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Abstract. Proper management of requirements plays a significant role
in the successful development of any software product family. Applica-
tion of AI, Bayesian Network (BN) in particular, is gaining much interest
in Software Engineering, mainly in predicting software defects and soft-
ware reliability. Feature analysis and its associated decision making is
a suitable target area where BN can make remarkable effect. In SPL,
a feature tree portrays various types of features as well as captures the
relationships among them. This paper applies BN in modeling and ana-
lyzing features in a feature tree. Various feature analysis rules are first
modeled and then verified in BN. The verification confirms the definition
of the rules and thus these rules can be used in various decision making
stages in SPL.

Keywords: Software Product Line, Bayesian Networks, False Optional,
Dead feature.

1 Introduction

Software Product Line (SPL) is a set of related softwares, also known as software
family, where the member products of the family share some common features
and each member is characterized by their varying features [4]. The main ob-
jectives behind SPL is reusability, time to market, increased quality [3,4]. The
common and varying features of a SPL are arranged in model that helps the
stakeholder to select their required product feature configuration. Common re-
quirements among all family members are easy to handle as they simply can be
integrated into the family architecture and are part of every family member. But
problem arises from the variant requirements among family members as mod-
eling variants adds an extra level of complexity to the domain analysis. Thus
management of variants is considered to be one of the critical areas in SPL.

Constructing a feature model that correctly represents the intended domain is
a critical task [2] and defects may be introduced while constructing the feature
model. If defects are not identified and corrected at proper stage, it can diminish
the expected benefit of SPL [10]. Among the various types of defects found in
feature model, dead and false optional features are two most common types
of defects that are of our interest in this paper. A dead feature is a feature

M.N. Murty et al. (Eds.): MIWAI 2014, LNAI 8875, pp. 220–231, 2014.
c© Springer International Publishing Switzerland 2014



Using BN to Model and Analyze SPL Feature Model 221

that is part of a feature tree but it never appears in any valid product [9,10].
Having a dead feature in FM indicates inaccurate representation of the domain
requirements. A false optional feature on the other hand is a feature that is
declared as an optional feature but it appears in all valid products. Both dead
and false optional feature arise due to misuse of dependencies among features.

Due to increased complexity and uncertainly in software requirements, appli-
cation of AI techniques are becoming evident for managing them [12]. Bayesian
Network (BN) [7,8,13] has already been successfully applied to various areas in
Software Engineering [6,11,14,15,19] as well as in Requirement Engineering [1].
Besides, a probabilistic feature model is presented in [5] by showing its use
in modeling, mining and interactive configuration. Although various work have
been carried out where BNs have been used to predict software defects, relia-
bility, etc., very few addressed the requirement management issues in SPL, in
particular feature model analysis. Our focus in this paper is to address this area
where the inference mechanism and conditional probability in BNs can be used
to analyze various defects in feature model.

The objective of this paper is to adopt AI technique to analyze the defects
in SPL feature models. This paper focuses on two specific analysis operations:
false optional and dead features of feature diagram. By extending our earlier
definition [17], we define several analysis rules for false optional and dead fea-
tures by using First Order Logic (FOL). We then represent these rules by using
BNs. First, we define BNs graphs to represent the scenarios of the our analysis
rules. After defining node probability tables of the variables of BNs graphs, the
conditional probability of the variables related to analysis rules are calculated.
The calculated results match our FOL analysis rules.

The rest of the paper is organized as follows. Section 2 gives a brief review
of feature tree and BN and shows how to draw BN of a feature tree. Section 3
defines First Order Logic based analysis rules of false optional and dead features.
Section 4 models the analysis rules in BN and then show the probabilistic calcula-
tion for the features. Finally, in Section 5 we conclude the paper by summarizing
our contributions and outlining our future plans.

2 Feature Diagram and Bayesian Network

Feature modeling is a notation proposed in [9] as a part of domain analysis of
system family. Feature modeling facilitates addressing the common and varying
features of a product family in both formally and graphically. In feature model
features are hierarchically organized as trees where root represents domain con-
cepts and other nodes represents features. Features are classified as Mandatory
and Optional. The relationship among the child sub-features of a parent feature
are categorized into Or and Alternative. When there is a relationship between
cross-tree (or cross hierarchy) features (or variation points) we denote it as a
dependency.

BN is a directed graph where the nodes represent variables (events), and the
arrows between the nodes represent relationship (dependencies). Each node in
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the graph has an associated set of Conditional Probability Distributions (CPD).
For discrete variables, the CPD can be represented as a Node Probability Table
(NPT) which list the probabilities that given node takes on each of its different
values of each combination of values of its parents. When the nodes have two
possible values, binary probabilities (0 or 1) are used in CPD. The construction
of a BN starts with the identification of the relevant variables in the domain
that has to be modeled. After that the dependencies between the variables has
to be determined. Finally CPD is added for each variable.

A BN also corresponds to a directed acyclic graph (DAG). The directed edges
represent the direction of dependencies between the nodes. A directed edge from
node Xi to Xj indicates that Xi is an ancestor of Xj and the value of Xj depends
on the value of Xi. Feature tree on the other hand is a rooted tree, where non-
root nodes represent features, and features (parent) and sub-features (child) are
connected via edges. Due to the strong resemblance between BNs and feature
trees, BNs can be conveniently used to represent the information within feature
tree. Added with this, BNs can also include probabilistic information to support
decision making in uncertain situations. Figure 1 shows an example feature tree
and its corresponding BN representation. Based on the dependency information
of the the variable, a NPT can be constructed for each variable in the BN.
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Fig. 1. BN representation of a feature tree

3 Feature Modeling Analysis Rules

Defects in feature model have adversary effects on the quality of the derived
product model. Dead and false optional features are two most common types of
defects found in any FM. A dead feature is a feature that is part of a feature tree
but it never appears in any valid product [9,10]. Having a dead feature in FM
indicates inaccurate representation of the domain requirements. A false optional
feature on the other hand is a feature that is declared as an optional feature
but it appears in all valid products. Both dead and false optional feature arise
due to misuse of dependencies among features. Extending our earlier work [17]
on logical representation of feature model and their analysis rules, we present in
this section a set of rules for dead and false optional features. Our definitions
are also influenced by those mentioned in [16].

We use the following FOL predicates to define the rules.
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Table 1. Summary of Analysis Rules

Scenario Analysis Rules
F
al

se
O

p
ti

on
al

V

x y

∀v, x, y · variation point(v) ∧ mandatory variant(v, x)
∧ optional variant(v, y) ∧ requires(x, y)
∧ select(x) ⇒ select(y)

V

x y z

∀v, x, y, z · variation point(v) ∧ mandatory variant(v, x)
∧ optional variant(v, y) ∧ optional variant(v, z)
∧ requires(x, y) ∧ requires(y, z)
∧ select(x) ⇒ select(y) ∧ select(z)

V

x y

z

∀v, x, y, z · variation point(v) ∧ mandatory variant(v, x)
∧ optional variant(v, y) ∧ variation point(y)
∧ optional variant(y, z) ∧ requires(x, y)
∧ select(x) ⇒ select(y) ∧ select(z)

D
ea

d
F
ea

tu
re

s

V

x y

∀v, x, y · variation point(v) ∧ mandatory variant(v, x)
∧ optional variant(v, y) ∧ excludes(x, y)
∧ select(x) ⇒ ¬select(y)

V

x y z

∀v, x, y, z · variation point(v) ∧ mandatory variant(v, x)
∧ optional variant(v, y) ∧ optional variant(v, z)
∧ requires(x, y) ∧ excludes(y, z)
∧ select(x) ⇒ select(y) ∧ ¬select(z)

V

x y

z

∀v, x, y, z · variation point(v) ∧ mandatory variant(v, x)
∧ optional variant(v, y) ∧ variation point(y)
∧ optional variant(y, z) ∧ excludess(x, y)
∧ select(x) ⇒ ¬select(y) ∧ ¬select(z)

V

x y

z

∀v, x, y, z · variation point(v) ∧ mandatory variant(v, x)
∧ optional variant(v, y) ∧ optional variant(v,w)
∧ variation point(y) ∧ optional variant(y, z)
∧ excludess(x, y) ∧ requires(w, z) ∧ select(x)
⇒ ¬select(y) ∧ ¬select(z) ∧ ¬select(w)

– variation_point(v): This predicate indicates that feature v is a variation
point, i.e., feature v has child feature(s).

– mandatory_variant(v, x): This predicate indicates that feature x is a manda-
tory feature of feature v, i.e., x is a mandatory child of v.

– optional_variant(v, x): Here, x is an optional feature of v.
– requires(x, y): It indicates that feature x requires feature y.
– exclude(x, y): This predicate indicates that feature x and y are mutually

exclusive.
– select(x): This predicates the selection of a variant x.
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The three analysis rules are defined for false optional features and four analysis
rules for dead features. Table 1 illustrates the rules written using FOL. Later
these definitions will be used during the analysis of Bayesian Networks based
definitions.

4 Analysis Rules in BN

After analyzing the scenarios for false optional and dead features in a feature tree,
we define Bayesian network representation of the scenarios. The key factor in
defining the BN presentation is to identify the dependencies among the features.
Our BN is heavily influenced by our logical representation shown in [17]. Table 2
illustrates the BN of the analysis rules mentioned earlier.

Table 2. BN representation of false optional and dead feature analysis rules

False Optional Features Dead Feature
Feature Tree Bayesian Networks Feature Tree Bayesian Networks

1

V

x y

V

x y

V

x y

V

x y

2

V

x y z

V

x y z

V

x y z

V

x y z

3

V

x y

z

V

x y z

V

x y

z

V

x y z

4

V

x y

z

V

x y z

False Optional, Rule 1 : An optional feature becomes false optional when a
mandatory feature requires that optional feature. In the Bayesian network (1st
rule of false optional in Table 2), both x and y are two variants of the variation
point v. Thus the probability of both of these features being selected are directly
dependent on v. Feature x depends only on v, whereas y depends on both x and
v. The NPT of the variable v, x and y is given in Fig. 2.
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v
T F

1 0

x
V T F

T 1 0
F 0 1

y
V x T F

F F 0 1
F T I I

T F I I

T T 1 0

Fig. 2. NPT for variables in false optional rule 1

In the NPT, I stands for inconsistent. From the NPT the probability of se-
lecting the variable y can be calculated by using Bayesian rule,

P (y, x, v) = P (y | x, v)P (x | v)P (v)

P (y = T | x = T ) = P (x = T, y = T )
P (x = T )

=
∑

v∈{T,F} P (x = T, y = T, v)
∑

v∈{T,F} P (x = T, v)

= P (y = T, x = T, v = T ) + P (y = T, x = T, v = F )
P (x = T, v = T ) + P (x = T, v = F )

P (y = T, x = T, v = T ) = P (y = T | x = T, v = T )P (x = T | v = T )P (v = T )
= 1 × 1 × 1 × 1 = 1

Similarly, the probabilities of other variables can also be calculated. Finally we
get the following conclusion,

P (y = T | x = T ) = 1 + 0
1 + 0

= 1

The result indicates that the optional variant y will be always selected when-
ever the variant x is selected. As x is a mandatory feature, it will always be
selected and thus y will be always part of a valid product, even though it is
declared as optional. Hence, y is a false optional feature.

False Optional, Rule 2 : An optional feature becomes false optional when it is
required by another false optional feature. In the 2nd rule for false optional in
Table 2, x is a mandatory feature which requires an optional feature y. Thus y
becomes a false optional feature. Moreover, y also requires an optional feature z
which implies that z is also a false optional feature. As the three variants x, y,
and z are the variants of v, in BN all of these variables are directly dependent
of v. Besides, y has a dependency on v and x and z has on v and y. Even there
is no direct dependency between x and z, variant z is selected whenever x is
selected. The NPT of the variables v, x, y and z are given in Fig 3.

From the NPT the probability of selecting the variable z can be calculated
by using Bayesian rule,
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v
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1 0

x
v T F

T 1 0
F 0 1
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v x T F

F F 0 1
F T I I

T F I I

T T 1 0

z
v y T F

F F 0 1
F T I I

T F I I

T T 1 0

Fig. 3. NPT for false optional rule 2

P (z, y, v) = P (z | y, v)P (y | x, v)P (x | v)P (v)

P (z = T | y = T ) = P (z = T, y = T )
P (y = T )

=

∑
x,v∈{T,F} P (z = T, y = T, x, v)
∑

x,v∈{T,F} P (y = T, x, v)

=

P (z = T, y = T, x = T, v = T ) + P (z = T, y = T, x = F, v = F )+
P (z = T, y = T, x = T, v = F ) + P (z = T, y = T, x = F, v = T )

P (y = T, x = T, v = T ) + P (y = T, x = F, v = F )+
P (y = T, x = T, v = F ) + P (y = T, x = F, v = T )

By using the values from NPT the following conclusion can be drawn,

P (z = T | y = T ) = 1 + 0 + 0 + 0
1 + 0 + 0 + 0

= 1

The result states that the optional feature z is selected whenever feature y is
selected. As feature y depends on feature x which is a mandatory feature, y is
actually a false optional feature and hence z is also a false optional feature which
will always be part of a valid product even after it is declared as an optional.

False Optional, Rule 3 : A feature becomes false optional when its ancestor is
a false optional feature. In the 3rd rule of false optional feature in Table 2, x is a
mandatory feature and y is an optional feature of variation point v. Furthermore,
z is an optional feature of y. As y is required by x, it becomes a false optional
feature resulting z into a false optional feature as well. In the BN, y depends on
both x and v and z only depends on y.

v
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x
v T F

T 1 0
F 0 1

y
v x T F

F F 0 1
F T I I

T F I I

T T 1 0

z
y T F

T 1 0
F 0 1

Fig. 4. NPT for false optional rule 3
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P (z, y) = P (z | y)P (y | x, v)P (x | v)P (v)

P (z = T | y = T ) = P (z = T, y = T )
P (y = T ) =

∑
x,v∈{T,F} P (z = T, y = T, x, v)
∑

x,v∈{T,F} P (y = T, x, v)

=

P (z = T, y = T, x = T, v = T ) + P (z = T, y = T, x = F, v = F )+
P (z = T, y = T, x = T, v = F ) + P (z = T, y = T, x = F, v = T )

P (y = T, x = T, v = T ) + P (y = T, x = F, v = F )+
P (y = T, x = T, v = F ) + P (y = T, x = F, v = T )

By using the values from NPT in Fig. 4 the following conclusion can be drawn,

P (z = T | y = T ) = 1 + 0 + 0 + 0
1 + 0 + 0 + 0

= 1

The result shows that z is a false optional feature.
Dead Feature, Rule 1 : An optional feature becomes dead feature when it is

excluded by a mandatory feature. In first rule for dead features in Table 2 the
graph x is a mandatory feature which excludes optional feature y. Variant y can
never be part of a valid configuration and thus its a dead feature. In the BN,
the probability of both of these feature being selected are directly dependent on
v. The probability of y being selected is also dependent on x.

v
T F

1 0

x
v T F

T 1 0
F 0 1

y
v x T F

F F 0 1
F T I I

T F I I

T T 0 1

Fig. 5. NPT for dead feature rule 1

From the NPT in Fig. 5 the probability of selecting the variable y can be
calculated by using Bayesian rule,

P (y, x, v) = P (y | x, v)P (x | v)P (v)

P (y = T | x = T ) = P (x = T, y = T )
P (x = T )

=
∑

v∈{T,F} P (x = T, y = T, v)
∑

v∈{T,F} P (x = T, v)

= P (y = T, x = T, v = T ) + P (y = T, x = T, v = F )
P (x = T, v = T ) + P (x = T, v = F )

The probabilities of variables can be calculated from NPT as shown for other
rules. Finally we get the following conclusion,

P (y = T | x = T ) = 0 + 0
1 + 0

= 0
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Thus, y becomes a dead feature.
Dead Feature, Rule 2 : An optional feature becomes dead when it is excluded

by a false optional feature. In the 2nd rule for dead feature in Table 2, mandatory
feature x requires an optional feature y. Thus y becomes a false optional feature.
Moreover, y excludes the optional feature z which implies that z is a dead feature.
In the BN all of the features x, y and z are directly dependent of v. Besides, y
has a dependency on x and z has a dependency on y.

v
T F

1 0

x
v T F

T 1 0
F 0 1

y
v x T F

F F 0 1
F T I I

T F I I

T T 1 0

z
v y T F

F F 0 1
F T I I

T F I I

T T 0 1

Fig. 6. NPT for dead feature rule 2

From the Fig. 6 the probability of selecting the variable z can be calculated
by using Bayesian rule,

P (z, y, v) = P (z | y, v)P (y | x, v)P (x | v)P (v)

P (z = T | y = T ) = P (z = T, y = T )
P (y = T )

=

∑
x,v∈{T,F} P (z = T, y = T, x, v)
∑

x,v∈{T,F} P (y = T, x, v)

=

P (z = T, y = T, x = T, v = T ) + P (z = T, y = T, x = F, v = F )+
P (z = T, y = T, x = T, v = F ) + P (z = T, y = T, x = F, v = T )

P (y = T, x = T, v = T ) + P (y = T, x = F, v = F )+
P (y = T, x = T, v = F ) + P (y = T, x = F, v = T )

By using the values from NPT the following conclusion can be drawn,

P (z = T | y = T ) = 0 + 0 + 0 + 0
1 + 0 + 0 + 0

= 0

The result states that the optional feature z is not selected whenever feature
y is selected. y is a false optional feature and z is a dead feature as it will never
be part of a valid product even after it is declared as an optional.

Dead Feature, Rule 3 : A feature becomes a dead feature when its ancestor is
a dead feature. In the dead feature rule 3 in Table 2, x is a mandatory feature
of variation point v and y is an optional feature of v. Furthermore, y itself is a
variation point and z is its optional feature. As y is excluded by x, it becomes
a dead feature resulting z into a dead feature as well. In the BN x and y are
dependent of v and z is only dependent of y.
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v
T F

1 0

x
v T F

T 1 0
F 0 1

y
v x T F

F F 0 1
F T I I

T F I I

T T 0 1

z
y T F

T 1 0
F 0 1

Fig. 7. NPT for dead feature rule 3

P (z, y) = P (z | y)P (y | x, v)P (x | v)P (v)

P (z = T | y = F ) = P (z = T, y = F )
P (y = F )

=

∑
x,v∈{T,F} P (z = T, y = F, x, v)
∑

x,v∈{T,F} P (y = F, x, v)

=

P (z = T, y = F, x = T, v = T ) + P (z = T, y = F, x = F, v = F )+
P (z = T, y = F, x = T, v = F ) + P (z = T, y = F, x = F, v = T )

P (y = F, x = T, v = T ) + P (y = F, x = F, v = F )+
P (y = F, x = T, v = F ) + P (y = F, x = F, v = T )

By using the values from Fig. 7 the following conclusion can be drawn,

P (z = T | y = T ) = 0 + 0 + 0 + 0
0 + 0 + 0 + 0

= 0

The result shows that z is a dead feature.
Dead Features, Rule 4 : A feature becomes dead when it requires another

dead feature. In the 4th rule of dead feature in Table 2 v is a variation point
of three variant x, y and w where x is a mandatory feature and the other two
are optional. Feature x and y are mutually exclusive. Thus y becomes a dead
feature. Moreover, y is the variation point for another optional feature z. Since y
is a dead feature, z is also a dead feature. On the contrary, the optional feature
w requires z which is already a dead feature. Hence w is also a dead feature.

v
T F

1 0

x
v T F

T 1 0
F 0 1

y
v x T F

F F 0 1
F T I I

T F I I

T T 0 1

z
y T F

T 1 0
F 0 1

w
v z T F

F F 0 1
F T I I

T F I I

T T 1 0

Fig. 8. NPT for dead feature rule 4

P (w, y, z) = P (w | z, v)P (z | y)P (y | x, v)P (x | v)P (v)

P (w = T | z = F ) = P (w = T, z = F )
P (z = F )

=
∑

x,y,v∈{T,F} P (w = T, z = F, x, y, v)
∑

x,yv∈{T,F} P (z = F, x, y, v)
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All the above probabilities are calculated from Fig. 8. Finally, we derive the
following conclusion which shows that z is a dead feature.

P (w = T | z = F ) = 0 + 0 + 0 + 0
0 + 0 + 0 + 0

= 0

5 Conclusion

This paper presented an approach to define and verify software product line
feature analysis rules by using Artificial Intelligence-based technique. During
any software development project, handling of requirement is inherently difficult
and uncertain, which make it amenable for the application of AI technique. In
this work our focus was in a particular area of SE, Software Product Line. We
defined a set of rules for both dead and false optional features of SPL feature
diagram. BN is used to model and verify the analysis rules. In comparison to
our earlier work on applying logic [17] and semantic web-based approach [18]
to verify analysis rules, BN-based analysis not only manage to solve uncertain
situation but also establishes a synergy between AI techniques and SPL feature
analysis. Our future plan includes the extension of the analysis rules for various
other analysis operations. We are also interested to apply any BN tool to perform
the verification mechanically to avoid human error.
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