but also specific parts of the interface, or particular interactions
they had. Another difference with traditional reviews repositories is the text length: app store

reviews are 71 characters on average, which is relatively short.

Despite these difficulties, the application of opinion mining to help developers elicit requirements
is rising as an active research field. However, as reported by Genc-Nayebi and Abran [40], most
works published are still exploratory, which leaves room for further progress. We analyze what
can be learnt from these studies according to four perspectives: (i) Preprocessing reviews, (ii)

Classifying review content, (iii) Extracting features, and (iv) Summarizing reviews.
Preprocessing reviews

One of the main challenges identified in Section 2.2.4 is that reviews are intrinsically noisy.
While authors [26] [27] proposed ways to systematically filter out spam and non-informative
reviews, most studies apply preprocessing tactics to reduce noise in the reviews. The most
popular techniques are stopword removal, stemming and lemmatization, but these approaches

need to be considered carefully depending on the modelling goal.

As Maalej and Nabil [56] discussed, removing common English words tends to improve classifi-
cation accuracy. However, one must be careful since some words can be especially useful when
predicting user intention. For instance,“should”, “must” might indicate a feature request, while

“but”, “before”, “now” point towards bug reports.

Both lemmatization and stemming are used as alternatives to standardize different words with
similar semantic meaning. While stemming reduces words to their root (“notifications” becomes
“notif”), lemmatization only removes the words inflectional ends (“notifications” becomes “no-
tification”). Although both approaches were found in the literature, authors point to the
drawbacks of stemming. Gao et al. [39] argue that stemming is not suitable for reviews where
there is a large number of casual words. Moreover, Maalej [56] highlights the fact that this
technique will not consider parts-of-speech when standardizing words (e.g., the noun “goods”
and the adjective “good” will both be reduced to “good”, even though they have different

meanings).
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Other approaches found include removing reviews with less than a certain number of words [86] [33],
matching synonyms, and filtering words from specific POS tags (e.g., nouns, adjectives and
verbs) [56]. Besides that, authors argue that sentence tokenization is an important preprocess-

ing step, since a review might contain both informative and uninformative parts.
Classifying review content

Several studies focus on the classification of app store reviews according to a given taxonomy, by
using a supervised approach. Authors used text from titles and reviews (by models consisting
of their words, and/or their semantics), as well as metadata such as sentiment score, rating,
and length to classify the reviews. The target categories are often predefined according to a

goal derived from the requirements elicitation process.

For instance, Yang and Liang [86] worked on classifying reviews as functional requirements
(FRs) or non-functional requirements (NFRs). Their approach consisted of using regular ex-
pressions to detect specific keywords that the authors found to be frequently associated with

FRs or NFRs.

However, as Di Sorbo et al. [33] discuss, most classifications attempts in the literature focus on

two aspects:

e User intention: represents user’s goals when writing the review, e.g., reporting a bug,

requesting a feature, expressing satisfaction, etc.

e Review topic: specific subjects being reviewed by the users, for example the app as a

whole, its interface, or a particular feature.

Classifying app store reviews according to user intention and/or review topic is a way to tag
the reviews for analysis. Such annotations are reportedly a way to help requirements engineers
obtain a high-level understanding of the feedback provided (and optionally inspect reviews for

more detail when needed), instead of reading and manually tagging all reviews collected.

In this sense, Maalej and Nabil [56] tested the performance of Naive Bayes, Decision trees and
Maximum Entropy Modeling (MaxEnt for short) algorithms to classify reviews intention as
“Bug report”, “Feature request”, “Rating”, or “User experience”. As defined by the authors,
bug reports describe problems with the app that should be fixed. In feature requests, users ask
for additions or changes in terms of features or content. User experiences reflect the experience

of users with the app and its features. Finally, ratings are less informative as they simply reflect
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the numeric star rating. Therefore, identifying bug reports and feature requests have a direct

impact on new requirements.

Similarly, Panichella et al. [65] proposed to classify the intention of reviews as “Feature request”,
“Problem discovery”, “Information seeking” or “Information giving” by combining NLP, sen-
timent analysis and text analysis techniques. While “Problem discovery” is analogue to bug
reports, information seeking are reviews containing questions to developers or other users, and

information giving inform users or developers about aspects of the app.

Later, Di Sorbo et al. [33] proposed SURF, an approach that classifies reviews according to both
intention and topics. Besides adopting the taxonomy introduced by Panichella et al. [65], the
authors describe 12 topic clusters, such as “App”, “GUI”, and “Security”. Table 2.1 provides

a comparison of the taxonomies found in the literature.

Finally, Mcllroy et al [58] selected one-star and two-star user reviews from both Apple App
Store and Google Play Store to classify the issues reported according to 14 categories. The
taxonomy proposed by the authors offers insights both about user intention (e.g., “feature

removal”, “feature request”) and the review topic (e.g., “additional cost to enjoy the app”).

By comparing the different studies, what stands out is that review topics tend to be more
domain-specific than intentions. For instance, topics such as “Privacy” or “Security” may only
arise from apps where user data is heavily involved. Therefore, predefined taxonomies for topics

risk leaving out important insights for requirements engineers.

In this context, feature extraction has been addressed by many authors as a way to produce
app-specific, detailed summaries from the reviews. The next section details the main approaches

found and what can be learnt from them.
Extracting features

As discussed on Section 2.2.4, evaluating current implementations to support app evolution has
become a prominent application of review analytics. By analyzing what users write, require-
ments engineers are able to judge how well an implement requirement (e.g., a live feature) has

reached its original goals, as well as identify alternative ways to fulfill a certain need.

For that, many studies applied NLP techniques to identify relevant app features from the
reviews or app descriptions. Harman et al. [44] extracted features from the app descriptions

that are publicly available on the app store. Their approach relies on informal patterns used
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by developers to present the main features, such as lists. Based on these, “featurelets”, i.e.,
groups of commonly occurring co-located words such as {near, wifi, hotspot}, are created to

represent the feature.

Groups of commonly occurring words, also called collocations, are a popular technique in the
literature for extracting features from the reviews. Guzman and Maalej [43] used collocations
appearing in at least 3 reviews in their fine-grained analysis. The authors also applied tactics
to group similar features, such as matching synonyms and applying topic modelling to the
results. Keerpati et al. [51] adopted a similar approach, but focused on words of specific POS,
such as nouns. Gao et al. [39] identified “phrases” derived from bi-grams to prioritize issues for

developers.

Finally, Johann et al. [50] proposed the SAFE framework, which provides an improvement in
performance over past methods, with a precision of 70%, recall of 56% and F1l-score of 62%.
The authors established a list of POS patterns and sentence patterns of different lengths that
are frequently used to describe features. Based on such list, features were extracted from both

app descriptions and user reviews, and matched against each other using cosine similarity.

Although improvements have been made over the years, fully-automated feature extraction is
not yet ready for industrial use. Therefore, as shown in Section 2.2.4, practitioners still rely on

manual feature tagging or semi-automated approaches based on custom keyword lists.

Next, we analyze how the existing literature addresses the problem of summarizing reviews,

i.e., presenting the most important issues found after processing the reviews.
Summarizing reviews

The literature employs different approaches to summarize the reviews for analysis. The ap-
proaches found typically use different levels of aggregation that allow analysts to navigate from

high-level topics to features, reviews, and even individual sentences.

On AR-Miner, Chen et al. [27] summarized the reviews by displaying the 10 most important
topics (groups of features) found, ranked by an importance score called GroupScore. As showed
by Figure 2.7, the GroupScore considers group volume (where p denotes the group participation
in a review, from 0 to 1), group time series (where k is a unity of time from a time period K
and [ is a monotonic increasing function), and group average rating (based on star rating of

reviews).
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Figure 2.7: Group ranking equations [27]

Therefore, the group ranking helps surface issues that are urgent (because they are volumous,
recent, and/or have a low rating). Figure 2.8 shows a summary produced by this approach.
Similarly, Keertipati et al. [51] used three prioritization approaches to produce a summary of

the 10 most critical features and their priority score.
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Figure 2.8: AR-Miner summary [27]

Hu and Liu [47] proposed a format to summarize product reviews that could be used in the
app store context. The authors presented product features ranked by frequency in the reviews,
and then grouped sentences mentioning each feature into positive or negative, as Figure 2.9

illustrates.

Guzman [43] used a two-level summary that shows the frequency and sentiment per topic

(groups of features) or per feature. The authors argued that future studies could use this
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Figure 2.9: Product review summary [47]

format to produce an interactive visualization.

Di Sorbo et al. [33], on the other hand, proposed an interactive summary where users can
first browse topics and later intentions to find review sentences describing relevant issues. By
inspecting the sentences, the analyst can see the full review it was taken from. Figure 2.10
shows an extract with sentences describing bugs in the user interface. Although the tool was
perceived as useful after an experiment conducted by the authors, participants reported that a

better navigation, use of visualizations and filters would improve the artifact.

APP REVIEW SUMMARY
(1) aul

Figure 2.10: Di Sorbo et al. summary [33]

As it turns out, most summaries use topics or features as the initial level of detail, supported by
information that helps derive priority, such as priority scores, sentiment, volume, or frequency.
Besides that, the studies suggested that showing the full review or excepts from it as the lowest

level of detail allows analysts to better understand the issues being summarized.
Competitive analysis

Another promising application of NLP is to extend the analysis of reviews to competing apps,

so to enable insights from the comparison of user opinion across similar apps.

Although this area is still little explored, some contributions have been identified. Jin, Ji and
Gu [49] worked on the identification of comparable sentences from the reviews, i.e. extracts

where users discuss the same topic or feature. Through feature extraction, sentiment analysis,
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similarity functions and clustering, the authors proposed an approach where it is possible to
compare user opinion about a topic by analyzing pairs of sentences extracted. For instance,
one could read different pairs of sentences discussing aspects of the battery life of two products,

and therefore identify areas for improvement.

A previous contribution was made by Fun, Lin et al. [38] where the authors proposed WisCom,
a system that enables summarization at review, app, and market level. At the market level,
data from competing apps can be analysed in an aggregate manner. The authors showcased the
tool by identifying the most common complaints from users about different apps from various
categories, such as Education, Games, etc. Although the tool can be used to obtain insights
about frequent complaints or praise in a certain market, no direct comparison between apps is

performed.

2.4 Information visualization

In this section, the literature on Information Visualization (IV) is studied, with a special focus
on its application on Requirements Engineering. We present its definition, guidelines and

frameworks for developing IV tools, and what applications already exist of IV in RE.

2.4.1 What is Information Visualization

The use of visualization as a way to improve the communication process is a known issue [66].
From the different visualization paradigms, we are particularly interested on the use of Infor-
mation Visualization (IV), more specifically on how it can facilitate requirements elicitation.
Therefore, we present a definition for IV and distinguish it from other visualization perspectives,

namely Data Visualization (DV) and Knowledge Visualization (KV) [13].

e Information visualization (IV): The application of computer supported, visual represen-

tations of abstract data to amplify cognition [25].

e Data visualization (DV): graphical representation of unprocessed information (e.g., points,

lines or bars) [45].

e Knowledge visualization (KV): an approach that examines the use of visual represen-
tations to improve the transfer of knowledge between at least two persons or group of

persons [23].
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Amplifying cognition means, in practice, that IV relies on the fact that human vision bandwidth
is estimated at 100Mb/s, so it can convey more information to the brain than other senses, thus
“speeding up” the process of filtering among competing theories about the collected data [37].
Therefore, 1V is regarded as a great way to generate insights, and its value is more evident in

the following situations [53]:

When there is a good underlying structure so that items close to one another can be

inferred to be similar;

e When users are unfamiliar with a collections contents;

e When users have limited understanding of how a system is organized and prefer a less

cognitively loaded method of exploration;

When users have difficulty verbalizing the underlying information need;

When information is easier to recognize than describe.

This suggests that IV can be used to help analysts and requirements engineers to understand
how users feel about an app or a set of features without having to manually read all reviews
up-front. It has the potential to surface topics of interest, and help them navigate the reviews

to elicit requirements.

2.4.2 Developing an IV tool

If visualizations are difficult to interpret, a higher cognitive load is placed upon the user, which
can diminish the benefits of using IV [66]. Thus, we analyse which visualization principles and

frameworks are available to guide the development of new tools.
Visual perception principles

As Fekete et al. [37] discuss, there are two theories that can explain how people perceive features

and shapes: Preattentive processing theory [80] and Gestalt theory [52].

According to the preattentive processing theory, a limited set of visual properties are detected
very rapidly and accurately by the low-level visual system. A typical example is the detection
of a red circle among dozens of blue circles, as showed in Figure 2.11. Just like color, other
properties such as line orientation, curvature and line length are also preattentive for some

tasks and limits.
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Figure 2.11: Example of preattentive task: detecting the presence of a red circle

When designing an IV tool, such theory can be explored to draw attention to areas of potential
interest in a visualization. Besides target detection (as exemplified by the red circle case),
other visual preattentive tasks include boundary detection, region tracking, and counting and

estimation.

On the other hand, the Gestalt theory offers insights about our high-level cognition when

looking at a visualization. It can be summarized by the following principles [82]:

e Proximity: Elements tend to be perceived as aggregated into groups if they are near

each other;
e Similarity: Elements tend to be integrated into groups if they are similar to each other;

e Continuity: Oriented units or groups tend to be integrated into perceptual wholes if

they are aligned with each other;
e Symmetry: Symmetrical components will tend to group together;
e Closure: A closed contour tends to be seen as an object;

e Relative Size: In general, smaller components of a pattern tend to be perceived as

objects.

Interaction principles

Pfitzner et al. [66] proposed an unified framework showing that a visualization design is di-
rectly influenced by six factors: data, task, interactivity, skill level, and context, as showed by

Figure 2.12.

The data factor concerns the structure and the level of abstraction present in the data being

visualized. The task factor relates to what users want to do with the tool and presents several
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dimensions by which their goals can be achieved. These dimensions are also recalled as the

Shneiderman’s mantra [70]: “Overview first, zoom and filter, then details-on-demand”.

e Overview: a view of the total collection.

e Zoom: a view of an individual item. This may be either at the object or attribute level.
e Filter: removing unwanted items from the displayed set.

e Detail-on-demand: getting the details of a selected group, sub-group or item.

e Relate: viewing the relationships between a selected group, sub-group or item.

e History: the actions of undoing, replaying, and refining using a store of historic infor-

mation.

e Extract: the extraction or focusing in on sub-collection and other parameters from a

given set.

The interactivity factor refers to the manner that information is displayed to the user. The
tool will often contain a mix of textual and graphic information, where text allows for a high
level of definition but requires significant cognitive load from the user and graphics are easier
to analyze and spot patterns [66]. The skill level factor accounts for the fact that as users
obtain more experience with the tool, the way they interact with it will also change. Finally,
the context factor describes aspects that are external to the use of the artifact, but have an
influence on how users will interact with it. For instance, the designer should consider the
history aspect, i.e., whether the tool will have an one-off use (e.g., look up something) or will

be part of an ongoing activity (such as continuous research on a topic) [66].

One should notice that not only each factor has a direct impact on the visualization, but
also one factor may influence others. For instance, in a high-level interaction, where users are
interested in obtaining an overview of the data, meta-information can be graphically represented
by variables such as size and value. On the other hand, if users want to obtain more detail,

lower level data types can be used, and the interaction occurs at the object or attribute level.

2.4.3 1V for requirements engineering

Requirements engineering is considered the most data intensive and media-rich phase of software

engineering, where there is a need to define stakeholders, problems and goals [41]. When applied
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to RE, visualization helps create a path from data to decision, by playing two central roles. First,
it represents the requirements information by highlighting certain constructs and relationships
while ignoring others. Second, it serves as the interaction medium to augment a requirements

analysts knowledge discovery with advanced computational capabilities [70].
Visual requirements analytics process

Reddivari et al. [70] proposed a framework that characterizes the key components and their
interactions in the visual requirements analytics process. Such framework can be used to
evaluate existing tools, but also as a guideline to develop new ones. As Figure 2.13 shows,

there are five main components: user, data, model, visualization, and knowledge.

Transition Types: ﬁ
|:> Primary to the user 2
“ discovering
1 Secondary to the user selecting interacting with WES/ i ?
— — = Subject to full automation User
isﬂfﬂfﬂﬂg Knowledge
P == 1 Goal Saftgoal =
I Al mapping rendering
\ 4 ——— A ﬁ-' ———
M Subgoal  Task
preprocessing ¥
Data Model Visualization

Figure 2.13: Requirements analytics framework [70]

According to the authors, the user is the most important component in the process [70]. It
denotes anyone who will be using the tool; e.g., a product manager, an analyst, or a requirements
engineer. It is fundamental to understand what are their goals, and which questions they aim

to answer by interacting with the visualization.

Next, the selected data needs to be preprocessed in order to extract relevant requirements
information for further visual and automatic analyses. Based on the preprocessed data, a
model is made defining what entities and relationships will be used to support the users RE
task at hand. Among commonly employed models are features, use cases, and goals. Such

model is fundamental to map the data into a visualization that serves the user goal.

However, seldom there will be a single requirements visualization that conveys all the necessary
information to the user. Instead, the tool developer should create effective and efficient ways

to analyze the data, focusing on the interaction rather than only in the visualization [70].

Finally, it is important that by interacting with the tool, the user augments their ability to
discover knowledge. This must lead to actionable decision, otherwise the tool will not have

achieved its purpose.
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State of the art

Visualization has been used in the literature to support various Requirements Engineering tasks,
such as detecting ambiguity in requirements [31], understanding risks [35], and navigating inter-

dependencies [72].

Cooper et al. [29] did a survey on the state of the art in terms of visualization for requirements
engineering. The authors classified existing studies according to a framework consisting of RE
phases and activities. Figure 2.14 shows the framework used, where it is possible to see how

the activities are emphasized over the different phases of RE process.

Phases *
() \B) \CJ D
Context and Requiremants Requiremants Requirements
Elicitation, Groundwork Elaboration Refinement Specifications
Understanding

and Structuring

f#
- (%)
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iteration An-1 1 itevation #n

e ey e S ————
e e
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Iepration #1 | Riration §2

Figure 2.14: RE lifecycle [29]

Besides that, Cooper et al. also categorized the visualizations employed by the studies according

to 5 types. Table 2.2 describes and exemplifies each of them.

By positioning the 29 studies found in this framework, the authors showed that most of the
efforts of visualization in RE are placed in the activity of modelling and analysis. In terms of RE
phases, requirements refinement and requirements specification received most of the attention

so far, which revealed the need for more work dedicated to support the early phases of RE.

A total of 5 works employed visualization in the activity of Elicitation, Understanding and
Structuring. In the Context and Groundwork phase, Feather et al. [35] used several quan-
titative/metaphorical visualizations (such as bar charts, radar charts, tree maps) to support

early-lifecycle decision in the development of spacecraft technologies. Their approach consists
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Visualization type Example

Tabular visualizations contain series of intersecting

rows and columns that typically hold textual informa- 7C0 | hexadecimal

tion [29]. 3700 | octal

11111000000 | binary |

| 1984 | decimal |

Relational visualizations contain a collection of I
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. : Cuc oM A
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implicitly describe the inherent order of operation of the W & O
system [29] . - R
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A
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Sequential visualizations transmit the order of oper-
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system [29]. 00— = @D £
A y *
Hierarchical visualizations show the decomposition
of a system and its parts, as typically used in goal-based
modeling approaches [29]. |
|Alfred| [Berta] ‘Chmles| [Doris)
Liz
Quantitative/Methaphorical visualizations con- |
vey relative data and may use visual metaphors and | -
other visual clues such as color, shape, line thickness, | 1%
and size to convey meaning at a glance [29].

Table 2.2: Visualization categories [29]
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of visualizing requirements, their risks, and possible mitigations to them so that stakeholders

could choose among alternate solutions to satisfy a requirement.

In the Requirements Elaboration phase, 4 studies are found by Cooper et al.. Pichler and
Rumetshofer [67] analysed the use of a business process modelling visualization to help stake-
holders model scenarios from which new requirements were elicited. Beatty and Alexander [18]
used tabular visualization to enumerate all possible behaviors of each element in a user interface,
in order to support the capture of new Ul requirements. The so-called Display-Action-Response
(DAR) model proposed by the authors was tested in a technology manufacturing company, and
although the model was considered straightforward and easy to use, the main challenge identi-

fied was that it relied on a fully manual approach.

Bimrah et al. [21] used relational visualization to model trust relationships as part of require-
ments elicitation. The modelling language proposed by the authors supports requirements
engineers when identifying the relevant actors in the system context and understanding how
they trust each other. Finally, Sen and Jain [73] work spans both Requirements Elaboration
and Requirements Refinement phases. In the context of goal modelling (a method to represent
requirements as goals), the authors used hierarchical and tabular visualizations to elicit and

refine soft goals from the involved stakeholders.

Although the survey from Cooper et al. offers a solid overview of research efforts in terms of IV
in requirements engineering, it dates back to 2009. In a more recent literature review, Abad et
al. [13] showed that requirements elicitation is now the most visualization-supported activity in
RE. However, as the authors concluded, there is a clear need for more effort towards interactive

visualizations and visualizations that support distributed RE.
State of the practice

Even though IV has not been applied to app review analytics in the literature yet, the two main
commercial players in the field, Appfollow and Appbot, do employ some degree of visualization
in their tools. Figure 2.15 illustrates a chart in Appfollow [16] where it is possible to see the
volume of reviews received by an app over time, per rating given. By hovering over a column,
users can check the distribution of ratings for a given day. By looking at this chart, it is possible
to obtain an overview of the number and ratings of reviews received in the last days or identify
peaks that might be caused by underlying issues that deserve attention by the development

team.
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Figure 2.15: Appfollow visualization - Rating over time [16]

An overview of reviews over time is also provided by Appbot, as Figure 2.16 shows. However,

instead of ratings, the app version reviewed is plotted in different colors.

The tool also uses other visualizations based on metadata generated by NLP techniques. Fig-
ure 2.17 displays a word cloud with the most popular words found in the reviews. The size and
position of the words are used to convey frequency, and its color shows the sentiment associated

to the word.

Lastly, Figure 2.18 presents a visualization where the reviews can be navigated by their emotion.
Axis X represents a continuum that goes from “Displeased” to “Pleased”, and axis Y represents
the level of assertiveness detected in the review. Furthermore, the rating given by the user is

mapped to the dot color: red for 1-2 stars, orange for 3 stars and green for 4-5 stars [1].

By hovering over the dots, users can read the full review, as well as its date, app version,
location, and rating. Besides giving an overview of sentiment and emotion distribution of
the reviews, the analyst might want to inspect reviews from a specific area in the chart. For
instance, reviews where users are highly assertive and displeased can contain urgent issues, such

as crashes or critical missing features.

The framework introduced by Reddivari et al. [70] allows for evaluating such visualizations by
answering a set of questions in each of the dimensions user, data, model, visualization, and

knowledge, as shown in Figure 2.19.

As Figures 2.20, 2.21, 2.22 and 2.23 show, the visualizations generally score high in the user
and data factors. One possible explanation is that in such commercial tools, the presence of

unintuitive or slow, unefficient interactions might directly affect the success of the business.
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Figure 2.16: Appbot visualization - Versions over time [1]
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Figure 2.19: Conceptual goals and their operational questions to be addressed by a visual
requirements analytics approach [70]

On the other hand, the visualization and knowledge factors represent weaknesses for them.
Their level of interactivity is very low or inexistent, and all of them consist of static views that
cannot be manipulated or zoomed in. Thus, the knowledge discovery is limited, and tends to

be restricted to having an overview of the current situation and detecting anomalies potentially
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represented by peaks or unusually frequent terms among the reviews.

In the model factor, the visualizations offer support in modelling the user satisfaction level

according to some parameter, such as version, time, or app aspect/feature. However, most of

the times they do not directly represent such models, but rather make it easier for the analyst

to do so (when compared to manually reading the reviews).
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Figure 2.20: Evaluation for Appflow visual-
ization - Rating over time
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Figure 2.21: Evaluation for Appbot visualiza-
tion - Versions over time
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To sum up, although these applications are rather simple and little interactive, their existence
suggest that the benefits of using visualization also apply to the case of crowd-based require-
ments, in particular to the analysis of app store reviews. However, as no literature on IV
addresses this use case, there is room for research evaluating whether visualization support

produces a positive impact for eliciting requirements from user reviews.

2.5 Literature findings

In this section, we summarize the findings from the literature review and highlight which gap

the proposed thesis aims to fill. We also present the milestones for the key phases of the project.

The literature review on Crowd-based Requirements Engineering revealed that app store re-
views are an abundant source for requirements elicitation, from which analysts can identify
bugs, feature requests, and potential improvements from a large, distributed audience. As a
paradigm shift occurs in the Requirements Engineering process, product development teams
need new tools and techniques to support them in making real-time decisions based on user
feedback data. Such tools must be able to systematically filter out noise and offer actionable

insights about which parts of the app should be improved and why.

Current Natural Language Processing techniques can contribute to this problem by offering au-
tomated means to do preprocessing, text classification, feature extraction, and topic modelling.
In fact, such techniques have been extensively applied in the literature to support the elicita-
tion of requirements for mobile apps, allowing analysts to have a high-level understanding of
the content of reviews received by their app without having to manually read them. However,
although app developers can easily access their competitor’s reviews, little attention was given

in the literature to how such data can be analyzed to influence future product development.

On the other hand, the literature shows that Information Visualization can be applied to
RE as a way to augment an analyst’s cognition and shorten the path from data to decision.
When certain principles and guidelines are followed, an IV tool can speed up the knowledge
discovery process, thus benefiting the analyst work. While the application of Information
Visualization to requirements elicitation has increased over the last decade, previous studies
typically address traditional Requirements Engineering scenarios, and IV support to crowd-

based elicitation remains unknown.

In this context, we propose to research how NLP and IV can be used to elicit requirements
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from the analysis of user reviews about directly competing apps. We argue that new product
opportunities can be potentially uncovered by analyzing competitors weaknesses and strengths

from users perspective, and yet no literature exists about the topic. For that, a novel approach,

hereby called “RE-SWOT” needs to be defined.



Chapter 3

Tool development

Following the Design Science methodology discussed in Section 1.3, this chapter presents the
development of a framework and a tool aimed at facilitating requirements elicitation from
app store reviews of competing apps. At one hand, Section 2.2.2 showed that the market
landscape and the existing competitors are important sources for gathering requirements for
driving software evolution. On the other hand, past contributions on the literature focused
on the identification of requirements from reviews of single apps. Although these approaches
can be applied by development teams to analyze individual competitors as well, they are not
intended to support competitor analysis. They analyze the apps in a siloed manner, and give

little attention to how a market perspective could lead to meaningful requirements.

To fill this gap, we propose the “Requirements Engineering SWOT” (RE-SWOT), which offers
a way to elicit requirements by identifying strengths, weaknesses, opportunities and threats of
an app, as revealed by user reviews about such app and its direct competitors. The conceptual
framework of RE-SWOT and the general architecture of the tool created to support it are
described in Section 3.1. Then, Sections 3.2 and 3.3 show in detail how NLP and IV are used,

respectively, to support the activity.

3.1 Competitive analysis for requirements elicitation

3.1.1 Conceptual approach

Our conceptual approach is adapted from the SWOT analysis, a traditional framework for

strategic planning. SWO'T analysis gives an overview of how a product or business is positioned,

38
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vis a vis its external environment [24]. During SWOT analysis, four factors are identified:

strengths, weaknesses, opportunities, and threats.

As defined by Slotovitch et al. [77] and illustrated on Figure 3.1, strengths are enhancers to
desired performance while weaknesses are inhibitors to desired performance, with both being
internal to the organization. Opportunities are enhancers and threats are inhibitors to desired

performance, but these are considered external factors which are outside the organization’s

control.
Internal External
Enhancers Strenagths Opportunities
Inhibitors Weaknesses Threats

Figure 3.1: SWOT matrix

During the creation of SWOT, one should always consider the external environment of the
organization. Positive internal aspects might only be considered strengths if they provide an
advantage over competitors, e.g., if all players can equally offer a good price, then good prices
cannot be considered a strength to any of them. Therefore, comparing the organization to
the competition is of vital importance to identifying strengths, weaknesses, opportunities and

threats.

Upon identifying these four factors, stakeholders gain a strategic understanding about their
business, and have the means to develop an action plan to improve their competitiveness —
by improving their weaknesses, exploiting opportunities, sustaining strengths, and preventing

threats.

When applying SWOT analysis to a Crowd-based Requirements Engineering scenario, we are
mainly interested in analyzing user feedback and its metadata to create a SWOT matrix that
can lead to new requirements. Figure 3.2 illustrates the RE-SWOT matrix, which adapts the
original SWOT matrix to the problem at hand. A feature represents a strength to an app

if such app is performing positively above average when compared to other apps that offer
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the same feature. Similarly, a weakness is a feature or issue where the app is performing
negatively below the average when compared to the competition. When considering external
factors, threats are features from competitors that are performing positively above the market
average, and opportunities emerge when a competitor has a feature or aspect that is performing

negatively below the market average.

App with the feature
Own app Competition
Positive and Threats
Unigue or Strengths Well-received features from

Features that should be kept "
above market and/or further expanded, the competition that could

average be imitated.

Opportunities
oolowmareat | 1530 orbugs that shi | 0262 % e compeion ht
be fixed or minimized. . p Y
average launching new features.

Negative and Weaknesses

Feature performance

Figure 3.2: SWOT analysis adapted to Crowd-based Requirements Engineering

For an objective comparison among apps, we quantify feature performance as a combination
of (i) user sentiment towards the feature and (ii) number of user reviews mentioning the fea-
ture. The resulting score, hereafter called Feature Performance Score (FPS), is introduced
and illustrated on Section 3.1.1. By understanding the market average score for a feature,
we can determine which players are performing above or below average and therefore assign
strengths, weaknesses, threats and opportunities to a certain app. Once the SWOT is gener-
ated, the requirements engineer can derive new requirements aimed at keeping or improving

the competitiveness of such app. Figure 3.3 summarizes this approach step by step.
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Figure 3.3: RE-SWOT method

Step 1. Identify features and transform ratings

In this step, app features are identified from the user reviews. Our approach to this task is
facilitated by NLP techniques, as further described on Section 3.2.2. Furthermore, the original
user ratings (on a scale from 1 to 5) are transformed to a sentiment scale ranging from -2 to
+2. The objective of this transformation is to assign a positive or negative orientation to the

reviews before the FPS scores are calculated.
Step 2. Calculate FPS per feature

Given a set of apps A = {a1,a2,4a;,...,a,} and a set of features F' = {fi, fo, f;,..., fn}, the
feature performance score of app i in relation to feature j can be calculated as presented on

Equation 3.1.

Sij - Vij

FPS;; = —2u Vi
! iy 8iVi 4l

(3.1)

Where:

e S, (user sentiment for feature j from app ¢): sum of the transformed user ratings

given to the reviews mentioning the feature, divided by the maximum possible sum. For
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instance, if a feature was mentioned on two 5-star reviews and one 2-star review, the

feature sentiment score for such feature is equal to (2 +2-1)/(2 + 2 + 2) = +0.5.

e V,; (feature volume for feature j from app ¢): number of user reviews from app ¢
that mention feature j. For example, if an app has received 2 reviews “App crashes when
uploading photos. Every time I try to upload my photos, there is an error message.” and

“App is crashing a lot recently”, the feature volume for upload photos is 1.

Step 3. Generate RE-SWOT matrix

Based on the FPS scores from step 2, a RE-SWOT matrix can be generated. For each feature,
the scores for each app are evaluated according to three criteria: first, whether they are positive
or negative, second, if they are above or below the average score for that feature, and third if

the app is a competitor or not.

The first criteria is described by Equations 3.2 and 3.3. A FPS is considered positive if Equation
3.2 holds true, or negative if Equation 3.3 is true. Consequently, a FPS is said to be neutral
when it is within the range [-0,+0].

FPSi,j Z g (32)
FPSiJ S —0 (33)
The FPS is also used to determine if a feature is unique, above or below market average. A FPS
is above market average if Equation 3.4 holds true, or below average if Equation 3.5 applies.

Finally, a FPS can assume values of 1 or -1 if the feature is unique, i.e., no other app in the

market as it.

FPSi,j—FPSiZO' (34)

FPSLJ' - FPSl S —0 (35)

We adopt ¢ = 0.1 for Equations 3.2, 3.3, 3.4 and 3.5.

The third criteria evaluates whether the score refers to a feature from the competition or not.
Features from the competition that perform positively above the market averages are classified
as threats. On the other hand, if they are negative and below the average, they represent

opportunities. If the score refers to a feature from your own app, it can be a strength (when
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positively above the average) or a weakness (when negatively below the average). Any other

features that do not fit the aforementioned scenarios are not included in the RE-SWOT.
Step 4. Generate requirements

After step 3, a list of strengths, weaknesses, threats and opportunities is identified. The last
step consists in generating requirements to tackle these. In this step, we apply the TOWS
framework [83], which incorporates the result of a SWOT analysis to identify strategies to

improve a company’s competitiveness.

The TOWS Matrix indicates four conceptually distinct alternative strategies, tactics or actions
that can be pursued. In practice, some of the actions identified might overlap or be executed

concurrently [83].

We restrict the TOWS matrix to the context of Requirements Engineering, therefore providing

a framework to the identification of four types of requirements.

WT requirements: requirements aimed at minimizing weaknesses to make them less

susceptible to threats.

e WO requirements: requirements aimed at overcoming weaknesses to pursue opportu-

nities.

e ST requirements: requirements aimed at using strengths to reduce vulnerability to

threats.

e SO requirements: requirements aimed at pursuing opportunities that are a good fit to

the strengths.

As discussed by Weihrich [83], the TOWS Matrix refers to a particular point in time. However,
external and internal environments are dynamic; some factors change over time while others
change very little. Therefore, the requirements engineer must consider the time dimension and

repeat their TOWS analysis over time to keep their product competitive.

3.1.2 Example

As an example of the technique, we consider a fictional set of user reviews about three photo

edition apps, listed on Table 3.1. We assume the perspective of app Photol, thus considering
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Photo2 and Photo3 as competitors. As a result of step 1, the features mentioned on the reviews

are identified and the user ratings are transformed.

App Review Rating | Transformed rating | Features

Photol | Ilove the free filters, I use this | 5 +2 filters
app to edit photos everyday. edit photos

Photol | Filters are just great, they give | 5 +2 filters
my photos a nice look in a few
seconds. Best photo editor!!

Photol | Saving photos is not intuitive | 1 -2 save photos
at all, it’s annoying how you
need to click twice to do it.

Please improve it!

Photo2 | Syncing with the desktop ver- | 4 +1 syncing
sion makes it so easy to edit edit photos
photos while travelling!

Photo2 | This is the only app I use for | 5 +2 edit photos
editing photos. I'm a pro- syncing
fessional photographer who is
used to the desktop version,
so syncing my photos is just
great.

Photo2 | App crashes whenever saving a | 1 -2 save photos
photo, and now you want me filters
to pay for the filters?? Ridicu-
lous.

Photo3 | I used to love this app because | 2 -1 exporting
of the advanced exporting ca-
pabilities, now it just crashes!!!

Terrible.

Photo3d | What happened with the last | 1 -2 exporting
update??  Can’t export my
photos anymore, simply use-
less.

Photo3 | I always use the filters to edit | 4 +1 edit photos
and save my photos for social filters
media. save photos

Photo3 | How can I switch back to the | 3 0 -

old version?

Table 3.1: Example review set

Figure 3.4 illustrates the outcome of step 2. The FPS scores are calculated for all the features,

and all information required for the RE-SWOT generation is ready.
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Situation

Negative, unique

Photo1 Photo2 Photo3
- - Avg. FPS
Reference Competitor Competitor
feature sentiment +1.00 -1.00 +0.50
feature frequenc 2 1 1
filters ) 014
FPs +0.57 -0.29 +0.14
Situation Positive, above average | Megative, below average Positive, on average
feature sentiment +1.00 +0.75 +0.50
feature frequenc 1 2 1
edit photos oq y +0.33
FPs +0.33 +0.50 +0.17
Situation Positive, on average Positive, above average | Positive, below average
feature sentiment -1.00 -1.00 +0.50
feature frequenc 1 1 1
save photos oq y -0.40
FPs -0.40 -0.40 +0.20
Situation MNegative, below average | Negative, below average | Positive, above average
feature sentiment +0.75
feature frequenc 2
syncing oq y +1.00
FPs +1.00
Situation Positive, unigue
feature sentiment -0.75
feature frequenc 2
exporting oq y -1.00
FPs -1.00

Figure 3.4: Illustrative example of step 2

As it can be seen on Figure 3.4, some of the features are not going to be included on the SWOT
matrix. Only features that are unique, positively above average or negatively below average

are considered.

Based on such calculations, the RE-SWOT of Figure 3.5 is generated. Photol has one strength
and one weakness, but multiple threats and opportunities. The next step is to use the RE-

SWOT to generate requirements.

We start step 4 by identifying SO requirements. For this type of requirement, the goal is to

App with the feature
Photo1 Photo2 or Photo3
Positive and Threats

§ Unique or Strengths edit photos (Photo2)
E above market filters syncing (Photo2)
E average save photos (Photo3)
a
2 [ MNegative and Opportunities
% Unique or Weaknesses filters (Photo2)
2| below market save photos save photos (PhotoZ2)

average exporting (Photo3)

Figure 3.5: lustrative example of step 3
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find a fit between opportunities and strengths. Since the filters are a strength for Photol, there
is one opportunity that represents a clear fit: the fact that Photo2’s filters are negative and
below market average. By reading Photo2’s reviews mentioning this feature, we understand
that users are dissatisfied about having to pay for filters. Therefore, a possible requirement to
pursue this opportunity would be to offer more free filters that could attract these dissatisfied

users.

Next, we identify ST requirements. From the existing threats, Photo2’s edit photos is the
only one that could be potentially minimized by Photol’s strength. However, by inspecting
Photo2’s reviews mentioning this feature, it becomes clear that the reason why users like to
edit photo with Photo2 is the syncing capability. Since there is little fit between syncing and

filters, we do not generate any ST requirements.

To generate WO requirements, we compare Photol’s weakness (save photos) with its op-
portunities. By improving the way users save photos, Photol could potentially pursue two
opportunities: first, the dissatisfaction of Photo2’s users about saving photos, and second, the
dissatisfaction of Photod’s users about exporting photos. Not only Photol could improve the
usability of saving photos, but also they could consider offering more advanced capabilities,
such as saving photos in different formats. This could attract Photo3’s users who liked its

advanced exporting but are unhappy about recent crashes.

Finally, to identify WT requirements, we match weaknesses and threats. The fact that
Photod’s users use the app to save photos for social media could threaten Photol. So a possible
WT requirement would be for Photol to imitate this capability by offering a similar integration

in their app.

Table 3.2 summarizes all the requirements identified by this analysis. Each requirement has
a goal and a potential impact, identified from the number of user reviews that justify such
requirement. The latest could be combined with other information, such as estimated effort

from the team, to prioritize the requirements.

3.1.3 Tool architecture

This section describes the architecture of the RE-SWOT tool, which was implemented with R

and Tableau Software and is available online *.

Thttps://mparente.shinyapps.io/ReSWOT/
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Requirement Goal Potential impact
Improve usability of saving pho- | Eliminate weakness to pursue the | 4 users
tos attraction of Photo2 and Photo3
audience
Offer advanced exporting options | Attract Photo3’s audience 2 users
Offer export to social media op- | Attract Photo3’s audience 1 user
tion
Offer more free filters Attract Photo2’s audience 1 user

Table 3.2: Illustrative example of step 4

Context viewpoint

The conceptual approach previously discussed is supported by a tool whose context is illustrated
by Figure 3.6. The tool is designed for the analysis of app store reviews, which are posted
by users online and obtained by the requirements engineer. The uploaded review data is
thereafter processed through NLP techniques and displayed in an interactive visualization.
Upon manipulating this visualization, the requirements engineer is able to create a RE-SWOT

of the app, and derive requirements to improve the current situation.

App - elicit requirements fo

f

use

it btai
%%—ret:;:: nopsore [e—iers — %

Requirements
engineer

uploads interacts with

use reviews visualization
Competitor ReSWOT
apps

Figure 3.6: Tool architecture - Context viewpoint

Functional viewpoint

A high-level functional viewpoint is shown on Figure 3.7. There are mainly two modules: a

NLP module, which is implemented in R [69] through the libraries Udpipe [78], Tidytext [74]
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and Quanteda [19], and a visualization module which relies on Tableau software toolset [10].

Both modules are exposed to the requirements engineer through a Shiny [71] web application.

A

Requirements
engineer

uploads reviews | Tinteraets with visualization:

Y Y

User interface

raw review data filter selections visualization

NLP module —"‘Susgf:“"“—b Visualization Ul

Legend

D ReSWOT boundaries
l:‘ NLP module

Visualization module

Figure 3.7: Tool architecture - High-level functional viewpoint

The NLP module is responsible for several tasks such as stopword removal, POS tagging, feature
extraction, and sentiment attribution. On the visualization module, simple calculations (such

as frequencies) are made upon user input, and the final visualization is rendered.

On the NLP module showed on Figure 3.8, the raw review data uploaded by the user is first
preprocessed for noise reduction. The original ratings are also transformed into a scale with

positive or negative values, as described on Section 3.1.1.

Besides that, the feature extraction component identifies app features mentioned by users on
the reviews. The list of identified features is then grouped so that synonyms and similar features
are unified. Finally, the reviews are tagged, i.e., the original sentences where the features where
mentioned are identified, and all metadata is combined together and stored for later use by the

visualization module.

On the IV module illustrated on Figure 3.9, the final visualization is dynamically rendered
based on user input. The data previously processed by the NLP module is provided through

a live connection and depending on the period chosen and the main app under analysis, the
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Figure 3.8: Tool architecture - Functional viewpoint of the NLP module
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Legend

D ReSWOT boundaries
[ ] NLP module
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Figure 3.9: Tool architecture - Functional viewpoint of the visualization module
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FPS scores are calculated and features are classified as strengths, weaknesses, opportunities,
or threats. Based on how unique each feature is (i.e., how many apps contain that feature),
the requirements engineer can also directly compare the scores of common features across apps.
The interaction between the requirements engineer and the tool, as well as the visualization

approach used, are described on Section 3.3.

3.2 Competitive analysis for requirements elicitation via

NLP

Section 3.1 introduced a conceptual approach to identify new requirements from the competitive
analysis of app store reviews, and the architecture of the corresponding tool. Central to this
approach is the identification of app features from the app store reviews, which is implemented
through NLP techniques. In this section, we detail which steps are taken to identify and

standardize such features before the data is ready for use by the visualization module.

3.2.1 Preprocessing

As a first step we preprocess the inputted user reviews. The feature extraction requires the

following preprocessing steps:

e Tokenization: We use R library Udpipe [78] to tokenize the text into sentences and

words.

o Lowercase transformation: All tokens are transformed into lowercase for uniformiza-

tion.

e Stopword removal: We use the standard stopword list provided by tm [36] package to
remove common English words that are not meaningful for feature extraction. Additional
words such as the app name, “feature”, and “app” which are commonly found on the

reviews are also removed.

e Noun, verb, and adjective extraction: As suggested by Guzman and Maalej [43],
features are more likely to be described through nouns, verbs, and adjectives. We use

Udpipe’s POS tagging [78] capability to identify and filter tokens that follow these criteria.

e Lemmatization: We apply Udpipe’s lemmatizer [78] to the tokens so that words such as

“photos” and “photo” are reduced to the common term “photo”. This step reduces the
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noise produced by words with same meaning, which would otherwise result in redundant

features.

3.2.2 Feature extraction

As discussed on Section 2.3.3, previous studies found that features are often mentioned through
groups of co-occurring words, also called collocations. We use Udpipe’s collocation finding
algorithm [78] to identify pairs of words that occur unusually often in the reviews of each
app. Then, the collocations are filtered so that they only contain words that appear at least 3
times on the reviews. We additionally exclude collocations that follow the patterns (adjective,
adjective), (adjective, verb), and (verb, verb), since these did not generate meaningful features

during the feature extraction step, as revealed by a manual inspection of the reviews.

3.2.3 Feature grouping

Because users adopt different words to refer to the same features, a grouping step is needed
to merge similar features, for example “photo edition” and “edit picture”. Merging similar

features is also important to enable the comparison of features in common among different

apps.

To identify pairs of similar features, we use Cortical.IO API [30] for calculating the cosine
similarity between all combinations of features, regardless of the app where they were identified.
Pairs of features with a cosine similarity score equal to or higher than 0.60 are merged together.
When doing so, we adopt the name of the feature with the highest frequency, i.e., if “photo
edition” appears in 50 reviews and “edit picture” is mentioned in another 30 reviews, then the
name “photo edition” is used. A lookup table with the original features identified and their

final names is then used for feature tagging.

3.2.4 Feature tagging

The goal of feature tagging is two-fold: first, we want to add metadata to the app reviews
so that it is possible to make aggregated calculations such as the feature sentiment, feature
volume, and the feature impact score. Second, we want to identify in which sentences the
features are mentioned, so that requirements engineers can quickly inspect user feedback when

interacting with the visualization.

Based on the lookup table generated by the previous step, we use regular expressions to match
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the original feature name to the preprocessed reviews. All the sentences were the feature is
mentioned are identified, and the reviews are tagged with the feature name originated from
feature grouping. As an example, if one of the reviews contains the sentence “I use this app
to edit all of my pictures”, it is tagged as mentioning the feature “photo edition”, since “edit

picture” and “photo edition” have been previously grouped under the same name.

3.3 Competitive analysis for requirements elicitation via
IV

This section describes how Information Visualization is used to support the approach described
on Section 3.1, according to the framework of Pfitzner et al. [66]. In particular, the data and

task factors comprehensively cover the main characteristics of the tool.

3.3.1 Data factor

The first perspective of the IV framework is the data factor. Table 3.3 describes the data types
used for the visualization, namely the objects and their attributes. There are three objects:

reviews, features, and apps.

A review has several attributes such as date, title and rating. These allow for contextualizing
user feedback, i.e., understanding when an issue was experienced and how unsatisfied the user
is. Second, features can be identified from the app reviews. Examples are use filter and save
photo for a photo editing app. The attributes of a feature are its name, app, FPS score and
feature volume (which corresponds to the number of reviews mentioning the feature in an app).
Finally, the third object is the app, which can be classified as “own app” or a competitor
app, depending on who is using the tool. For instance, if Photol is taken as reference, then
Photo2 and Photod are competitors. At the beginning of their interaction with the tool, users
can specify which of the apps is their own app, and thereafter the others are classified as

competitors.

Besides data types, it is important to understand which relationships exist among the objects.
Table 3.4 describes the two relationships found in the data used for visualization. First, men-
tion(feature, review) refers to the fact that a feature can be mentioned in one or more reviews.
This fact allows for the calculation of the FPS score, and other meta-information such as feature
frequency per rating, and feature sentiment. It is possible that some reviews do not mention

any feature. However, these reviews cannot be interacted with on the visualization.
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Object | Attributes Example
Review | Id review(0456
Content I love this app, I always use the filters before saving my
photo for social media.
Rating 5)
Date 25/06/2017
App reviewed Photo2
Feature | Name save photo
App Photo2
FPS score 0.5
Feature volume 15
App Name Photo2
Own app/competitor | Competitor
Table 3.3: Data types
Relationship Example Description

mention(feature, review)

filters is mentioned on re-
view(0456

A feature can be mentioned on

one or more reviews.

SWOT (feature, app)

Photo2’s filters are a threat to
Photol

An app’s feature can be a
strength, a weakness, an op-
portunity or a threat to all

apps.

Table 3.4: Data relationships

Second, SWOT (feature, app) describes whether a feature is a strength, weakness, opportunity,

or threat to an app. Such relationship depends directly on whether the app is a competitor

or not. For instance, if Photol is taken as a reference, Photo2’s filters are a threat. However,

if Photo2 is the reference app, then filters can be considered a strength to Photo2. Such

relationship is always drawn between a feature and the reference app.

3.3.2 Task factor

As introduced on Section 2.4.2; the task factor can be described according to Shneiderman’s

mantra and consists of the dimensions overview, zoom, filter, detail-on-demand, relate, history,

and extract. The interactions used for each of these dimensions are described in the following

sub-sections.
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Overview

In this dimension, the goal is to show the user an overview of the total collection they are

analyzing [66]. Figure 3.10 illustrates the overview of the features identified from all apps. .

lightroom snapseed VSCo

Issuesin
common

Issues
unigue to
competition

Issues
unique to *
lightroom

Figure 3.10: Overview of features

Each circle represents a feature. Its position on the x-axis represents the app where the feature
was identified, and its position on the y-axis represents how unique the feature is. The size
of the circle indicates how frequently the feature is mentioned on the reviews, and its color
illustrates whether it is a strength, weakness, opportunity, or threat to the main app under

analysis.
Zoom

The visualization allows to zoom into a feature from the collection by clicking on it. When
doing so, the visualization is updated to only show the selected feature across any apps where

it is mentioned. Figure 3.11 illustrates this concept by zooming into the feature edit photo.
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lightroom snapseed VsCo

Issues in common edit photo edit photo

Figure 3.11: Zoom into a feature

Filter

The visualization filters allow users to remove unwanted features from the visualization. We

adopt three filters:
e Filter by quarter: this filter allows users to focus on a specific period in time, e.g., all

the reviews received during one quarter (see Figure 3.12).

Quarter
201802

Figure 3.12: Filter by quarter

e Filter by feature volume: In some cases, the reviews contain numerous features with
low volume, which can make the analysis more time consuming. This filter allows users

to focus on high-volume features (see Figure 3.13).
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Feature frequency
(Multiple values) b

(All

1. Low
2. Medium
3 High

Figure 3.13: Filter by feature frequency

The numeric feature volume is categorized as low, medium or high as following. First, the
feature volume range is identified by subtracting the minimum volume from the maximum
volume observed in all features from all apps. Then, a feature volume is considered low if
it is lower or equal to 1/6 of the feature range, medium if it is higher than 1/6 but lower
or equal to 2/6 of the feature range, and high if higher than 2/6. Figure 3.14 illustrates
this concept.

Low Medium High

Figure 3.14: Feature frequency categories

e Filter by SWOT classification: This filter allows users to focus on features from a
certain classification, for example on all strengths. It can also be used to hide features

that were not classified under any SWOT quadrant (see Figure 3.15).

SWOoT

B opportunity
[ others

Bl Strength
O Threat

Bl weakness

Figure 3.15: Filter by SWOT classification

Details-on-demand

This dimension of the task factor concerns the means by which the tool users can obtain details

from a group, sub-group or item. We offer two ways to inspect details on demand:

e Details about a feature: by hovering over a feature, a tooltip shows more details about

it, such as its total frequency and distribution per user rating (see Figure 3.16).
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+/ KeepOnly * Exclude &£

desktop version is mentioned in 39 /591 (6.6%)
of the reviews of lightroom in this period.
41%

21%

1595 18%

=l
|
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Feature performance score for desktop version
lightroom: 0.9 | market: 0.4

Figure 3.16: Details about a feature

e Details about a review: similarly, by hovering over a review, it is possible to read
its attributes and inspect the specific sentence where a certain feature is mentioned (see

Figure 3.17).

Extracts mentioning customer service:
“Lousy apps with no customer service response. ™

Kevin Phang

Lousy apps with no customer service response. Bad experience to redeem the
ticket during HK trip and wasted maoney purchase with this apps. Not
recommend to use anymore.

Rating: 1# | Date: 5/18/2018
App: Klook

Figure 3.17: Details about a review

Relate

This dimension allows users to explore the relationships in the data. There are two main
relationships in the visualized data: mention(feature, review) and SWOT (feature, app). The
first one is enabled by clicking on a feature. All the reviews where such feature is mentioned

are displayed on the bottom, and their color represents the review sentiment (see Figure 3.18).

Current selection -> App: lightroom | Feature: desktop version

4000099 SLEPEPF 0000900000000 000

Figure 3.18: Reviews mentioning a feature

The second relationship is visualized through colors. Each feature has one of the following

colors: green (strength), red (weakness), blue (opportunity), orange (threat), or grey (other).
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History

This dimension describes how users can undo their actions. When performing any action such
as zooming into a feature or inspecting their associated reviews, users can restore the previous
state by clicking outside the feature. Besides that, any Tableau visualization has three options:

undo, redo, or revert (see Figure 3.19).

< Undo |& Revert

Figure 3.19: History options

Extract

This dimension refers to how users can extract or focus on a sub-collection from a given set.
During the NLP phase, we group features that are semantically similar. However, there might
be still features that are not synonyms, but refer to the same capability, e.g., “multiple devices”
and “account syncing”. In this case, users can remove one of the redundant features from the

visualization by clicking on the feature and selecting “Exclude” (see Figure 3.20).

O

 Keep Only X Exclude

instagram feed is mentione
of the reviews of vsco in thi

Figure 3.20: Exclude a feature



Chapter 4

RE-SWOT evaluation

In this chapter we discuss the evaluation of the RE-SWOT method and its associated tool
through observational case studies with three companies. An observational case study is a
study of a real-world case without performing an intervention [84]. In this type of evaluation,
generalization occurs by analytical induction over cases, rather than statistical inference from
samples [84]. Section 4.1 presents the evaluation protocol used, Section 4.2 describes the three

cases, and Section 4.3 presents the results and conclusions obtained from the interviews.

4.1 Evaluation protocol

4.1.1 Goal

The goal of the evaluation can be described as following:
In which ways can RE-SWOT support requirements elicitation through competitor analysis?

To reach this goal, semi-structured interviews were conducted with three practitioners from
different industries. In a semi-structured interview, there is an incomplete script that leaves
space for improvisation during the interview. The reason for that is to facilitate a deeper

understanding of a social situation [62].

4.1.2 Interview protocol

Due to logistic constraints, the interviews were conducted remotely through online meetings
that allowed for screen sharing and recording. The interview protocol, which is fully presented

at Appendix A, consisted of the following parts.

29



60 Chapter 4. RE-SWOT evaluation

Introduction (5 min): The participant receives an explanation about the research and the

goal of the interview.

Contextual questions (10 min): The participant answers questions about their company,

their role, the product and their current practices when analyzing reviews.

Demo (10 min): The participant receives an explanation about the tool principles and how

it can be used to do competitive analysis.

Tool usage (20 min): The participant has up to 20 min to freely interact with the tool, while
receiving minimum interference from the researcher. The participant is encouraged to think
aloud while using the tool, and they can finish whenever they think no more insights can be

obtained from interacting with the tool.

Follow-up questions (15 min): The participant answers questions related to their experience
with the tool. Such questions are meant to surface any advantages or disadvantages of the tool,
points that did not correspond to their needs and expectations, and a comparison to their

current practice.

4.1.3 Sampling

For sampling the participants, a call for participating on the research was posted in the online
community MindtheProduct [8], which is an international community for product management.
Besides that, one of the participating companies was approached directly and accepted to
contribute to the evaluation. To be able to participate on the research, candidates had to fit

the following selection criteria:

e The company has a mobile app distributed on Google Play or iOS App Store.

e The mobile app and 2 competitors have received at least 200 reviews in English each over

the same time period and distribution platform.

4.2 Case descriptions

4.2.1 PlentyOfFish

PlentyOfFish (POF) is a Canadian company founded in 2003 that offers online dating services.

The organization has approximately 95 employees and is based on Vancouver, Canada. Since
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2015, POF is part of the Match group, which also owns other online dating services such as

Tinder, Match.com and OKCupid [68].

POF has 150 million registered users and 65 thousand new daily users. It is available in 11
languages and more than 20 countries through a website and mobile applications for iOS,

Android and Windows Phone [68].

POF (Figure 4.1) is free to use, but generates revenue through advertising and premium mem-
berships. POF offers different features to facilitate online meeting, such as creating a personal
profile, browsing other users, being matched with potential partners and advanced messaging

capabilities.

FREE POF Free Dating App

Plentyoffish Media ULC Social * ok ko 1156015 &

i PEGI18

Contains Ads - Offers in-app purchases

This app is compatible with all of your devices.

POF

Figure 4.1: POF app on Google Play [7]

The interviewee was a Senior Business Analyst with 2 years of experience in the role and
company. Part of their responsibilities include obtaining input from the market, users and

internal stakeholders to elicit requirements for POF mobile apps.

The two competitors chosen for analysis by the participant were Badoo and Bumble. Badoo is
an online dating service with 390 million registered users and 300 thousand new daily sign ups
[4]. On the other hand, Bumble is a location-based dating application with 22 million users

which was considered America’s fastest-growing dating-app company [63].

In total, 5,014 reviews were collected from POF and its competitors on Google Play. The
reviews were posted during May 2018, as detailed on Table 4.1.

4.2.2 GetYourGuide

GetYourGuide is a Switzerland-based company targeted at tourists where users can book ac-
tivities and buy tickets for attractions in their destination. Its services are available in three

platforms: a web application, an Android application [5] and an iOS application [11].
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App Reviews Features identified
POF 3,220 280

Badoo 992 46

Bumble 802 66

Table 4.1: Data collected for POF (period: from 01/05/2018 to 31/05/2018)

GetYourGuide: Activity tickets &
sightseeing tours

GetYourGuide Travel & Local *khkky 65752 &
PEGI 3
This app is compatible with all of your devices.

Figure 4.2: GetYourGuide app on Google Play [5]

The company was founded in 2008 and has approximately 400 employees distributed over offices
in Europe, North America and the Middle East [11]. GetYourGuide’s features include ticket

booking, offline availability, and personalized recommendations.

The interviewee was a Senior Product Manager whose responsibilities include overseeing the
development roadmap for GetYourGuide mobile apps. The participant had over 6 years of
experience in Product Management and has been working for Get YourGuide for approximately

one year.

The interviewee named the apps Klook and Viator as competitors for the tool evaluation. Klook
is an Asia-focused travel activity platform launched in 2014, while Viator is an app for booking
global attractions that is part of TripAdvisor Media Group [28]. Reviews were collected from
Google Play for the period from 01/12/2016 to 31/05/2018. Table 4.2 describes the amount of

reviews collected for GetyourGuide and how many features were identified.

App Reviews Features identified
GetYourGuide 253 9

Klook 506 30

Viator 375 14

Table 4.2: Data collected for GetYourGuide (period: from 01/12/2016 to 31/05/2018)
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4.2.3 Blob Connect

Blob Connect (Figure 4.3) is a game developed by AppTornado. In the game, players need to
connect dots to collect points and advance levels. It can be played online or offline, and it has

135 puzzles of different types.

y W Blob Connect - Match Game
[ AppTornado Games Puzzle * ok ok ok d 34354 &
\ El PEGI3

Contains Ads - Offers in-app purchases

This app is compatible with all of your devices

Figure 4.3: Blob Connect app on Google Play [3]

AppTornado is an app development company founded in 2009 by two former Google employees.
Under the name Swiss Codemonkeys, the company has published more than 30 Android apps

in different categories, summing up to 80 million downloads in total.

The company has 6 employees who are distributed over two offices: one in Zurich, Switzerland
and another one in Utrecht, Netherlands. The interviewee was the CEO of the company, who

had a background in Software Engineering and 9 years of experience developing apps.

For the evaluation, two competitors were analyzed: Spots Connect and Dots & Co. Similarly
to Blob Connect, in both games users need to connect dots to make points. The review data
was collected from Google Play for the period from 01/01/2017 to 15/06/2018. Table 4.3

summarizes the data collection for Blob Connect.

App Reviews Features identified
Blob Connect 743 11

Spots Connect 2,105 72

Dots & Co 3,321 176

Table 4.3: Data collected for Blob Connect (period: from 01/01/2017 to 15/06/2018)
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4.3 Results and conclusions

In this section, we report the results of the interviewees conducted with the experts from POF,
GetYourGuide and Blob Connect. First, we present the current practice for analyzing app
store reviews. Then, the positive aspects and any insights generated while using it are reported.
Third, we present the suggestions participants made for improvement and any missing features.
Finally, we present their comparison to their current practice, and factors that would influence

their adoption of RE-SWOT.

4.3.1 Current practice

All interviewees reported reading their app reviews in some degree. On POF, the interviewee
mentioned to read through all reviews approximately once per month to obtain an overview
of user perception about the app and to identify areas for improvement. On GetYourGuide,
on the other hand, an integration is used to post all reviews into their team communication
channel, from where them can be read on an ongoing basis. According to the interviewee from
this company, this setup gives the team the ability to react quickly if critical bugs are reported.
Finally, the participant from Blob Connect said to occasionally read reviews through Google
Play Developers console, but mentioned that they often do not contain relevant information

that can lead to changes on product development.

Surprisingly, none of the interviewees reported to have the habit of reading their competitors
reviews. For POF, the participant mentioned they would like to analyze competitors reviews
more often, but time constraints are the main factor to not do so. On the other hand, par-
ticipants from GetYourGuide and Blob Connect suggested they never considered competitors

reviews as a source of potential requirements.

4.3.2 Positive aspects and insights generated

All participants pointed that the visual and interactive aspect of RE-SWOT is the main positive
aspect of the tool. According to POF interviewee, “The tool is easy to learn and navigate”.
On GetYourGuide case, the participant described the experience as a “deep-dive analysis”, and
reported it as an interesting way to obtain an overview of user reviews about the competition.
Similarly, Blob Connect participant said that “being able to browse the reviews in such a visual

way” was the most distinctive aspect of their experience.

On POF, other positive aspects of RE-SWOT were highlighted. According to the participant,
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the ability of going from a high-level view to a more detailed level would positively impact the
communication of insights to different stakeholders. Moreover, the interviewee referred to the
automated detection of phrases from the reviews as an helpful way to filter a large volume of
reviews. Finally, the option to download review data was also perceived by this participant as

an advantage.

When asked about insights generated while using the tool, participants gave different answers.
For POF, the fact that one of the competitors received less reviews was not expected by the
interviewee, and thus represented a new information. For GetYourGuide, the participant stated
that they became aware of a feature from the competitors that was previously unknown. When
asked about how this could influence product development, they said: “If I have time, this
1s something I will investigate better to understand what exactly it is, why people like it and
whether this impacts our app”. Another insight was that one of the competitors had done a
promotion: “I could also see that one competitor did some kind of promotion because people
were commenting about promo codes. I don’t know if this is something I can act on, but it is

good to know.”

Finally, Blob Connect interviewee stated that the tool provided a confirmation that competitor
apps adopt a similar business model, but that insight generation was limited, mostly due to
the nature of reviews received by their kind of app. “If I see my competitors have a payment
problem, like if users think it is too expensive, I could promote my app to say we are cheaper
than them. But on the other hand, if they say they are not happy with the graphics, this is not
necessarily an information I can act on.” According to the interviewee, reviews on the gaming
industry tend to be “generic and very little informative”, which tends to hinder knowledge

discovery from this source.

4.3.3 Improvements and missing features

All participants named a number of potential improvements or missing features during the

interviews.

For POF participant, being able to easily see trends over time, rather than quarterly snapshots
of user opinion, would be the most valuable improvement. According to the interviewee, iden-
tifying changes or trends on the market would make the tool more actionable. The participant
also mentioned as a missing feature the ability to see an overall breakdown of user ratings per

app, rather than only per feature.
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Similarly, GetYourGuide participant also mentioned that the current visualization does not
allow for a temporal view of the features. When asked about how this could support their
work, the interviewee said: “If there is a spike (of volume) in a threat from one quarter to the
other, I wonder what did my competitor do that caused this. Perhaps there is a relationship
between this feature and something else, which I would need to investigate further”. They also
missed the ability to look at reviews at custom periods of time, rather than only quarter by

quarter.

The interviewee also added that knowing for how much time a feature is being negatively
mentioned could help understand the priority of addressing the underlying issue. Another
topic discussed by GetYourGuide participant was the feature extraction: “I think being able to
merge a lot of these features could be helpful to make them comparable. And if you think about it,
many of them are not actually features, but other things that people talk about. So I would have
to spend some time thinking on how to take action on these.”. When it comes to the SWOT
classification, the participant stated that in some cases it might be a false positive: “If they
have a negative review coming from a bug, I don’t know how to phrase this as an opportunity

to my app. Everyone has problems, but not all problems are opportunities to me”.

Finally, Blob Connect interviewee mentioned potential improvements that could benefit usabil-
ity, and make the tool more useful in the long term. The participant discussed ways that the
tool could filter or remove uninformative reviews, such as allowing users to focus on reviews
that have at least a certain length. Another suggestion was to offer a preview of reviews men-
tioning a certain feature from the initial view, instead of having to first select the feature and
then hover over the reviews. According to the participant, this would make it easier to decide

whether to click or not on a feature, and make usage more efficient.

The Blob Connect participant also noted that in most cases different features might refer to
the same underlying idea and as such the feature extraction algorithm could be improved, or
a way to combine features could be offered. Besides that, they referred to the fact that some
opportunities suggested by RE-SWO'T were not accurate in a real-world scenario, since they

referred to game mechanics that were also used by their own app.

4.3.4 Comparison to current practice

As discussed previously, none of the participants currently read their competitors reviews.

Therefore, when comparing RE-SWO'T to their current practice, most interviewees focused on
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how they currently read their own reviews.

The POF partic mentioned that the feature generation was an improvement to their current
practice, since they now search for keywords on their own reviews to understand user opinion
about a topic. When asked to compare their experience with their current practice, GetYour-
Guide interviewee stated “I have never read my competitors reviews, so using this visualization
tool was better than not reading them. I guess the more knowledge, the better”. Finally, Blob
Connect interviewee mentioned that Google Play Console provides review highlights (illustrated
on Figure 4.4), which rely on a similar concept as the feature extraction used by RE-SWOT.
However, according to the participant, analyzing reviews through RE-SWOT was more visual

and interactive.
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Figure 4.4: Review highlights from Google Play Developers Console[12]

4.3.5 Factors influencing adoption

The last topic discussed on the interviews was how RE-SWO'T could be adopted as part of the

participants workflow, and any factors that could hinder their adoption.

POF participant stated that they could see RE-SWOT being integrated into their workflow if
there would be a way to add more competitors, and if it was possible to see trends and changes
over time rather than only quarterly snapshots. When asked about factors that could hinder
the adoption of the tool in a real-case scenario, the interviewee mentioned that the fact that

the tool currently relies on Tableau Software could make it unaffordable to most companies.
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According to GetYourGuide participant, if the tool was improved to show trends, allow the
combination of features and let users set custom periods of time, then it would be more useful
to be adopted in their workflow. “We could use it to sit down and re-write some of our content,
or check the roadmap to see if there is something we need to change”. When asked about the
frequency with which the tool would be used, the participant stated that with the current
quarterly setup, the tool could be used for quarterly or yearly planning, while with custom
time filter, then it could be used every week or two weeks to monitor previous issues and

discover new ones.

Finally, the Blob Connect interviewee said that currently there would not be a strong incentive
to adopt the tool: “Unless there is some feature that warns me if there is a change, like if
there was an upgrade and comments are significantly better now, then I cannot see a benefit
on coming back to this tool another time”. The participant said that due to the volume of
reviews their app receives, the current quarterly analysis makes the tool less useful: “For an
app like ours, I feel like most of the changes from quarter to quarter will be random and not

worth further attention”.

4.3.6 Conclusions

In this section, we reflect on the results obtained from the interviews with practitioners from
POF, GetYourGuide and Blob Connect. The positive and negative aspects of RE-SWOT are

weighted to answer the evaluation goal:
In which ways can RE-SWOT support requirements elicitation through competitor analysis?

The major findings obtained from the evaluation are discussed according the four themes:

feature detection, SWO'T classification, change detection and visualization.
Feature detection

On RE-SWOT development, NLP techniques are used to automatically detect potential app
features from the app store reviews. The automated nature of feature detection has advantages
and drawbacks, as the evaluation showed. While feature detection was considered as an ad-
vantage by POF participant, the fact that it generates false positives and duplicates had more

importance on the feedback of interviewees from GetYourGuide and Blob Connect.

One possible explanation for such difference is the fact that POF receives, on average, more

than 100 reviews per day on Google Play, which is approximately 100 times the rate of reviews
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received by GetYourGuide and Blob Connect in the same period. With a far superior volume
of reviews received, the perceived usefulness of being able to filter reviews by common topics or
features might be bigger than the perceived effort of having to disconsider duplicates or remove

false positives.

We conclude that the feature detection algorithm does provide value for product managers of
apps with a high inflow of reviews. However, improvements are needed to reduce the generation
of features that refer to the same underlying issue — for example, “watch ads” and “annoying
ads” being detected as separated issues from sentences as “I have to watch annoying ads”.
Moreover, not all collocations detected correspond to app features or topics that are relevant
for product development, which reinforces the need for a way to remove unnecessary features

from the visualization.
SWOT classification

On RE-SWOT, features are classified as strengths, weaknesses, threats or opportunities de-
pending on their performance in the market. The main goal of such classification is to provide
product managers a starting point for the identification of new requirements that could improve

their app’s competitiveness.

Interviewees demonstrated to understand the concept behind such classification and actively
used it to spot positive or negative aspects of their app and their competitors. However, a
common feedback about the SWOT classification was that a positive or negative aspect of the
competition might not necessarily be a threat or an opportunity to your app. It could be argued
that other factors such as company strategy, target audience, and gravity of the issue need to
be simultaneously considered to determine what constitutes a real strength, weakness, threat

or opportunity to a business or an app.

While the SWOT classification in RE-SWOT was designed to be the main bridge between user
feedback and new requirements, the interviews suggested that, in reality, user feedback from
the reviews are yet another piece of the puzzle of requirements elicitation. Even if RE-SWOT
might generate insights about positive or negative aspects of the apps under analysis, these

insights might not be sufficient on their own to derive new requirements.
Change detection

One negative aspect of the tool emphatically mentioned by all participants was that RE-SWOT

should support change detection in the reviews in order to be more actionable. As participants
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from GetYourGuide and POF reported, being able to see trends over time would be one of the
most important functionalities in the tool. Similarly, Blob Connect interviewee explained that
being notified about new features or relevant changes in sentiment could trigger new questions

or insights that influence product development.

This finding represents a contribution to the literature in the sense that it exposes an impor-
tant need that practitioners have when eliciting requirements from app store reviews. While
previous research solely focused on ways to summarize user feedback present on the reviews,
the evaluation suggests that practitioners would also benefit from approaches that incorporate

or support anomaly detection.
Visualization

The final major finding from the evaluation relies on the fact that using an interactive visual-
ization to browse the reviews was reported as a positive factor by all practitioners interviewed.
Benefits mentioned include being able to easily switch between a high-level view and a detailed
inspection of the reviews, facilitating communication among different stakeholders, and easily
spotting the main topics mentioned by users. This finding adds to previous research on the use
of Information Visualization on Requirements Engineering, and extends its benefits to the field

of Crowd-based Requirements Engineering (CrowdRE).
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Discussion

In this research, we studied how Natural Language Processing (NLP) and Information Visu-
alization (IV) can be used to support requirements elicitation from app store reviews. More
specifically, we focused on supporting competitive analysis from user reviews as a way to identify

improvements or changes to a product.

In this chapter, we provide answers to the research questions presented on Chapter 1, discuss
the limitations of the research and propose questions to be addressed by future work on this

topic.

5.1 Answering the sub research questions
RQ1: How do practitioners analyze app reviews?

Section 2.2.4 detailed the state of practice in app reviews analysis. The literature revealed that
app development companies often employ so-called community managers, who are responsible
for manually reading and replying to user reviews. During this process, new issues are eventually

identified and raised to the team, leading to new requirements [51].

Besides that, gray literature showed that practitioners might employ commercial tools such
as App Annie, Appbot and Appfollow to aggregate reviews from different sources, make them
more easily accessible by the team, and filter reviews by metadata (such as rating, time, and app
versions). However, the identification of issues that lead to requirements occurs by manually

finding common denominators across the reviews.

RQ2: What obstacles do practitioners face when analyzing app reviews?

71
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As presented on Section 2.2.4, main obstacles encountered by practitioners stem from the fact
that reviews are noisy, unstructured, and lack context [27] [42] [55]. Therefore, analyzing a

high-volume of reviews is time-consuming, tedious, and difficult to scale [42] [51].

Generic classification approaches (which offer ways to tag reviews into a fixed taxonomy) are
already available at commercial tools. However, actionable insights are often derived from
understanding user opinion about app-specific features [75], which currently cannot be extracted
from such tools. Therefore, the challenge faced by practitioners rely on obtaining actionable,

app-specific insights in an efficient way.

RQ3: Which applications of NLP already exist in Crowd-based requirements en-

gineering and what can be learnt from them?

As showed on Chapter 2.3, NLP techniques have been widely used in the literature to mine app
store reviews and tackle the obstacles listed on RQ2. One type of application widely explored
on the literature is the classification of reviews. Past studies [65] [56] [33] proposed approaches
to classify reviews according to review topic (e.g. performance, pricing, etc.) and/or user

intention, e.g. whether reviews contained bugs, feature requests, or questions.

Another application of NLP concerns the extraction of app-specific features from the reviews,
as a way to pinpoint what parts of the app are being mentioned. Studies in this area [44] [43]
[50] employ collocation finding algorithms to model features as a group of n words that often
appear together. As a general learning, the literature showed that preprocessing steps, such as
stopword removal, stemming and lemmatization, should be used to filter out noise and prepare

the reviews for further modelling.

Finally, the result of NLP applications often have the form of a summary that can be used by
practitioners to identify and prioritize the most important issues for product development. In
such summaries, reviews are aggregated according to topics or features, and information that

helps derive priority, such as priority scores, sentiment, volume, or frequency, are provided.

RQ4: What types of Requirements Engineering visualizations already exist and

what can be learnt from them?

Section 2.4 showed that visualization has been widely applied to Requirements Engineering to
support tasks such as detecting ambiguity in requirements [31], understanding risks [35], and

navigating interdependencies [72].
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Cooper et al. [29] categorized Requirements Engineering visualizations into five types: tabular
visualizations, relational visualizations, sequential visualizations, hierarchical visualizations and
quantitative visualizations. The latest type helps convey relative data and may use visual

metaphors to convey meaning at a glance [29].

Although Requirements Elicitation has become the most supported phase of Requirements
Engineering [13] in terms of visualization, applications to distributed requirements elicitation
and CrowdRE remain little explored in the literature. The state of the practice, presented on
2.4.3, revealed that existing commercial tools already employ some degree of visualization to

support the analysis of app store reviews.

Based on the framework proposed by Reddivari et al. [70], it was showed that the visualizations
used by such commercial applications score high on the user and data factors, but low on
the knowledge and wvisualization factors. Although they have limited interactivity and are
sub-optimal in supporting the knowledge discovery process, these visualizations are intuitive,

practitioner-oriented and allow for the processing of large-scale inputs.

RQ5: How to build a tool that uses NLP and IV to help requirements engineers

analyse app reviews?

Based on the problem investigation and on how existing applications of IV and NLP support
requirements elicitation from app store reviews, our contribution focused on the task of com-
petitive analysis from reviews. For that, a novel approach, called RE-SWOT, was introduced
on Chapter 3. Its conceptual framework is derived from SWOT analysis and points an app’s
strengths, weaknesses, opportunities, and threats. The comparison among all apps is supported
by a Feature Performance Score (FPS) which takes into account the sentiment and volume of
reviews mentioning a certain feature. Learnings from the literature on NLP are applied to
extract app-specific features from the reviews and verify whether the same feature is present
across competing apps. By using FPS, the features are then classified as strengths, weaknesses,

opportunities or threats.

On the top of that, an interactive visualization is constructed on Tableau Software. Such
visualization allows practitioners to go from a high-level view with all features and their SWOT
classification into a more detailed view where it is possible to inspect which extracts of the
reviews mention each feature, so to investigate why users like or dislike a feature. Filters for

feature volume, time, and SWOT classification are provided to allow practitioners to focus on
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specific features on time. The prototype is available as a stand-alone tool built on Shiny, where
requirements engineers can upload a dataset of reviews, and obtain as output an interactive

visualization of the features across all apps.

RQ6: Does the proposed tool satisfy the expectations of practitioners to help

identify and prioritize requirements derived from app reviews?

Finally, the evaluation of RE-SWOT is presented on Chapter 4. To answer RQ6, observational
case studies were conducted with real practitioners of three companies from different industries.
All participants (a Product Manager, a Business Analyst and a CEQO) were directly involved

in the process of requirements elicitation for their mobile apps.

The results of the interviews revealed that RE-SWOT was able to provide new insights to
practitioners who need to analyze a large volume of reviews in an ongoing basis, and that
the use of visualization was regarded as a strength of the approach. However, to satisfy the
expectations and needs of practitioners, RE-SWOT should additionally provide ways to identify
trends and anomalies over time, as reported by all participants. Moreover, as the feature
detection algorithm generates false positives, interviewees expected to be able to manually

merge or combine features for fine-tuning the analysis.

As the results showed, the insights generated from the reviews are not enough to generate
new requirements on its own, but contributes to elicitation by providing information about
competitors features and business models, and main points of positive or negative feedback on

the apps. These serve as input for discussion by the team, or further investigation.

5.2 Answering the main research question

By answering the sub research questions above, we can now answer the main research question

of the project:

MRQ: How to aid requirements engineers analyze app reviews through NLP and

Information Visualization?

This question investigates how CrowdRE can benefit from the application of NLP and IV
techniques in order to support the task of requirements elicitation from crowd-sourced user
feedback, more specifically app store reviews. When evaluating current implementations of
software, understanding user opinion about app-specific features is key to make the analysis

actionable [75].
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In this sense, NLP can aid requirements engineers identify app-specific features or topics from a
set of user reviews through collocation finding, i.e. finding groups of words that appear together
moe often than separately. Such approach has been used on the literature by different studies,
and was able to reach average scores of 58% precision and 52% recall [43]. While such scores
are far from what can be accomplished by humans, the result of the qualitative evaluation with
experts showed that it was able to provide business value for POF, which received approximately
100 reviews per day on Google Play. As the interviews showed, the sub-optimal precision of
collocation finding reinforces the need for an interactive tool where practitioners are able to

not only eliminate false positives, but also merge duplicate features.

It was also showed from the literature that IV can be used on RE to augment a requirements
analysts knowledge discovery [70]. The value provided by IV becomes more evident in certain

scenarios, including when users are unfamiliar with a collections contents [53].

In order to investigate whether such benefits could also be observed on a CrowdRE setting, an
interactive visualization tool was built to allow practitioners navigate by the features and re-
views mentioning them. Colors were used to communicate whether the features were strengths,
weaknesses, opportunities or threats as per the approach described on Section 3.1. The vol-
ume of reviews mentioning each feature was displayed by the size of the circles, and the circle
position communicated the app where the feature was observed, and whether it was unique
or common across apps. Hovering a feature showed the distribution of user ratings for such
feature, and how it compared to the market. Moreover, by focusing on one feature, the visu-
alization also allowed for reading the reviews and the specific extracts mentioning it. Besides

filtering capabilities, the tool also let practitioners exclude false positives generated by NLP.

The case studies showed that the interactive visualization was claimed as one of the main
advantages of RE-SWOT, with potential benefits such as improving communication, enabling
a deep-dive analysis where it is possible to switch between different granularity levels, and
providing an engaging analysis experience. However, practitioners missed the ability to see
feature performance over time and be able to merge features on the visualization, which should

be considered by future works in the area.

5.3 Limitations

The present research has a number of limitations that should be discussed. In this section,

we present the research limitations according to four categories: internal validity, conclusion
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validity, construct validity and external validity [85].

5.3.1 Internal validity

When investigating whether one factor affects an investigated factor there is a risk that the
investigated factor is also affected by a third factor [85]. An important internal validity of
this research is the fact that in all case studies, the interviewees currently did not read their
competitor reviews. The reason for that is that during the sampling process, the main focus
was to recruit participants that were directly involved in the elicitation of requirements for a
mobile app, and whose app (and competitors) received a minimum number of reviews that
would enable the analysis. Therefore, there is a risk that insights obtained by practitioners
about their competitors while using the tool were related to the fact that it was the first time

they read competitors reviews, and not driven by the tool itself.

Finally, in order to keep the evaluation context as close to a real scenario as possible, real review
data was used on the tool. This resulted in a large variability in terms of volume, time period
analyzed and the content of the reviews themselves. These factors are tied to the different
context of each app, and might also influence the experience practitioners had with the tool.
For instance, the degree to which users refer to actual app features might vary per industry,

and represent a threat to internal validity.

5.3.2 Conclusion validity

The conclusion validity is concerned with the relationship between the treatment and the out-
come of the experiment [85]. As the evaluation consisted of a qualitative research, a potential
threat to conclusion validity is that interviews were coded into observations and therefore there

is a risk that the researcher inserts beliefs about the topic during this process.

5.3.3 Construct validity

This validity is concerned with the relation between theory and observation [85]. A threat to
construct validity is the fact that RE-SWOT has been evaluated as a whole rather than by its
parts. Therefore, it is not fully clear whether the conclusions apply to all parts of RE-SWOT
or just some of them. For instance, it is not clear whether the SWO'T classification mechanism
(which draws a comparison of a feature among all apps to classify it as a strength, weakness,
threat or opportunity) is perceived as useful on its own. It could be that practitioners were

simply interested in understanding which features had more positive or negative reviews, rather
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than knowing if they received more positive reviews than their competitors.

5.3.4 External validity

External validity refers to what extent it is possible to generalize the findings, and to what extent
the findings are of interest to other people outside the investigated case [85]. As observational
case studies were applied, there is no population from which a statistically representative sample

has been obtained. Therefore, generalization is analytical rather than statistical.

Although the participants were real practitioners directly involved with requirements elicitation
for mobile apps, one should notice that RE-SWOT is designed for cases where apps receive so
many reviews that reading and analyzing them manually represents a significant challenge due
to manual effort. In this sense, the application of RE-SWOT to GetYourGuide and Blob Con-
nect cases is not fully representative of the scenario it was intended to, since both apps received
less than 10 reviews per day. While their competitors received a higher volume of reviews that
would justify the use of automated approaches, this represents a threat to generalizing the

results to other cases.

5.4 Future work

The present research offers numerous opportunities for future work in the use of IV and NLP
for requirements elicitation. The first possible work would be to investigate how the learnings
obtained from the evaluation could be used to adjust the artifact so to better satisfy practition-
ers needs. Challenges rely on how to facilitate automated anomaly detection of changes on user
feedback regarding a specific feature, or detecting when new features start to be mentioned in

the reviews in a real-time fashion.

Another future research could focus on how RE-SWOT could be adapted to generalize to
different scenarios in CrowdRE. Possible examples would be doing competitive analysis from
social media posts, user forums, or other review portals. A generic approach should be able
to derive a fine-grained sentiment score from the text rather than from rating taxonomies, and
account for different lengths of text. As user feedback for distributed software products can be
found in a variety of sources, eliciting requirements from combined sources could potentially

give more perspectives or insights that lead to new requirements.

Finally, the present research evaluated RE-SWOT through three case studies. To obtain a

broader perspective on the value of the approach, one could investigate its application in several
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cases over a period of time. This research could lead to important contributions on how the
value of RE-SWOT varies according to contextual factors such as industry, review volume,

business models, software development practices, and so on.
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Interview protocol

Introduction (5 min)

First of all, thank you for your time and interest in participating in this interview. The main
goal of this interview is to obtain a deep understanding about how the tool I developed for my
thesis could support you in identifying improvements or changes to your mobile app, based on

the competitive analysis from app store reviews.

To facilitate my note-taking, I would like to ask if I can record this conversation today. This
recording will not be available to anyone else — this is just for my own use when analyzing the

interview results for the research.

This interview consists of three parts:

e First, I will start by making questions related to your organization, your product and
how you currently analyze the reviews. The main goal of this phase is to understand your

context and your needs.

e Second, I am going to give a demo of the tool so you can understand its basic principles
and how it works. After the demo, you will have the opportunity to interact with the
tool yourself, so you can explore which kinds of insights you can get from it. During this
phase, I will try not to interfere but you can of course make questions if something is not

clear to you.

e In the third and last part, we are going to discuss your experience with the tool. Im going

to make questions about your perception, and things you see as useful or not useful. There

79
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are no right or wrong answers to these questions, since the main goal is to understand

the experience you had.

Do you have any questions so far?

Context (10 min)

Can you elaborate about what is your role in the organization and how it relates to

product development?
e How long have you been working in this role?
e How long have you been working in this organization?
e Can you briefly describe your organization?
e Can you talk about the product you are going to analyze?

e Do you currently read and/or analyze the reviews of your product? If so, can you elaborate

on how you do that?

e Do you currently read and/or analyze your competitors reviews? If so, can you elaborate

on how you do that?

Demo (10 min)

I am now going to explain the basic principles of the tool I developed. It analyses automat-
ically the reviews from your app and your competitors to identify common features or topics
mentioned by users. Then, it compares user opinion about a feature across all apps to classify
this feature as a strength, a weakness, a threat or an opportunity to your app. This process is
automated, so to minimize your effort. This classification is inspired by the SWOT analysis,

which maybe you are familiar with.
e Strength: These are your strong points, i.e. features whose sentiment is positive and
above market average.

e Weakness: These are your weak points, i.e. features whose sentiment is negative and

below market average.
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e Opportunity: These are weak points from the competition, i.e. features whose sentiment

is negative and below market average.
e Threat: These are strong points from the competition that could threat your app or

business, i.e. features whose sentiment is positive and above market average.

The main goal of this tool is to allow you to understand where you stand in the market from a
user perspective, and use this information to plan changes to your product. You can think of
requirements that will use your strengths and overcome your weaknesses to minimize threats

and pursue opportunities.

I am now going to open the tool and show you how it works in practice.
Demonstration of the tool

Do you have any questions about how the tool works?

Tool usage (20 min)

I have prepared the tool with reviews data from your app and 2 competitors, for a given period.
I am now going to give you control over the tool so you can use it yourself for as long as you
want. Feel free to explore whatever you think is interesting or might give you insights that
could influence the future of your app. I will try not to interfere while you are using it, so you

can use it as you would normally do in your work.

I would like to ask you to try to think aloud as much as possible, so I can understand what you
are thinking and/or trying to achieve. If you have any further questions about how the tool

works, please feel free to ask them as well.
Give interviewee control over the tool

Follow-up questions (15 min)

e How would you describe your experience with this tool?

e Can you give examples of insights you had while using the tool, and how they could

influence product development?

e Could you elaborate on aspects of the tool that you think are the most useful?
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Could you elaborate on how this tool could be improved?

How would you compare this tool with your current practice for analyzing reviews from

your app and/or competitors?

How do you think this tool could be integrated into your current workflow?

Do you see any limitations on this tool that could hinder its adoption by practitioners?

Do you have any other remarks or comments to make?

We have reached the end of this interview. I would like to thank you for your participation and

feedback, as it was very important for this research.
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