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a b s t r a c t

Variability is a characteristic of a software project and describes the fact that a system can be
configured in different ways, obtaining different products (variants) from a common code base,
accordingly to the software product line paradigm. This paradigm can be conveniently applied in all
phases of the software process, starting from the definition and analysis of the requirements. We
observe that often requirements contain ambiguities which can reveal an unintentional and implicit
source of variability, that has to be detected.

To this end we define VIBE, a tool supported process to identify variability aspects in requirements
documents. VIBE is defined on the basis of a study of the different sources of ambiguity in natural
language requirements documents that are useful to recognize potential variability, and is character-
ized by the use of a NLP tool customized to detect variability indicators. The tool to be used in VIBE
is selected from a number of ambiguity detection tools, after a comparison of their customization
features. The validation of VIBE is conducted using real-world requirements documents.

© 2022 Elsevier Inc. All rights reserved.
1. Introduction

Software Product Line Engineering (SPLE) is a paradigm that
as been proposed to support the development of a set of dif-
erent, but similar, software products (Clements and Northrop,
002; Pohl et al., 2005; Apel and Kästner, 2009; Northrop and
ones, 2010). At all abstraction levels in a software product line
SPL), a product family description is composed of a common
art and a variable part. Product variants can be derived from
product family specification and dealing with variability is the
ey issue that has caused SPLE to mature into a specific software
ngineering discipline.
The design of a SPL begins with the identification of the

ossible variation points, i.e. variability, in the requirements doc-
uments. To this end, and given the prevalent trend in industry
to express requirements using Natural Language (NL) statements,
several researches focused on exploiting Natural Language Pro-
cessing (NLP) techniques and tools1 to identify the requirements
that can be used as a source from which variability-relevant
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tefania.gnesi@isti.cnr.it (S. Gnesi), laura.semini@unipi.it (L. Semini).
1 NLP is a linguistic activity focused on processing and analysing written nat-
ral language texts, with the purpose of identifying, recognizing, and classifying
he terms, and recovering the structure, of a discourse (Chowdhury, 2003).
ttps://doi.org/10.1016/j.jss.2022.111540
164-1212/© 2022 Elsevier Inc. All rights reserved.
information can be elicited (Itzik et al., 2016; Bakar et al., 2015;
Fantechi et al., 2018a, 2017, 2018b, 2019; Nasr et al., 2017; Li
et al., 2017; Ferrari et al., 2013; Fantechi et al., 2021). This is
done by searching the linguistic constructs specifically relevant to
detect the variability contained in NL requirements documents.

In previous works (Fantechi et al., 2018a, 2017, 2018b), we ini-
tiated a line of research to extract possible variation points from
NL requirements documents using an existing NLP technique
intended to disclose ambiguity flaws, showing that ambiguity
detection can be helpful to detect variability and stimulating a
more systematic and deep experience.

Ambiguities normally cause inconsistencies between the cus-
tomer expectation and the developed product, and often lead to
unwanted rework of artefacts. However, an ambiguous term can
also be used as a means of postponing a decision for a later time
in software development. With this insight, we also realized that
existing NLP tools for ambiguity detection can be used to capture
hidden aspects of variability in requirements.

The contribution of this paper is to exploit, combine and
extend the preliminary results of our research to define an overall
variability elicitation process (VIBE — Variability In amBiguous
rEquirements), based on the analysis of ambiguity in requirement
documents, with the automated support offered by an NLP tool,
QuARS (Quality Analyser for Requirements Specifications) (Fab-
brini et al., 2001), specifically tailored to ambiguity detection in
this kind of documents.

What is new compared to related work in SPLE is the search
for variability through ambiguity, exploiting established tools and
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chievements from the area of requirements engineering and
ustomizing them to identify variability.
Specifically, in this paper we investigate the following issues:

• Relevance of ambiguity in requirements document to detect
variability: we evaluate whether ambiguities in NL require-
ments can be considered as potential variability;

• Identification of the ambiguity classes and indicators that
appear as more suited to detect variability;

• Identification of other text characteristics than ambiguities
that can be variability indicators;

• Assessment of the extent to which the variability identifica-
tion process can be automated with an ambiguity detection
tool;

• Comparison of off-the-shelf NLP tools with respect to their
suitability to extract variability, to evaluate the characteris-
tics that an NLP tool should have for this aim.

The investigation of these issues is supported by a quantitative
nalysis on six requirements documents publicly available and
eferring to different domains and systems to be built.

Looking at requirements documents from a SPL perspective we
an note that they can exhibit different awareness of the editor
bout dealing with a product line: from this point of view three
lasses of requirements documents can be identified:

1. Product requirements documents: these are the documents
that explicitly refer to a single product;

2. Family requirements documents: they specifically envisage
a family of products. They are structured or use formalisms
to describe variability and make explicit a mapping be-
tween requirements and variants, for example by saying in
which variant a requirement is mandatory or not.

3. Requirements documents that do not belong to the pre-
vious classes, because it has not yet been determined
whether they define a single product or a family, or because
they contain parts not specified in all details. These doc-
uments are open to become the requirements of a single
product or of a family.

VIBE proves useful with the requirements of the third class,
ince they may contain an implicit source of variability that has
o be detected. The documents of the first class are clearly not
andidates to be processed by VIBE: being explicitly aimed at
he definition of a single product, possible variabilities, even if
etected, would be ignored or dealt with as ambiguities. The doc-
ments of the second class already include instead the explication
f variability, and we can assume that they are not subject of
esidual ambiguity that hides variability, see for instance the car
rash example in Capozucca et al. (2011) and Shahin et al. (2019).
The paper is structured as follows. We define the background

n Section 2. In Section 3 we use two simple examples to illustrate
he relevance of ambiguity classes for detecting variability. In
ection 4 we define new indicators that are not ambiguities
ut are nevertheless indicators of potential variation points and
hat can be detected in a similar way. In Section 5 we show
ow variability detection can be aided by NLP tools, within an
ntegrated analysis workflow that constitute the VIBE process.
uantitative analysis and validation data on large requirements
ocuments are presented in Section 6. In Section 7 we develop
urther the process by defining a mapping that indicates to which
ariation point a detected ambiguity can correspond. In Section 8
e discuss threats to validity and in Section 9 we present related
ork. Section 10 concludes the paper.

. Background

In this section we will give some background information:
ources of ambiguity in natural language requirements and the
otions of features and variation points in SPLs.
2

2.1. Ambiguity in NL requirements

Software requirements must comply with quality standards
well known to developers, in particular requirements must avoid
ambiguities in order to be unequivocal and verifiable, that is,
they must be interpreted in a single way by all expected readers
and it must be possible to demonstrate that the implementation
meets them. On the other hand, requirements are often expressed
in natural language, which is inherently ambiguous, and this is
a recognized cause of interpretation problems of requirements
documents.

There are actually many different sources of ambiguity that
can compromise the quality of the requirements. They are well
known in requirements engineering: we list them in Table 1,
where we report the main ambiguity classes in the left column
and examples of indicators in the right one. We refer to Berry
et al. (2003a), Gervasi et al. (2019) and INCOSE (2019) for a
detailed discussion.

Detecting ambiguity requires a text analysis that can be lexical,
hen specific terms (named indicators) are searched over the
ext, or syntactical, when specific syntactic structures are searched
or. As we will see in the following, lexical analysis reveals to be
ery effective in pointing to possible ambiguity defects and in the
ight column of Table 1 we list some of the relevant indicators
hat may reveal the related source of ambiguity.

System engineers and project managers can use NLP tech-
iques and tools as a support to analyse and correct requirements
n natural language. NLP provides a help speeding up the task
f finding possible defects (Chowdhury, 2003); a review of the
esults provided by the tools by domain experts is then needed
o correct the found deficiencies.

.2. Variation points

In the SPL context, a feature is usually considered as an ab-
traction of a concrete artefact (Apel and Kästner, 2009; Apel
t al., 2013) and a feature is typically defined as a unit of func-
ionality or component, also physical, of a variant-rich software
ystem. The variability depends on which features are included
nd which are not in each variant (product). The decision be-
ween inclusion or not is located at specific places in design
rtefacts, named variation points, and features can be classified
s:

ptional: features that may be present in a product or not;

andatory: features that must be present in all products;

lternative: features among which one and only one is present
in each product;

r: features among which at least one is present in each product.

inary relations can also be defined among features:

equires: unidirectional relation between two features indicat-
ing that the presence of one feature in a product requires
also the presence of the other;

xcludes: mutual exclusion relation between two features: no
product may contain the two features at the same time2

2 Note that excludes is weaker than alternative admitting products in which
none of the mutually exclusive feature is present.
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Table 1
Ambiguity classes and indicators (Berry et al., 2003a; Gervasi et al., 2019;
INCOSE, 2019).
Ambiguity classes Indicators

Homonymy and polisemy occur
when a term can have different
meanings, having different
(homonymy) or one (polisemy)
etymology

some examples are: bank, can,
bat... (homonymies), left, right,
fall, minute, . . . (polysemies)

Analytical, attachment,
coordination ambiguities
occur when a sentence admits more
than one grammatical structure, and
different structures have different
meanings

syntactic analysis: the sentence
admits two or more syntactic
trees

Anaphora
occurs when an element of a
sentence depends for its reference on
another, antecedent, element and it
is not clear to which antecedent it
refers

relative and demonstrative
pronouns: that, which, their, it,
them, they, both, . . .

Vagueness
occurs when it is not possible to
interpret a sentence in a unequivocal
way

clear, easy, strong, good, bad,
adequate, tall, short, various,
completed, similar, similarly,
accordingly, . . .

Comparatives & superlatives
occurs when the term of comparison
or the universe of discourse are
missing

better, easier, worst, faster,
bigger, biggest, . . .

Disjunctions
occurs when a sentence admits
different models in which the first,
the second or both disjuncts are true

or, and/or, . . .

Escape clauses
occurs when a sentence admits
different models, containing or not
the object the escape clause

case, possibly, if possible, if
appropriate, where permitted,
among others, as a minimum,
when requested by, when
required, . . .

Weakness
occurs when the sentence contains
weak verbs

may, can, could, . . .

Quantifiers
in presence of quantifiers,
ambiguities are due to the scope or
to the universe of quantification

a, all, always, every, any,
nothing, . . .

Under-specification
occurs when the sentence contains
terms that need to be instantiated or
qualified

information, interface, attack,
button, channel, component,
procedure, process, report,
session, . . .

Passive voice
occurs when the subject of the
passive sentence is not be revealed

auxiliary to be with a past
participle and no agent
specified (by)

3. Relevance of ambiguity to detect variability

Ambiguity is a potential cause of inconsistencies between the
ustomer’s expectations and the developed product, and leads
o unwanted reworkings on the artefacts. However, if we think
bout how an ambiguity arises, we realize that in many cases
he use of an ambiguous term is due to the need, deliberate
r unconscious, to postpone choices for later decisions in the
mplementation of the system. From this perspective, ambiguity
an also be seen as a way to abstract aspects of variability to be
esolved later in software development.

Identifying the ambiguities in a requirement document is a
ay to find the points of variability and to revise the document
o specify the requirements of a family of products.

Now, we can begin to formulate hypotheses, namely that
mbiguity is likely to hide some variability and that some classes
f ambiguity indicators are more suitable than others for look-
ng for potential variability. We here consider all the ambiguity
3

classes presented in Table 1 and we discuss which are the most
promising candidates, evaluating whether it is plausible or not to
envision different products for the different interpretations of an
ambiguous requirement.

In the following, we use ✓ to denote plausible candidates, ✕
for the implausible ones, and ? when we cannot anticipate an
opinion of plausibility.

✕ Homonymy and polisemy: indicators are all the English
words that have more than one meaning. These classes
of ambiguities are not relevant for variability: the possible
interpretations of ambiguous words are in these cases too
different and unrelated to denote potential variants. As an
example consider the term left which is either a verb or a
noun, with complete different meanings. A further example
is bank which can be the institution where people keep
their money or the elevated areas of land along the edge
of a river: there is no relation with variability issues.

Analytical, attachment, and coordination: also in this case
we are in the presence of pure ambiguities as we show
with the following examples. ‘‘Software fault tolerance’’,
can be tolerance to software faults or fault tolerance
achieved by software (analytical); ‘‘The new users can buy
items with a discount’’ means either that ‘‘The new users
can only buy discounted items’’ or that ‘‘The new user can
have a discount when buying items’’ (attachment); ‘‘The
machine shall offer, as beverages, coffee and cappuccino
or tea’’, that can be interpreted as ‘‘The machine shall
offer, as beverages, (coffee and cappuccino) or tea’’ or as
‘‘The machine shall offer, as beverages, coffee and (cap-
puccino or tea)’’ (coordination). The latter, coordination,
can lead to variability in the presence of an or, but in
this case variability is more related to disjunction than to
coordination.
In all three examples we can associate two syntactic trees
with each sentence, and the different interpretations ob-
tained manifest only an ambiguity problem.

Anaphoras: also in this case the different meanings that a
requirement can have are unrelated and we are in the
presence of pure ambiguity defects. In fact, anaphoras are
another category of syntactic ambiguity, related to the
use of pronouns, where different interpretations lead to
completely different sentences. As an example consider:
‘‘The coffee machine adds sugar to the beverage but allows
the user to exclude it’’. In one interpretation the user can
exclude the sugar, in the other the beverage.

Vagueness: a requirement containing a vague term may rep-
resent an abstraction (e.g. adequate, various), which is made
concrete by a set of possible instances. In this case the pro-
cess of disambiguation and refinement of the requirements
will make the instances explicit and these instances can
actually correspond to several variants.

Comparatives & Superlatives: also in this case we are in the
presence of pure ambiguity defects that do not hide vari-
ation points. Comparatives and Superlatives may actually
indicate some non-functional feature differentiators and
can be used to attach attributes to features in an attributed
feature model (Bak et al., 2016). This issue is out of scope
in this paper.

Disjunctions: a requirement that contains a disjunction be-
tween two options can envision three different products
implementing the first, the second, and both options, re-
spectively.
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Escape clauses: this ambiguity may hide the fact that a de-
cision has not yet been made on whether or not an op-
tion should be implemented by the system: it may be
reasonable to envisage two different products, one that
incorporates the feature in question and the other that
does not.

Weakness: similarly to escape clauses, a requirement con-
taining a weak verb, such as may or can, normally indicates
an option, paving the way to two different products.

Quantifiers: this ambiguity class does not seem to reveal any
variability. We postpone any further consideration at this
regard to Section 6.

Under-specification: occurs when a generic term is used that
needs a specifier to be correctly interpreted. This defect
does not seem to be related to variability and the generic
terms in Tables 1 do not provide any clue to anticipate a
hypothesis as to whether this class can help detect vari-
ability or not. We postpone any consideration to Section 6.

Passive voice: the disambiguation job here is to put the re-
quirement in active form and decide who the subject is. If
different product variants are envisaged for different sub-
jects, then there might be a variation point. We postpone
any further consideration to Section 6.

In Section 6 we will validate the candidate (✓) and the uncer-
ain (?) indicators by testing them on real case studies, while we
ill ignore the implausible ones (✕).
For now, we introduce two simple examples with the purpose

f presenting how ambiguity indicators can help in detecting
ariability.
The final judgement if ambiguity indicators are actual vari-

bility detectors can be considered in real life as a capability
f a senior figure such as a product manager. In the following,
e are actually impersonating this role, so discriminating actual
ariability cases from true ambiguities (ambiguities that are not
ariabilities) and false positive cases (not even ambiguities).

.1. Example 1: Basic coffee vending machine

We consider the requirements of a simple coffee vending
achine (Fantechi et al., 2017) defined to illustrate the relevance
f some ambiguity classes for variability.

Rc1 After inserting a suitable coin, the user shall choose a
beverage and select the amount of sugar.

Rc2 The machine shall offer, as beverages, coffee and
cappuccino or tea.

Rc3 The machine shall always offer coffee.
Rc4 A ringtone possibly has to be played after beverage

delivery.
Rc5 After the beverage is taken, the machine returns idle.
Rc6 The British market requires tea and excludes any ring

tone.

We begin the analysis of these requirements by enlightening
he ambiguities revealed according to the indicators in Table 1.
fter this, we conduct a second analysis to extract, from the
etected ambiguities, the potential variabilities.
We report the outcome in Table 2, where we the ambiguous

erms are highlighted in blue and we underline the terms that
eveal a variability according to the following analysis.

We can notice that Rc1 is vague (suitable coin), the meaning
f suitable must be clarified to indicate which coins are accepted.
4

Table 2
Coffee vending machine example.
Rc1 After inserting a suitable coin, the user shall choose a beverage

and select the amount of sugar.

Rc2 The machine shall offer, as beverages, coffee and cappuccino or
tea.

Rc3 The machine shall always offer coffee.
Rc4 A ringtone possibly has to be played after beverage delivery.
Rc5 After the beverage is taken, the machine returns idle.
Rc6 The British market requires tea and excludes any ring tone.

The ambiguity might be referred to the denomination of the
accepted coins (10c, 20c, . . . ). On the other hand, it can also refer
to different currencies (dollar, euro, pound, . . . ). If we assume that
the product manager considers producing the coffee machine for
several markets, then suitable hides a variability and dollar, euro,
ound, . . . correspond to different variants.
Rc2 contains an interweaving of (and) and (or), i.e. a coor-

ination ambiguity: it can be interpreted either as coffee and
cappuccino or tea) or as (coffee and cappuccino) or tea. The correct
interpretation of this requirement is made clear in Rc3. Indeed,
Rc3 says that coffee must always be offered, indicating that the
first interpretation of Rc2 is the correct one. The disjunction or
is another ambiguity in Rc2, and in this case it hides a vari-
ability, since we can envision three possible products, offering
respectively: coffee + tea, coffee + cappuccino, coffee + tea +

appuccino.
Rc3 contains a quantifier that is not even an ambiguity.
Rc4 contains two ambiguities. The first one is an escape clause,

possibly). In principle, this requirement could be interpreted in
wo ways: (1) in some cases, for example if the beverage is not
ollected within a time limit, a ringing sound is played, (2) some
achines are ringing and others are not. The overall analysis of

he set of requirements, in particular Rc6, shows that the second
ption is true: the ringer may or may not be in a machine, and
his indicates a variability. The other ambiguity in Rc4 is a passive
oice that is not a variability indicator since the only reasonable
layer is the coffee machine itself.
Rc5 contains a passive voice too, and also in this case it is not

variability indicator.
Rc6 contains any which does not indicate variability either.

.2. Example 2: E-shop

The second example is a (simplified) e-shop (Fantechi et al.,
019) inspired by the example in Itzik et al. (2016), for which
e consider the requirements in Table 3. As above, we highlight

n blue those terms that are indicators of ambiguity and, among
hese, we underline those that indicate variability.

Details of the variability found in the e-shop will be discussed
n Section 7, here we observe that the quantifiers (all, a, an), and
naphoras (his) are not detectors of variability, while vagueness
various), disjunctions (or), weakness (may), and escape clauses
possibly) are. In the e-shop there is also an under-specification
screen) that is not a variability. There are three passive voices:
wo of them (is found and be shipped) are false positives, while
he one in Re1 (to be entered) can be a source of variability and
equires further investigation.

To sum up, in Table 4 we recap the ambiguity indicators found
n the coffee machine and e-shop requirements and link them to
heir ambiguity classes.
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Table 3
E-shop example.
Re1 The system shall enable the search text to be entered on the

screen.

Re2 The system shall display all the matching products based on the
search.

Re3 The system possibly notifies with a pop-up the user when no
matching product is found on the search.

Re4 The system shall allow a user to create his profile and set his
credentials.

Re5 The system shall authenticate user credentials to enter the profile.

Re6 The system shall display the list of active and/or the list of
completed orders in the customer profile.

Re7 The system shall maintain customer email information as a
required part of customer profile.

Re8 The system shall send an order confirmation to the user through
email.

Re9 The system shall allow a user to add and remove products in the
shopping cart.

Re10 The system shall display various shipping methods.

Re11 The order shall be shipped to the client address or to an
associated store, if the click&collect service is available.

Re12 The system shall enable the user to select the shipping method.

Re13 The system may display the current tracking information about
the order.

Re14 The system shall display the available payment methods.

Re15 The system shall allow the user to select the payment method
for order.

Re16 After delivery, the system may enable the users to enter their
reviews or ratings.

Re17 In order to publish the feedback on the purchases, the system
needs to collect both reviews and ratings.

Re18 The click&collect service excludes the tracking information
service.

4. Ad hoc variability indicators

In the previous section we have observed that some of the am-
iguity classes can be used to detect variability. Here, we wonder
hether there might be other terms or sentence fragments that
re not ambiguities but are nevertheless indicators of potential
ariation points. Discovering such indicators may support a more
omplete analysis. The experience gained from manual analysis
f many requirements documents led to the definition of the
ollowing two classes:

ariability: The first set of indicators contains terms and con-
structs that explicitly refer to variability. These are terms
like: configuration, feature, range, . . . or dependent clauses
containing both a conjunction if, where, when, whether, . . .
and a verb like available, provided, implemented.

nter-feature constraints: A requirement may indicate some
constraints expressing implication or mutual exclusion re-
lations between features. Indicators are terms like imply,
require, entail, implicate, demand, exclude, rule out, mutually
exclusive, need, . . .

In Table 5 we underline these terms in the requirements of
our two examples:

Rc6 introduces two inter-feature constraints: a requires and an
xcludes.
Re11 tells that not all e-shops need to provide a click&collect

ervice.
Re17 introduces a requires: reviews collection and ratings

ollection are mandatory if the feedback feature is present.
Re18 introduces an excludes: features click&collect service and
racking information service are mutually exclusive.

5

Table 4
Ambiguity indicators found in the examples: we separate those that indicate
variability from those that do not (pure ambiguities or false positives).
Ambiguity classes Variability Non variability

Attachment his
Coordination and. . .or
Vagueness suitable, various
Disjunctions or, and/or
Quantifiers always, any, all, a, an
Escape clauses possibly
Weakness may

Passive voice be played, is taken, be
entered, is found, be
shipped

Under-spec screen

Table 5
New ad hoc indicators found in the case studies.

Coffee vending machine

Rc6 The British market requires tea and excludes any ring tone.

E-shop

Re11 The order shall be shipped to the client address or to an
associated store, if the click&collect service is available.

Re17 In order to publish the feedback on the purchases, the system
needs to collect both reviews and ratings.

Re18 The click&collect service excludes the tracking information service.

5. Automatic detection of variability: The VIBE process

VIBE (Variability In amBiguous rEquirements) is a tool-
supported process for variability identification to be applied in
the requirement phase definition for SPLs. The idea is to use NLP
tools for ambiguity detection, customized to identify variability.
Customization includes the use of some experimentally mean-
ingful indicators of ambiguity (see Section 6) and the addition
of specific indicators of variability.

The process is not tied to a particular NLP tool. However,
we consider more sensible to use a rule-based NLP tool than
an AI-based approach due to the typical lack of ground-truth
learning information experienced in the requirement analysis
domain (Ferrari et al., 2017b).

Fig. 1 illustrates the VIBE process. The first step is to automati-
cally analyse the requirements by running a customized NLP tool.
The outcome of the tool is manually analysed and assessed to
disambiguate the requirements and to remove the false positives
from the check list. The remaining terms and text fragments iden-
tify variabilities: the (manual but systematic) association with
variation points in a product family specification completes the
process.

5.1. A NLP tool for VIBE

Tools based on NLP techniques are able to detect ambigui-
ties in natural language requirements and can also be used to
detect variability in them. These tools return the potential am-
biguity sources due to linguistic defects, that are then reviewed
by domain experts to distinguish between false positives, pure
ambiguities and variabilities.

We present in this section a set of existing NLP tools used in
requirements analysis, that we consider as possible candidates to
be employed in VIBE.

We are looking for a tool that can detect the indicators of
potential variability identified in Section 3. Specifically, we are
interested in a tool able to filter out non interesting ambiguity
indicators and at the same time to be extended to capture the ad
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Fig. 1. The VIBE tool-supported process for variability identification.
oc variability indicators. For the time being, we focus on tools
ealing with the English language.
To this end, we consider the academic tools: QuARs (Fabbrini

t al., 2001) and TIGER-PRO (Kasser, 2022), and the commercial
nes: Requirements Scout developed by Qualicen GmbH (Fem-
er, 2018); QVscribe by QRA (Kenney and Cooper, 2020); RAT by
euse Company (Reuse Company, 2022) and RQA by IBM (2022).
he choice has been based on a search in the literature and on
ools availability. We present and compare those that we have
dentified as being closest to our needs. To the best of our knowl-
dge this set, an extension of the one analysed in Arrabito et al.
2020), represents a sufficiently complete selection of available
LP tools specifically focused on NL requirements and ambiguity.
The tools we consider have some common characteristics:

hey perform a linguistic analysis of a requirements document
n text format and flag potentially defective sentences. Most of
he tools are based on a specific NLP technique, namely lexical
r syntactical analysis, and are aimed at the detection of partic-
lar defects of the requirements, like for instance ambiguity and
ncompleteness. Some of them refine the analysis using machine
earning techniques.

Using the documentation, we compare the tools in their cov-
rage of the ambiguity classes that more relate to variability as
iscussed in Sections 3 and 4
Each of these tools has its set of ambiguity indicators and a

lassification for them, stored in built-in dictionaries and these
ndicators may not be classified exactly as in Table 1. In the
ollowing, we present the dictionaries of each tool, when publicly
vailable.
Other families of tools exist for analysing NL requirements,

hat exploit ontologies (Dermeval et al., 2015). Ontologies are
sually applied in two ways: to disambiguate polysemies and
o find homonyms, and this use is not related to variability; to
elate conceptually close words, which can help to complement
ur approach, as discussed in Section 9.
6

Table 6
Indicators of QuARS: ambiguity classes relevant for variability.
Ambiguity classes Indicators

Vagueness clear, easy, strong, good, bad, adequate...
Disjunction or, and/or, or/and
Optionality possibly, eventually, case, if appropriate...
Weakness can, could, may, might, . . .
Quantifiers all, always, every, any, . . .
Under-specification channel, component, document, interface, message,

number, unit . . . without a qualifying adjective
(syntactic analysis)

5.1.1. QuARS
QuARS (Quality Analyser for Requirements Specifications)

(Fabbrini et al., 2001) is a requirements analysis tool developed
in our lab and has been applied to a variety of documents, many
from industry, pertaining to different domains (Bucchiarone et al.,
2005; Lami et al., 2019).

The requirements analysis process is split in two parts: (i) the
lexical analysis that captures disjunction, optionality, vagueness,
and weakness defects. This step identifies candidate terms in
requirements that match the indicators stored into a set of built-
in dictionaries as lists of terms; and (ii) the syntactical analysis to
capture under-specification.

The user uploads a document and chooses the desired type of
analysis and a corresponding dictionary or syntactical rule (see
Table 6). QuARS returns the list of ambiguous requirements for
that analysis and highlights the indicators that led to the red flag.
Moreover, dictionaries are editable and can be easily modified by
the user, to add or remove indicators. The user also can exclude a
dictionary during the analysis or define and add new dictionaries.

5.1.2. TIGER-PRO
TIGER-PRO (Kasser, 2022) is an educational tool developed by

Joseph Kasser with the purpose of helping students to write high
quality requirements. TIGER-PRO analyses requirements with a
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Table 7
Indicators of TIGER-PRO: ambiguity classes relevant for variability.
Ambiguity classes Indicators

Possible multiple
requirements

and, or, and/or, /, either, both , . . .

Unverifiable terms same, each, those, all, include, minimum, up to, any,
brief, clear, affect, sufficient, . . .

Wrong word should, will

Table 8
Indicators of QVscribe: ambiguity classes relevant for variability.
Ambiguity classes Indicators

Optional escape clauses possibly, may, optionally, if necessary, can, . . .
Vague words various, completed, a lot of, almost, bad, . . .
Passive voice based, found, shipped, . . .
Immeasurable quantification abundant, far, always, all, large, . . .

Table 9
Indicators of Requirements Scout: ambiguity classes relevant for variability.
Ambiguity classes Indicators

Passive voice done, found, sent, . . .
Universal quantifiers all, always, every, any, nothing, . . .
Imprecise phrases possibly, various, small, if possible, general. . .
Occurrence of will or may will, may, can, . . .
Dangerous slash /

testing perspective and highlights requirements that may be diffi-
cult to verify, or that are written in a way that complicates testing.
The analysis is lexical and it is based on dictionaries of indicators
that we report in Table 7.

5.1.3. QVscribe
QVscribe is a tool developed by QRA (https://qracorp.com)

Kenney and Cooper, 2020), it analyses the quality of the re-
uirements, highlighting ambiguity, inconsistencies and possible
imilarities. In addition, it allows the generation of detailed re-
orts that can be used to increase clarity and consistency of
equirements. The classes of defects of interest for variability
hat are detected by the tool and the related indicators can be
lassified according to Table 8. Also in this case, indicators are
tored in dictionaries that can be edited and modified by the user.

.1.4. Requirements Scout
Requirements Scout is developed by Qualicen GmbH, (https:

/www.qualicen.de/en/) (Femmer, 2018) to analyse requirements
pecifications. Requirements Scout, besides analysing NL require-
ents with the aim of identifying the defects, also allows the
nalyst to keep track of different versions of the requirements,
reating a complete history of the detected defects: as soon as the
equirements are updated, the tool re-analyses the modified parts
nd shows whether the update has eliminated existing defects or
as introduced new ones.
The ambiguity classes and indicators of Requirements Scout

elevant to variability are shown in Table 9. They are stored in
on-modifiable built-in dictionaries.

.1.5. IBM Engineering Requirements Quality Assistant (RQA)
RQA, produced by IBM, is a requirements quality analysis

ool that integrates a standard rule based analysis with Watson
I, the IBM solution for AI and machine learning (IBM, 2022).
QA is based on the INCOSE guide (INCOSE, 2019) and catches
he following issues: Unclear actors or users, compound require-
ents, negative requirements, escape clauses, missing units, missing

olerances, ambiguity, passive voice, incomplete requirements and
 T

7

Table 10
Comparison of NLP tools, T1_coverage: ambiguity classes supported by the
tools.
Ambiguity classes QuARS TIGER QVscribe ReqSco RQA RAT

Vagueness ✓ ✓ ✓ ✓ ✓ ✓
Disjunction ✓ ✓ ✓ ✓
Escape clauses ✓ ✓ ✓ ✓ ✓ ✓
Weakness ✓ ✓ ✓ ✓ ✓ ✓
Quantifiers ✓ ✓ ✓ ✓ ✓
Passive voice ✓ ✓ ✓ ✓
Under-specification ✓

Table 11
Comparison of NLP tools: licencing, T2_Filtering capabilities, and T3_Extensibility
capabilities (addition of new dictionaries or editing existing ones).

QuARS TIGER QVscribe ReqSco RQA RAT

Free licence ✓ ✓
Filtering ✓ ✓ ✓ ✓
Addition ✓ ✓
Editing ✓ ✓ ✓ ✓

unspecific quantities,. . . . The list of indicators for each ambiguity
class is not available for RQA.

The analysis assigns a quality measure to each requirement
and, if the requirement contains an ambiguity, RQA indicates it.
The tool exploits machine learning capabilities to learn when
the user discards some detected ambiguities as false positives. It
also permits to manually exclude some ambiguity classes when
analysing the document, but not to add new ones.

5.1.6. Requirements Analysis Tool (RAT)
RAT is a tool produced by the Reuse Company (Reuse Com-

pany, 2022). It supports the analyst while writing the require-
ments and also performs a quality analysis. Indeed, in RAT it
is possible to define domain ontologies, based on which the
tool proposes to the writer possible words to complete a re-
quirement. On the analysis side, RAT is inspired by the INCOSE
guide (INCOSE, 2019) and looks for ambiguities like: passive voice,
vague adverb, vague adjective, imprecise quantification, pronouns,
ambiguous sentences, too long requirements, ambiguous temporal
expressions, wrong unit of measurement,. . . . The list of indicators
for each ambiguity class is not available for RAT.

5.2. Which ambiguity detection tools are more suitable to extract
variability?

We compare here the tools presented above and answer the
following questions:

T1_Coverage: which of the ambiguity classes that are candidate
to detect variability, (as discussed in Section 3) are detected
by each tool?

T2_Filtering: which filtering capabilities, represented by the abil-
ity to select only certain dictionaries, are offered by the
tools? (this feature permits to reduce the number of false
positives)

3_Extensibility: which extensibility capabilities, represented by
the possibility of adding new dictionaries or new indicators
to existing dictionaries or of adding new syntactic rules, are
offered by the tools? (this feature permits to reduce the
number of false negatives)

o answer to these questions, we refer to Tables 10 and 11.
e first consider the academic tools, QuARS and TIGER-PRO.

IGER-PRO does not allow to select the dictionaries to be used

https://qracorp.com
https://www.qualicen.de/en/
https://www.qualicen.de/en/
https://www.qualicen.de/en/
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Fig. 2. Outcome of QuARS when looking for ambiguity indicators in the Coffee vending machine example.
uring the analysis while QuARS does it (T2). Both tools permit
diting the dictionaries (partly answering to T3). In addition,
uARS dictionaries are more complete, i.e. more defects are found
T1) and new dictionaries can be easily added (T3). For instance,
t has taken few minutes to add the quantifiers dictionary and the
new dictionaries for variability, which were not in the original
version of the tool: just press the add button, give a name to the
new dictionary, populate it with the terms of interest and save. A
limitation of both tools is that the user cannot add new syntactic
checks, e.g. as the one needed to find passive voices. Therefore,
given the three terms of comparison we have considered, QuARS
performs significantly better than TIGER-PRO.

We now examine the commercial tools: QVscribe and Re-
qScout have very good performances with respect to coverage
(T1). Again, for the purposes of identifying points of variabil-
ity, we have to keep in mind the ability to select dictionaries
(T2) and possibly add the new ad hoc indicators (T3): QVscribe
only permits editing, and Requirements Scout allows the user to
select the dictionaries during the analysis.

RAT by Reuse and IBM-RQA are the most sophisticated tools,
the former can be configured by the user, and the latter integrates
the Watson system, but they come with a high cost. RAT permits
to select (T2), add and edit the dictionaries (T3), while in the
documentation of RQA these features are not mentioned. Indeed,
RQA learns only through examples and cannot be tuned with
dictionaries and syntactic rules, so the extensibility (T3) does not
apply.

To conclude, we can say that most of the tools considered can
be used to find variabilities in a requirements document because
they detect the ambiguities that most likely hide a variability.
QuARS has the following advantages: it is free, offers built-in
dictionaries that are reasonably complete, offers the ability to
select the dictionaries to be used and the ability to edit them and
to add new ones.

In the next sections we will use QuARS to exemplify and
to validate the automatic detection step of the VIBE process.
QuARS can be downloaded from https://github.com/Vibe-NLP/
RequirementsForValidation.

5.3. Application of a NLP tool to the coffee machine example

We exemplify the application of a NLP tool to detect variability
by showing the outcome of the QuARS tool when applied to the
coffee vending machine example (Fig. 2).
8

Table 12
Summary the utilized requirement documents: number of requirements, number
of words, authorship and characteristic of the system to be.

reqs Words Issued by Characteristics

Eirene 475 13009 Public auth. Control system
Library 94 1815 Company Information system
Blit 55 1194 Company Information system
ERTMS 49 1166 Public auth. Control system
People By T. 185 3749 Academia Social
DigitalHome 112 1121 Academia Control system

QuARS detects all the ambiguities useful to reveal variability
that we have shown in Table 2. It also detects a false positive, the
quantifier always. The fact that manual and automatic analysis re-
turn nearly the same results is not surprising, the coffee machine
example was defined to illustrate the approach, not to validate it.

Moreover, we have taken advantage of the editing ability
offered by QuARS, to add a new dictionary for each of the new
variability classes defined in Section 4, so improving the variabil-
ity detection capabilities of the tool. Fig. 3 reports the additional
output produced by QuARS when analysing the coffee machine
requirements with the new dictionaries.

6. Validation

The adequacy of VIBE to identify variation points needs to be
validated against a set of real world requirements documents. In
particular, we want to address the following issues:

V1_Narrowing: Which are the ambiguity classes and indicators
that are most relevant to detect variability?

V2_Widening: Are the new ad hoc variability indicators of help?

We consider six third-party requirements documents. These
documents are very different from each other in terms of domain,
system characteristics, and background and experience of their
authors. The documents are available at https://github.com/Vibe-
NLP/RequirementsForValidation and are described below (see
also Table 12).

Eirene (European Integrated Railway Radio Enhanced Network)
has been issued by the GSM-R Functional Group and it
specifies the functional requirements for a digital radio
standard for the European railways.

https://github.com/Vibe-NLP/RequirementsForValidation
https://github.com/Vibe-NLP/RequirementsForValidation
https://github.com/Vibe-NLP/RequirementsForValidation
https://github.com/Vibe-NLP/RequirementsForValidation
https://github.com/Vibe-NLP/RequirementsForValidation
https://github.com/Vibe-NLP/RequirementsForValidation
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ibrary was prepared by the Galecia Group, a company special-
ized in libraries and organizations supporting libraries. It
describes the functional and nonfunctional requirements
for the System Administration Module of the Integrated
Library System of a urban library system.

Blit is a draft of the functional specification of the requirements
of a business project management tool, required by a com-
pany for re-writing its core Laboratory Information System
to improve the performance. The authors of the document
are anonymous.

ERTMS defines the functional requirements of ERTMS/ETCS (Eu-
ropean Rail Traffic Management System/European Train
Control System), issued by the European Railway Agency
in June 2007. The document includes the requirements of
a control system that provides the driver with information
needed for the safe driving of the train, and it is able to
supervise train and shunting movements.

People by Temperament is a document coming from the first
edition of Plat_Forms, an international academic-industrial
programming contest. The system to be built is a sim-
ple community portal where members can find others
with whom they might like to get in contact, according to
compatible tastes or personality types.

DigitalHome specifies requirements for developing a domotic
system that allows a resident to manage the devices that
control the home’s environment. The document was devel-
oped by a team of 5 students in an academic context.

6.1. Data collection

The data collection procedure, for each document, consists of
the following steps:

Automatic Detection: The document in textual format is given
as input to QuARS, that produces a set of potentially ambiguous
sentences, together with the terms or expressions that are the
source of the ambiguity. We have used the following dictionar-
ies and syntactic analysis for ambiguity: Disjunction, Optionality,
Vagueness, Weakness, Quantifiers, and Under-specification and the
new dictionaries Variability and Inter-feature constraints.

Review: The output of QuARS is reviewed independently by the
authors of this paper, who at this stage assume the role of the
product manager. Each defect revealed by the tool has been clas-
sified as: false positive, variability, or ambiguity. Our knowledge
of the domains helped us make the choices.

Assessment: The output of the review phase is collegially dis-
cussed by the authors to analyse the discrepancies that emerged
in the independent work and to seek a consensus. The data
collected in this phase are reported in the first 4 rows of each
ambiguity class block of Table 13 where we report, for each case
study and for each ambiguity class:
9

• fnd: the number of defects found by QuARS in the Automatic
Detection phase;

• fp: the number of false positives among fnd;
• amb: the number of ambiguities among fnd, (that do not

indicate a variation point);
• var: the number of variation points among fnd;

In the last column of Table 13 we show aggregated data,
btained as illustrated in the table’s caption.
An exception to this procedure has been followed for the

assive voices, since QuARS is not able to detect this type of ambi-
uity. We conducted a semi-automatic detection, using QuARS to
earch for potential passive items (i.e. occurrences of is, are, was,
were) and manually filtering out the active forms. At this point
we have continued as above with the review and assessment
steps, classifying passive voices as: false positive, variability, or
ambiguity. Due to the significant manual workload for passive
voices detection, we fully analysed the shorter documents (Li-
brary, Blit, ERTMS, DigitalHome), and in the case of Eirene and
People by Temperament we decided to limit ourselves to the first
100 requirements (out of 475 and 185, resp.), considering this a
reasonable threshold.

The review and assessment steps, which highlight variation
points, are based on the criteria introduced above, and the analy-
sis of the requirements found ambiguous by the tool is guided
by the general question ‘‘Can we envision different products?’’
More concrete review guidelines may depend on the indicators.
For example, with under-specification and vagueness the criterion
for identifying a variability is the existence of more than one
possible instance of the defective term. The disjunction usually
indicates a variability if the coordinating particle ‘‘or’’ (‘‘and/or’’)
relates two nouns, whereas it is likely to be a false positive if the
particle connects two sentences or two adjectives. Weakness and
optionality are inherently associated to variation points, especially
when they appear in functional requirements (Fantechi et al.,
2018a).

6.2. Data analysis

Once we have collected the data, we can measure the ad-
equacy of VIBE to identify variation points. As a measure we
use precision, i.e. the fraction of relevant instances among the
retrieved instances. Precision general formula is:

prec =
tp
fnd

where fnd = tp+fp is the sum of true positives and false positives
(resp.), and tp = amb + var . Precision measures the relevance of
the indicators for variability detection. We consider the following
precision measures:

• p_amb denotes the precision in identifying ambiguities:

p_amb =
amb

fnd
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Table 13
Detailed results of the quantitative analysis: ambiguity classes and their relevance for variability extraction. In the first column:
fnd=number defects found; fp=number of false positives; amb=number of pure ambiguities; var=number of variation points. The
aggregate values for fnd, fp, amb, and var in the rightmost column are the sum of the values in the row. The aggregate derived
measures are calculated on these sums.
• p_var denotes the precision in identifying variabilities:

p_var =
var
fnd

• rp_var denotes the relative precision of variability vs. ambi-
guity, i.e. it measures to what extent the NLP tool returns
results that, when true positives, are relevant for variability:

rp_var =
var
tp

These values are reported in the 5th, 6th, and 7th row of each
case study in Table 13.

We can now analyse the data in Table 13 that addresses the
V1_Narrowing issue. To support our argumentation, we provide
examples taken either from the running case studies or from the
six third party requirements documents.

When considering disjunction, there are many false positives.
owever, once discarded the false positives, we have a high
umber of variabilities, with an average relative precision rp_var
f 0.86 telling that disjunction is more likely to be an indicator
10
of variability than ambiguity. During the validation, we have
also observed that disjunctions between noun phrases (as in Ex1
below) are more likely a variability than disjunctions between
verb phrases (Ex2).

Ex1. Alarm contact switches shall be used to monitor entry
through a door or window when the switch is active.
Ex2. A Master User shall be able to add a user account
or change the default parameter settings.

In the considered documents, we did not find any escape
clause, detected by QuARS optionality class. As a matter of fact, we
have only taken into account final endorsed documents, where
it is difficult to find such obvious defects as ‘‘if possible’’ or ‘‘if
necessary’’. We consider however that, if present, escape clauses
are an indicator of variability.

We recommend the inclusion of escape clauses among the
indicators to be analysed by the NLP tool because escape clauses
may be present in some requirements documents, for instance in
those under development. This does not represent an overhead
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Table 14
Detailed results of the quantitative analysis: new ad hoc indicators. In the first column: fnd=number defects found; fp=number of
false positives; var=number of variation points; constraints=number of inter-feature constraints. The value of p_const is obtained as
constraints/fnd.
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Table 15
Aggregated data of Table 13: all indicators set vs. the significant subset
{disjunction, vagueness, weakness, escape clauses}.

Indicators fnd fp amb var

Eirene All classes 461 355 70 36
Significant 302 216 53 33

Library All classes 120 68 36 16
Significant 87 59 26 16

Blit All classes 34 22 10 2
Significant 12 7 4 1

ERTMS All classes 28 16 4 8
Significant 16 8 0 8

People By T. All classes 139 93 22 22
Significant 96 62 10 22

DigitalHome All classes 114 74 18 22
Significant 75 45 9 21

since, if no escape clause is present in a document, the very
efficient automatic analysis returns an empty list of indicators
and there is no cost for the manual analysis of the detected terms.

Vagueness is due to the presence of undetermined adjectives
and adverbs and can mask a variability, albeit in a few cases. For
instance terms like similarly, accordingly, or completed are true
ambiguity indicators (Ex3) while terms like suitable, various, clear
likely indicate variability (Ex4).

Ex3. The digitalhome shall be equipped with various envi-
ronmental controllers and sensors.
Ex4. A visual confirmation [. . . ] shall be given to the driver
when a [. . . ] network change has been completed success-
fully.

A further category is weakness: in this case, a good percent-
ge of the defective sentences revealed by the tool contains a
ariation point. We also report that variability is due to may
Ex5) more than to can: indeed the latter is typically used in
equirements beginning with ‘‘The user can . . . ’’, indicating that
he system must enable the user to perform a given action (Ex.6)

Ex5. After delivery, the system may enable the users to enter
their reviews or ratings.
Ex6. The shunting leader can then choose the moment when
he takes or rejects the call.

In the considered documents, under-specification defects are in
ost cases false positives and we only found one variability: in
x7 below the buttons to adjust can vary.

Ex.7 the driver shall be able to adjust the brightness of
buttons [. . . ]

We finally consider the passive voices: the number of occur-
rences found is quite low, and among them none is an indicator
of variability.
 a

11
Fig. 4. Performance improvement by narrowing the ambiguity indicators: the
number of found indicators occurrences decreases by ∼35% with a negligible
loss of the variabilities detected. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)

From the data analysis we observe that it is appropriate to
exclude quantifiers, under-specification and passive voices from
the search for variability because they have been shown not to
be relevant. Also, the two latter are costly in terms of execution
time, requiring syntactic analysis.

To conclude, we also examine the V1_Narrowing issue with a
ifferent data aggregation policy: in Table 15 we show, for each
nalysed requirement document:
– the total number of fnd, fp, amb, and var, considering all

mbiguity classes,
– the total number of fnd, fp, amb, and var, considering only

ignificant ambiguity classes: vagueness, disjunction, escape
lauses, and weakness.
The comparison between the first and second row of each case

tudy confirms the higher performance of these four ambiguity
lasses to detect variability. In Fig. 4 we graphically render this
bservation. Indeed, by narrowing down the analysis to the four
ignificant ambiguity classes on the one side we can reduce
ignificantly the number of ambiguity indicators found (light blue
ar), on the other side we leave almost unchanged the number
f variabilities detected (dark blue bar). The only exception is
LIT, where recall is 0,5 only. However, looking at the rightmost
olumn of Table 13, this value is generated by the ratio between
wo numbers (2 and 1, resp.) that are not statistically relevant.

We now consider the V2_widening issue by taking into account
he results relative to the new dictionaries, given in Table 14,
here, for each indicator we report the number of: fnd, fp, var

nd inter-feature constraints.
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Table 16
Variability classes and indicators.
Classes Indicators

Vagueness
A vague term is likely a variability
when it can have different instances

clear, easy, strong, good, bad,
adequate, various, completed,
accordingly, . . .

Disjunctions
A requirement containing a
disjunction potentially specifies
different products: implementing the
first, the second or both disjuncts

or, and/or, or/and especially
between noun phrases

Escape clauses
A requirement potentially specifies
different products, implementing or
not the object of the escape clause

case, possibly, if possible, if
appropriate, where permitted,
among others, as a minimum,
shall be included if required,
when requested by, when
required, . . .

Weakness
A requirement containing weak verbs
potentially specifies different
products, implementing or not the
object of the weak verb

may, can, could, . . . where may
is more likely a variability than
can, could, and requirements
containing ‘‘the user can’’ do
not have to be considered

Variability
terms and constructs that explicitly
refer to variability

terms like: configuration,
feature, range or dependent
clauses containing both a
conjunction if, where, when,
whether, . . . and a verb like
available, provided, implemented

Inter-feature constraints A
requirement may indicate some
constraints expressing implication or
mutual exclusion relations between
features

imply, require, entail, implicate,
demand, exclude, rule out,
mutually exclusive, need, . . .

Observe that we do not have to consider ambiguities here. The
recision measures are reported in the last raw of each block:
_var and p_const, respectively.
When using the variability dictionary, we have found a limited

mount of indicators in the documents, however the precision
alue of 0.44 is fairly good. We must point out that the manual
evision here took longer than expected due to a limitation of the
yntactic analysis capabilities of QuARS, which cannot decompose
entences into clauses and recognize subordinate clauses. Manual
creening was done by looking at requirements that contained
oth a term between if, where, when, whether, . . . and a term
etween available, provided, implemented in the same subordinate

clause.
As far as the constraint dictionary is used, the results, with

an overall precision of 0.063, tell us that this indicator is not as
interesting as we expected. We believe that this indicator should
be however included in the analysis since we want to avoid false
negatives.

Summing up, in Table 16 we collect the ambiguity and ad hoc
indicators that we have shown to most likely indicate variability.

7. From detected variabilities to SPL variation points

According to Fig. 1, the VIBE process consists of three steps.
So far we have described the first two: (i) detecting candi-
date variabilities in a requirements document with an NLP tool;
(ii) distinguishing variabilities from ambiguities and false posi-
tives with a manual review to obtain a list of identified variabil-
ities.

The third and last step of the process is to associate variation
points to these identified variabilities.

A well known language to graphically model variation points
in the context of SPL is given by the feature diagrams (Kang et al.,
1990) and we discuss how to map the identified variabilities into

the variation points in this graphic language. 2

12
Fig. 5. Example of feature diagram.

Fig. 6. The four interpretation of disjunction in FD notation.

.1. Feature diagrams

Feature diagrams (FD) have been proposed by Kang et al.
1990) and are a graphical formalism to describe the different
ossible variants of a system in a reader friendly, compact, and
niform way. In the graphical formalism features are represented
s nodes in a tree, a necessary condition for a feature to be
resent in a variant is that the parent feature is present too, and
rc labelling is used to specify sufficient conditions, that represent
he variation points of the product line. In Fig. 5, we show an
xemplary feature diagram: Feature A is optional, and if it is
resent then at least one among C and D must be present too.
eature B is mandatory, and one and only one of its children
eatures E and F must be present in each product.

Requires and Excludes are cross-tree constraints: they can re-
late non sibling features and there is no graphic symbol to repre-
sent these variation points, propositional logic formulae are used
instead.3 In the example, the presence of C in a product implies
the presence on E in the same product.

7.2. The mapping to variation points

We present here how the identified variabilities can be
mapped to variation points using the feature diagrams modelling
capabilities. We discuss these mappings referring to the run-
ning examples, that all together cover all the ambiguity classes
relevant for variability.

7.2.1. Disjunction
A disjunction can have four possible interpretations: exclusive

r, weak or, and/or, and weak alternative. The first interpretation
corresponds to an alternative, one and only one feature is present.
The second admits zero, one or more features and corresponds
to as many optional features as there are disjuncts. In the third
case at least one of the features must be present in each product,
i.e. there is an or variation point. Finally, in the fourth inter-
pretation all the features are optional, but no more than one is
present. In terms of feature diagrams the four interpretations are
represented, respectively, as depicted in Fig. 6.

We show the application of this pattern taking the require-
ments from the case studies containing disjunctions.

3 The diagrams in the paper have been drawn using FeatureIDE (Thüm et al.,
014). Other tools use a graphical notation for cross-tree constraints as well.
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offee machine Rc2: The machine shall offer, as beverages, cof-
fee and cappuccino or tea.
We remind that the coffee shall be offered in each ma-
chine and hence this should be represented by means of a
mandatory feature. The interpretation of this requirement
hence led to foresee the realization of three possible prod-
ucts, offering, besides coffee, respectively: tea, cappuccino,
tea + cappuccino. We hence model the requirement using
an and/or construct:

E-shop Re6: The system shall display the list of active and/or the
list of completed orders in the customer profile.
This requirement can be naturally interpreted and mod-
elled as an and/or:

E-shop Re16: After delivery, the system may enable the users to
enter their reviews or ratings.
This requirement admits four interpretations, review, rat-
ing, both, and no feedback, that we model with a weak
or:

7.2.2. Vagueness
In general, a vague term abstracts from a set of instances,

nd the process of requirement review will make these instances
xplicit. A vague term can thus correspond to a feature having as
any child nodes as the considered instances, and these are in
isjunction.

offee machine Rc1: After inserting a suitable coin [. . . ]
Suitable coin is a vague expression, which has been clar-
ified with the customer by indicating that each machine
accepts only one of dollars, pounds or euros. The vague
term suitable corresponds in this case to an alternative
variation point. We can represent this choice with the
following diagram:

E-shop Re10: The system shall display various shipping meth-
ods.
The analysis of this vagueness, also using the informa-
tion contained in Re11, led to the conclusion that an e-
shop offers one or both (and/or) of the following shipping
methods: ToClientAddress and ToStore.
13
7.2.3. Escape clauses
A requirement containing an escape clause, naturally leads to

an optional feature.

Coffee machine Rc4: A ringtone possibly has to be played after
beverage delivery.

The requirement says that a ringer is an optional feature of
the coffee machine:

E-shop Re3: The system possibly notifies with a pop-up the user
when no matching product is found on the search.

7.2.4. Weakness
Similarly to escape clauses, an optional feature is introduced

hen a requirement includes a variability because of a weak verb
uch as may, can.

-shop Re13: The system may display the current tracking infor-
mation about the order.

The requirement says that providing tracking information
is an optional feature.

E-shop Re16: After delivery, the system may enable the users to
enter their reviews or ratings.

The requirement specifies that both review and rating in-
sertion are optional (as shown above in the disjunction
paragraph). This requirement can also be modelled adding
an auxiliary feature, a kind of pure fabrication, that models
the fact that a product may or may not offer a feedback
feature and, if so, it allows for a review, rating, or both.

7.2.5. Variability
This class of indicators contains terms and constructs that

explicitly refer to variability. These are dependent clauses con-
taining both a conjunction if, where, when, whether, . . . and a verb
like available, provided, implemented.
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Fig. 7. Feature diagram for the coffee vending machine.

E-shop Re11: The order shall be shipped to the client address
or, if the click&collect service is available, to an associated
store.

The interpretation is that click&collect is an optional ser-
vice and it is a necessary condition for shipping to store.

7.2.6. Inter-feature constraints
A requirement that contains an inter-feature constraint ex-

resses necessity or mutual exclusion relations between features.
f the features involved are close relatives (father and son or sib-
ings), then cross tree constraints are modelled with the graphical
otation, otherwise propositional logic is used.

offee machine Rc6: The British market requires tea and
excludes any ring tone.

The constraints can be represented with the following
propositional logic formulas:

7.3. Building a feature diagram

The mapping patterns in the previous section make it possible
o systematically construct fragments of a feature diagram. These
an then be joined together to build the model of the product line
nder consideration. This step requires the presence of a domain
xpert and is not automated. However, a first feature diagram
raft can be built mechanically by assembling (as siblings) the
ragments built so far, and defining them as children of a feature
amed after the product line.
This is how we have built the feature diagrams of the coffee

achine (Fig. 7) and of the e-shop (Fig. 8).
When the root of a fragment A is the leave of another frag-

ent, B, then fragment A is attached as subtree of B.

. Threats to validity

Construct Validity. An objective and widely used metric, i.e.,
precision, was used to assess the appropriateness of the examined
indicators in identifying variabilities. We limited the experimen-
tal analysis to a subset of the ambiguity classes listed in Table 1:
as discussed in Section 3 some classes are clearly not relevant for
variability.

The data used to calculate the precision are based on sub-
jective evaluations; to mitigate subjectivity threats, in Fantechi
 R

14
Fig. 8. Feature diagram for the eshop.

t al. (2018b) we assessed the agreement among annotators by
eans of the Fleiss Kappa measure, which indicated a moderate
greement. Similarly to other works (Femmer et al., 2017), we
rguably consider this value acceptable in the inherently ambigu-
us context of NL requirements. Furthermore, the final data set
sed for analysis is the result of an assessment of the independent
eview outcome.

It is worth noting that we did not use the recall measure to as-
ess our results. Therefore, some variability indicators might exist
n the requirements that are not discovered with our analysis.
o calculate recall we would have needed ground truth feature
iagrams associated to the case studies: this way, we could have
ounted the false negatives, i.e. variabilities not discovered by
IBE. Unfortunately, we did not succeed in finding large case
tudies including NL requirements and a corresponding feature
iagram. Nevertheless, in an effort to mitigate this threat, we
ave applied VIBE to the example in Sree-Kumar et al. (2018),
inding the same variabilities. In addition, we have asked an
ndependent SPL expert to draw the feature diagrams starting
orm the requirements of coffee machine and e-shop examples.4
lso in this case VIBE was able to detect all the variabilities.
nsurprisingly, by its very nature VIBE missed to detect some
andatory features since they are specified in requirements in
nambiguous and assertive propositions.
Internal Validity. The main threat to the internal validity of

he study is the involvement of the authors of this work in the
eview and Assessment phase of the data collection procedure.
e agree that the researcher bias might have played a role in

hese phases. However, this is mitigated by the agreement mea-
ure. Furthermore, other researchers can replicate our process
sing the publicly available QuARS tool, and using the documents
mployed in our evaluation.
External Validity. Our results are limited to six requirements

ocuments. However, the documents are very different from
ach other in terms of length, domain, characteristics of the sys-
ems, elaboration and validation stages and authors’ background,
cademic and industrial. Despite all this diversity, we observed
hat several variability-related terms are common among the
ocuments. Therefore, we argue that our study has the poten-
ial to be generalized to other domains, and other requirements
ocuments.

. Related work

We classify the work related to VIBE according to different
imensions, namely ambiguity detection in NL requirements;
ariability detection and feature identification from NL docu-
ents.

4 Hand-drawn diagrams can be found at https://github.com/Vibe-NLP/
equirementsForValidation.

https://github.com/Vibe-NLP/RequirementsForValidation
https://github.com/Vibe-NLP/RequirementsForValidation
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mbiguity detection in NL requirements. is a lively research field,
ith several contributions published already in the nineties (e.g.
he ARM tool Wilson et al., 1997, LOLITA Mich, 1996 and CIRCE
mbriola and Gervasi, 1997).
The research in this field had continued in the following

ecade with the classification of the typically defective terms and
onstructions in the ambiguity handbook of Berry et al. (2003b)
nd with new rule-based NLP tools such as QuARS (Gnesi et al.,
005), SREE (Tjong and Berry, 2013) and the tool of Gleich et al.
2010).

A more recent tool that employs rule-based approaches to de-
ect typical ambiguous terms and constructions is RETA (REquire-
ents Template Analyzer) (Arora et al., 2015), which, in addition,
hecks the conformance of the requirements to a given tem-
late. Industrial applications of these approaches were studied by
emmer et al. (2017) and by Rosadini et al. (2017).
Rule-based approaches tend to produce a high number of

alse positive cases. Hence, statistical approaches, accompanied by
rototypical tools, were proposed by Chantree et al. (2006) and
y Yang et al. (2010) to reduce the number of false positive cases,
eferred as innocuous ambiguities. Statistical NLP approaches are
lso used in Ferrari et al. (2017a), to identify domain-dependent
mbiguities, i.e., pragmatic ambiguities that depend on the do-
ain background of the reader of the requirements.
However, statistical approaches are built on the expertise

ained over the past decades in the detection of ambiguities in
equirements, expertise that is not comparable to that gained in
he younger field of variability detection. For the purposes of this
ork, which is experimental and pioneering in adapting tools
reated to detect ambiguity to variability search, we preferred to
se rule-based approaches, which are more easily customizable.

ariability detection and feature identification. A pioneering work,
resented by Acher et al. (2012), is based on searching for vari-
bility patterns within tables in which the description of the
roducts are stored in a semi-structured manner. Instead, we are
ealing with the extraction of variability from unstructured NL
equirements documents.

Another line of research focuses on variability extraction from
set of independent requirements documents (or product

rochures/flyers) that belong to a common domain. They perform
semantic analysis based on the construction of a similarity
atrix or on a contrastive analysis with the aim of detecting,

n the considered documents, commonalities and variabilities of
he systems under examination. Ferrari et al. (2013, 2015) extract
omain-specific terms from product descriptions belonging to
ifferent vendors, to identify common and variant domain terms,
hich can be used as pointers for product commonalities and
ariabilities. Nasr et al. (2017) leverage on an analogous approach
nd derive comparison matrices for different products. Similar
echniques for synthesizing a feature models using comparison
atrices and requirements similarity identification and clustering
re in Nasr et al. (2014). A recent reverse engineering based
pproach, that applies clustering techniques, is used to compute
he relations between features by Li et al. (2018), having as
nput the requirement specifications from different variants and a
apping between requirements and variants. We are interested

nstead in extracting the variability hidden in a single require-
ents document and to explore the use of lightweight lexical and
yntactic NL techniques.
Other approaches have been defined to identify requirements

imilarities: requirements are then grouped together according
o their similarity, letting each group of requirements represent
feature. These techniques analyse term frequency and exploit
lustering techniques for feature identification, aided with syn-
actic and semantic analysis. This is the research line taken by

eston et al. (2009), Chen et al. (2005), Alves et al. (2008) and Niu

15
and Easterbrook (2008a,b). Itzik et al. (2016) present instead the
SOVA approach, which leverages semantic ontologies to extract
features from requirements and derive a feature model. Our work
differs from all of these contributions in that it has a focus on
the variability identification and applies a completely different
technique, based on ambiguity detection simply using lexical and
syntactic analysis.

In a less related line of research Bécan et al. (2016) define
a generic, ontologic-aware synthesis procedure that computes
the likely siblings or parent candidates for a given feature. They
develop six heuristics for clustering and weighting the logical,
syntactical and semantical relationships between feature names.
Vacchi et al. in Vacchi et al. (2014) present a clustering procedure
to derive a variability model from a set of already implemented
language components, in the context of (domain-specific) pro-
gramming languages. The latter research papers are marginally
related to ours in that they consider an input that is not a NL
requirements document.

More recently Sree-Kumar et al. (2018) propose a framework,
FeatureX, for identifying features and extracting feature relation-
ships from NL requirements and in Sree-Kumar et al. (2021)
present a method for the validation of a feature model with
respect to the textual specifications from which it has been gen-
erated, using NLP techniques and supervised learning. The scope
of their work is close to ours, but the solution shows some dif-
ferences: FeatureX first identifies candidate features with lexical
analysis and machine learning techniques, then looks for the con-
junctions between the identified features and to weak and modal
verbs as indicators of optionalities, whereas we use a technique
that operates in an orthogonal way, looking directly for variation
points. Moreover, VIBE integrates research on ambiguity detec-
tion with research on identifying points of variation. Indeed, the
two approaches are complementary, and it would be of interest
to combine them to exploit FetureX ability to extract features and
synthesize feature models with VIBE’s ability to extract variability
information.

Finally, some interesting, though not very recent, literature
reviews on feature identification and variability extraction from
NL documents have been published by Li et al. (2017) and by
Bakar et al. (2015).

10. Discussion and conclusions

Ambiguity defects in requirements can give an indication of
variability, related to possible design or implementation choices,
or configurability aspects. In fact the ambiguity defects that are
found in a requirement document may be due to intentional or
unintentional references to issues that can be solved in different
ways, possibly envisioning a family of different products rather
than a single product.

In this paper we have defined VIBE, a tool-supported process
for variability identification. The first step of the process is the
application of a NLP tool for ambiguity detection, customized to
identify variability. We have compared a set of academic and
commercial NLP tools to understand which classes of ambiguity
are detected by the different tools and if they offer customization
(selection and modification of indicators) features. Then, to vali-
date the VIBE process, we have used one of these tools, namely
QuARS.

On the basis of the experience made – the analysis of six third-
party requirements documents – we can assert that some linguis-
tic defects that are recognized as source of ambiguity are also
relevant to reveal a possible variation point. These are: disjunc-
tions, weakness, and vagueness. With regard to escape clauses,
we found no related indicators in the requirements documents

considered. This is not surprising since they were established
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Fig. 9. Dictionaries to be used in the first VIBE step.

nd validated documents. Actually, escape clauses are a natural
ndicator of variability, as we have seen with the vending machine
nd e-shop examples. We certainly recommend including escape
lauses among the analyses to be done in search of indicators of
ariability. In the light of this experience we indicate in Fig. 9
hich classes of indicators to use during the first step of VIBE to
aximize precision while minimally affecting completeness.
A further consideration concerns the NLP tools used for the

alidation phase: we have limited ourselves to the use of QuARS
ecause we had observed that the classes of defects analysed by
he different tools were quite uniform; moreover only some tools
ad an academic licence and therefore the analysis would have
een partial anyway. We recall that the purpose of the validation
as not to assess the performance of QuARS in detecting variabil-

ty, but to show which, if any, ambiguity indicators are useful to
etect variation points.
From the comparison work between the tools, we learned

nother lesson, that allows us to define the requirements for a
ool tailored for variability detection:

• have good built in dictionaries, especially for the classes of
ambiguity relevant for variability;

• allow the user to select only the analyses of interest;
• allow the user to edit the dictionaries;
• allow the user to define new syntactic controls.

ased on these requirements we are currently re-engineering
uARS and implementing Toody, a new NLP tool to explicitly ad-
ress variability mining, Fantechi et al. (2021), and we plan in the
ear future to use it in VIBE. Here we have used the established
nd available tool to make the experiments repeatable.
As a conclusion, the VIBE process proves useful to identify

he variability of a SPL by detecting the ambiguities of a NL
equirement document. To complete a product line specification,
e also need to detect the mandatory features that occur in the
equirements in clear and assertive propositions, i.e. the com-
onalities. To this purpose VIBE can be conveniently coupled
ith existing tools for feature extraction which exploit semantic
nalysis. A possible candidate is the Requirements Glossary term
dentification and Clustering (REGICE) (Arora et al., 2017) tool: we
ave successfully followed this combined approach in Arganese
t al. (2020), where we take advantage of the capabilities of
EGICE to extract and cluster the glossary terms from the require-
ents documents, accordingly to the intuition that glossary terms
orrespond to features, with enough precision.
Another fruitful future research direction would be to ex-

end VIBE to extract cardinality indicators or feature priority
nformation, and exploit the more expressive variants of fea-
ure diagrams, e.g. cardinality-based feature modelling (Czarnecki
t al., 2005) or attributed feature models (Bak et al., 2016). These
nriched models support the decision-making process on which
roducts in an SPL are most cost-effective to implement and
istribute.
16
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