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Abstract. A software product line is a unified representation of a set of conceptually similar
software systems that share many common features and satisfy the requirements of a particular
domain. Within the context of software product lines, feature models are tree-like structures that
are widely used for modeling and representing the inherent commonality and variability of soft-
ware product lines. Given the fact that many different software systems can be spawned from a
single software product line, it can be anticipated that a low quality design can ripple through to
many spawned software systems. Therefore, the need for early indicators of external quality at-
tributes is recognized in order to avoid the implications of defective and low quality design during
the late stages of production. In this paper, we propose a set of structural metrics for software
product line feature models and theoretically validate them using valid measurement theoretic
principles. Further, we investigate through controlled experimentation whether these structural
metrics can be good predictors (early indicators) of the three main subcharacteristics of maintain-
ability: analyzability, changeability, and understandability. More specifically, a four-step analysis
is conducted: 1) investigating whether feature model structural metrics are correlated with fea-
ture model maintainability through the employment of classical statistical correlation techniques;
2) understanding how well each of the structural metrics can serve as discriminatory references
for maintainability; 3) identifying the sufficient set of structural metrics for evaluating each of
the subcharacteristics of maintainability; and 4) evaluating how well different prediction models
learned based on the proposed structural metrics can perform in indicating the maintainability
of a feature model. Results obtained from the controlled experiment support the idea that useful
prediction models can be built for the purpose of evaluating feature model maintainability us-
ing early structural metrics. Some of the structural metrics show significant correlation with the
subjective perception of the subjects about the maintainability of the feature models.

Keywords: Software Product Line, Feature Model, Quality Attributes, Maintainability, Struc-
tural Complexity, Controlled Experimentation, Software Prediction Model

1. Introduction

In the realm of object-oriented software development, it has been widely recognized
that in order to be able to design high quality software systems, the developers will
need to focus on developing high quality conceptual models of the intended systems
in the early stages of development [1, 2]. Therefore, the emphasis should be on
maintaining the quality of the designed conceptual models of the software rather
than trying to enforce quality at the late stages of development, e.g., coding stages.
In such a model driven development paradigm [3], the quality of models is extremely
important because it will directly impact the quality of the final software product
[4]. A fortiori, the enforcement of quality in software product line conceptual
models is necessary. This is due to the fact that software product lines serve as
the founding basis for the development of families of software systems that have
common functionality and behavior [5]; hence, while a low quality model of a single
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software system will at most affect the quality of that software and perhaps its later
versions, in software product lines this deficiency will translate into many different
low quality or even erroneous software systems that are spawned from the product
line [6].

Given that software product lines are gaining interest both in industrial envi-
ronments as illustrated by success reports from Nokia, Boeing and Toshiba among
others [7, 8] and also in academia, it is important to design methodologies and pro-
cesses for creating high quality software product line conceptual models, which are
most often in the form of software product line feature models [9, 10]. At this time,
no well-established and widely used methodology for such purpose exists. One of
the reasons for this may be the lack of appropriate mechanisms for measuring the
properties of software product lines. As put by Galileo: what is not measurable
make measurable, which is an indication that measurement at least serves to un-
derstand, control and improve a process that is frequently performed. This fact
was also shown under the Hawthorne effect in organizational theory which states
that what is measured is improved [11]. Many software engineering researchers have
used measurement as means of improving software quality [12, 13]. Therefore, the
objective of our work is to define a set of structural metrics for software product
line feature models for measuring the quality of the designed models.

In practice, the availability of early structural metrics, such as degree of cohe-
sion and coupling in object-oriented programs [14], can allow for a quantitative
comparison of design alternatives and hence provide for an objective evaluation
and comparison between them [15]. The metrics would also serve to improve the
quality of the resulting software products by helping to predict the possible qual-
ity of the final system and improve the resource allocation process based on these
predictions [16].

With respect to software artifacts, quality attributes can be categorized into two
classes: internal quality attributes and external quality attributes [17]. Internal
quality attributes are those that can be directly measured purely on the basis of
product features such as size, length, or complexity. On the other hand, external
quality attributes, e.g. efficiency, reliability and maintainability, are those quality
attributes that can only be measured with respect to how a software system relates
with its environment and can hence only be measured once the software system
is fully developed and deployed. Maintainability as one of such external quality
attributes is concerned with evaluating how well the developed software models can
be understood, changed, and analyzed [18]. As will be discussed in the later sections
of this paper and used throughout, we capture maintainability as the subjective
perception of domain analysts with regards to the subcharacteristics of this external
quality attribute.

Since external quality attributes are hard to objectively evaluate early in the
software development process, an indirect measurement based on internal quality
attributes is often devised. Research in the field of empirical software engineering
has already shown that internal quality attributes can be appropriate determinants
for external quality attributes [19, 20]. Based on such observations, the focus of our
work in this paper is on devising appropriate internal quality attributes in terms
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of software product line feature model structural metrics and using them as early
indicators of maintainability which is an important external quality attribute. We
view maintainability as a composition of three subcharacteristics namely, analyz-
ability, changeability and understandability [21]. As proposed in ISO 9126 standard
for software quality (ISO 2001), these three concepts are interpreted as follows:

• analyzability is the capability of the conceptual model of a software system to
be diagnosed for deficiency;

• changeability is the possibility and ease of change in a model when modifications
are necessary;

• understandability is the prospect and likelihood of the software system model
to be understood and comprehended by its users or other model designers.

We analyze both the empirical and theoretical views of the developed structural
metrics for software product line feature models. Our aim is to show that the defined
metrics are valid from a measurement-theoretic perspective (construct validity) in
both the property-based measurement framework [22] and the DISTANCE frame-
work [23]. These two frameworks are amongst the important evaluation frameworks
for evaluating software metrics from a measurement-theoretic view. Empirical ex-
periments are also performed to analyze the relevance of the defined metrics to be
used as early indicators of maintainability. Overall, the objective of our work is
two-folds: 1) to devise a set of feature model structural metrics that serve as inter-
nal quality attributes and to show that they respect the properties required within
the framework of measurement theory, and 2) to investigate and analyze whether
these structural metrics are good early indicators of maintainability. If the proposed
structural metrics are shown to have meaningful correlation with maintainability
and its subcharacteristics, they would allow software product line designers to make
better and more informed decisions earlier in the software development process.
The rest of this paper is organized as follows: Software product lines and its

related conceptual modeling formalism, feature modeling, is introduced in Section
2. Section 3 describes the proposed software product line structural quality frame-
work. The setup and the structure of the experiment is presented in Section 4,
which is followed by the explanation of the employed analysis techniques used for
interpreting the collected data is described in Section 5. The results of the per-
formed analysis is presented in Section 6. Some general discussions and related
work are provided in Sections 7 and 8, respectively. The paper is then concluded
in Section 9.

2. Software Product Line Concepts

Software product line engineering is concerned with capturing the commonalities,
universal and shared attributes of a set of software-intensive applications for a spe-
cific problem domain [5]. It allows for the rapid development of variants of a domain
specific application through various configurations of a common set of reusable as-
sets often known as core assets, which support the management of commonality
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as well as variability. On the one hand, commonality is supported by providing
domain analysts with both the ability and the required tools for capturing all of
the shared conceptual information within the applications of a given domain. On
the other hand, variability is addressed by allowing the domain analysts to include
application-specific attributes and features within their unified model but at the
same time, restrict their use; this way, commonality and variability are handled
simultaneously. In the context of software product lines, feature modeling is one of
the important techniques for modeling the attributes of a family of systems [9, 24].
This modeling language is important in that it provides means for capturing vari-
ability in software product lines [25].

2.1. Feature Models

Features are important distinguishing aspects, qualities, or characteristics of a fam-
ily of systems [9, 10]. They are used for depicting the shared structure and behavior
of a set of similar systems. To form a product family, all the various features of a
set of similar/related systems are composed into a feature model. A feature model
is a means for representing the possible configuration space of all the products of
a system product family in terms of its features. For this reason, it is important
that feature models be able to capture variability and commonality between the
features of the different applications available in a given domain. As we will see
in the following paragraphs, feature models provide suitable means for modeling
commonality, by allowing the domain modelers to form a common feature model
representation for multiple applications, as well as variability by providing means
to capture competing features of different applications under one unified umbrella.
An example of capturing commonality is when a similar feature, which exists in
multiple applications is represented as a unique feature in the overall domain rep-
resentation, while an example of variability is when one notion is viewed differently
by separate applications and is therefore modeled using competing features.
Feature models can be represented both formally and graphically; however, the

graphical notation depicted through a tree structure is more favored due to its
visual appeal and easier understanding. More specifically, graphical feature models
are in the form of a tree whose root node represents a domain concept, e.g., a
domain application, and the other nodes and leafs illustrate the features. In this
context, a feature is a concept property related to a user-visible functional or non-
functional requirement, e.g., domain application task, modeled in a way to capture
commonalities or possibly differentiate among product family variants [26].
In a feature model, features are hierarchically organized and can typically be

classified as:

• Mandatory, the feature must be included in the description of its parent feature;

• Optional, the feature may or may not be included in its parent description given
the situation;

• Alternative feature group, one and only one of the features from the feature
group can be included in the parent description;
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Figure 1. The main graphical notations employed in feature modeling.

Figure 2. The graph product line feature model.

• Or feature group, one or more features from the feature group can be included
in the description of the parent feature.

Figure 1 depicts the graphical notation of the feature relationships. The tree
structure of feature models falls short at fully representing the complete set of
mutual interdependencies of features; therefore, additional constraints are often
added to feature models and are referred to as Integrity Constraints (IC). The two
most widely used integrity constraints are:

• Includes, the presence of a given feature (set of features) requires the existence
of another feature (set of features);

• Excludes, the presence of a given feature (set of features) requires the elimina-
tion of another feature (set of features).
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2.2. The Graph Product Line Feature Model

The Graph Product Line (GPL) [27], which is designed with the ambition to be a
standard benchmark for evaluating feature modeling techniques shown in Figure 2,
is the standard feature model in the software product line community that covers
the classical set of applications of graphs in the domain of Computer Science. The
intention is to be able to develop configurations of GPL, which are able to address
different problems. For instance, GPL can be configured to perform several graph
search algorithms over a directed or undirected graph structure.
As it can be seen, GPL consists of three main features: 1) Graph Type: fea-

tures for defining the structural representation of a graph; 2) Search: traversal
algorithms in the form of features that allow for the navigation of a graph; 3) Algo-
rithms: other useful algorithms that manipulate or analyze a given graph. Clearly,
not all possible configurations of the features of GPL produce valid graph programs.
For instance, a configuration of GPL that checks if a graph is strongly connected
cannot be implemented on an undirected graph structure. Such restrictions are ex-
pressed in the form of integrity constraints. Some examples of these constraints are:

IC=


Cycle Detection excludes BFS;
Cycle Detection includes DFS;
Strongly Connected includes DFS;
Strongly Connected includes Directed;

These integrity constraint ensure the correct composition of features in the various
final software products developed from this feature model.

3. The Quality Framework

3.1. Considerations about Metrics Design

The underlying rationale for developing quantitative models for interrelating struc-
tural model properties and external quality attributes has been identified to be re-
lated to concept of cognitive complexity [28, 29]. Simon [30] has extensively argued
about the limitations of human cognitive capabilities and concluded that humans
act rationally to the extent of their cognitive capability; therefore, they can lose
track of what they are doing and make irrational decisions in complex and large en-
vironments. This also applies to software modelers who may become overwhelmed
with the complexity of the domain that they are dealing with and therefore can
introduce errors in the models being designed. In other words, cognitive complexity
is the mental burden of the people that perform relevant operations on the software;
hence, the larger and more complex the software system is, the higher its degree of
cognitive complexity will be. High cognitive complexity of a software can impact
its external quality attributes.
According to Briand et al.’s model [31], referred to as causal chain, which is a

basis for many empirical software quality metrics research, it is difficult to imagine
what could be an alternative reason for cognitive complexity other than software
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Figure 3. The relationship between structural properties, cognitive complexity and external qual-
ity attributes as described by Briand et al. [31]

structural properties. As shown in Figure 3, structural properties of a software sys-
tem have impact on its cognitive complexity and can be considered as indications
for external quality attributes. Software product line feature models are in fact
forms of software system models, so it is reasonable to hypothesize that they may
have the same characteristics in terms of relationship between their cognitive com-
plexity and their structural properties. It is important to study this relationship
in order to be able to create appropriate early metrics for software product line
feature models to serve as indicators of external quality attributes.

3.2. Proposed Structural Metrics

To the extent of our knowledge, only very few preliminary studies for defining
suitable feature model structural metrics have been conducted [32, 33]. Even within
these existing works not much theoretical or empirical evaluation of the proposed
metrics has been done. Given the fact that Fenton has formally proven that a
single metric cannot capture all of the various aspects of complexity [12], in our
current study we propose ten simple yet intuitive structural metrics as measurement
references for software product line feature models. The main idea behind the design
of these metrics has been comprehensiveness and simplicity. We have tried to
cover as much structural characteristics of a feature model as possible. To achieve
this, structural metrics proposed in the areas of object-oriented design, entity-
relationship diagrams and even business process models have been considered; the
empirical results of which were taken into account as guidelines for designing the
most useful set of structural metrics for our purpose [34, 35, 36, 37]. In addition,
based on Ocam’s Razor, and also empirical results - e.g., although LOC is a näıve
and simple measure, it performs well in some circumstances [38] - the design of
simple metrics has been our secondary objective.
Table 1 provides the description of each of the proposed metrics. The reason why

these metrics were selected was based on a classification provided by Briand et al.
for object-oriented design models [22]. These authors provided five types of metrics,
i.e., size, length, complexity, coupling and cohesion. It is clear that the last two
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metric types (cohesion and coupling) are only relevant for modular systems and are
not applicable to our domain. So, we have attempted to define metrics for each of
the other types: size (NF, NTop, NLeaf), length (DT), and complexity (CC, CTC,
RoV, CoC, FoC, NVC).
It should be noted that analogous to metric design for other software engineering

discipline, this set of metrics may not be comprehensive and other consecutive
research could further complete this proposed set by defining new metrics from
other perspectives. Table 2 depicts the calculated values of each of these metrics
for the graph product line shown in Figure 2 in order to facilitate the understanding
of the metrics and to also help in clearly showing how the metrics are calculated
over this simple feature model. The GPL shown in Figure 2 is accessible from
SPLOT1.

3.3. Theoretical Analysis of Metrics

A software metric or generally any measure is a homomorphism from an empirical
relational system to a numerical relational system [39]; therefore, it is imperative
that measures be theoretically analyzed within the framework of measurement the-
ory. There are two main approaches for such theoretical analysis within software
measurement literature: 1) frameworks directly based on measurement theory prin-
ciples such as the DISTANCE framework [23]; and 2) frameworks based on desirable
properties (axioms) such as Briand et al.’s property-based measurement framework
[22].
Frameworks such as DISTANCE [23] ensure that the metrics developed based on

their guidelines are proven to be valid distance measures and that they can be used
as ratio scale measurement instruments. On the other hand, in the property-based
(axiomatic) approaches [22], instead of explicitly defining the empirical relational
system, the desirable properties of the numerical relational system that need to be
satisfied by the metrics are expressed. We examine the properties of our proposed
metrics in the context of both of these frameworks.
In brief, the DISTANCE framework proposes a set of mandatory properties, i.e.,

non-negativity, identity, symmetry and triangular inequality that need to be sat-
isfied by any metric in order for it to be considered an acceptable measurement-
theoretic metric. In addition, the property-based measurement framework provides
a set of desirable properties for different metric types: size (non-negativity, null
value, additivity), length (non-negativity, null value, identity, monotonicity) and
complexity (non-negativity, identity, symmetry, additivity, monotonicity) and rec-
ommends that these properties are satisfied as much as possible. We investigate to
what extent our proposed metrics are able to respect these properties.
The summary of the theoretical properties of our metrics obtained by following

the steps proposed in [40] are shown in Table 3. As it can be seen, all of the intro-
duced metrics respect the four mandatory properties required by the DISTANCE
framework to form a valid metric space. Therefore, the important consequence of
satisfying these four properties is that all of our proposed metrics are in ratio scale
[41], which means that they are theoretically valid software metrics.
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Table 1. Measures for software product line feature models.

Measure Type Measure Name Measure Definition

Size Measures Number of Features (NF) The total number of features that are present
in a feature model. This includes both leaf and
parent features. NF counts all of the nodes in
the feature model tree.

Number of Top Features
(NTop)

The number of features that are first direct de-
scendants of the feature model root. In other
words, the number of nodes in depth one of
the tree.

Number of Leaf Features
(NLeaf)

The number of features with no children or
further specializations. These correspond with
the leafs of the feature model tree.

Structural Complexity
Measures

Cyclomatic Complexity
(CC)

The number of distinct cycles that can be
found in the feature model. Since feature mod-
els are in the form of trees, no cycles can
exist in a feature model; however, integrity
constraints between the available features can
cause cycles. It is simple to show that the
number of distinct cycles and hence cyclomatic
complexity of a feature model is equivalent to
the number of integrity constraints of a feature
model. This is due to the tree-like (cycleless
graph) structure of feature models.

Cross-Tree Constraints
(CTC)

The ratio of the number of unique features
involved in the feature model integrity con-
straint over all of the number of features in
the feature model. This measure represents
the degree of involvement of features in the
definition of the integrity constraints.

Ratio of Variability (RoV) The average branching factor of the parent fea-
tures in the feature model. In other words, the
average number of children of the nodes in the
feature model tree.

Coefficient of Connectivity -
Density (CoC)

The ratio of the number of edges over the num-
ber of features in a feature model. In graph
theory, the coefficient of connectivity repre-
sents how well the graph components are con-
nected.

Flexibility of Configuration
(FoC)

This is the ratio of the number of optional fea-
tures over all of the available features in the
feature model. The rationale behind this is
that the more optional features exist in the
feature model, the more choices are available
for the designers to choose from while config-
uring the feature model.

Number of Valid Configura-
tions (NVC)

The number of all possible and valid configu-
rations that can be derived from the feature
model in the face of its integrity constraints
and tree structure.

Length Measure Depth of Tree (DT) The length of the longest path from the fea-
ture model root to leaf features in the feature
model.
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Table 2. Measures values for GPL feature model depicted in Figure 2.

Measure Value

NF 17
NTop 3
NLeaf 12
CC 4
CTC 0.294
RoV 3.2
CoC 1.176
FoC 0.058
NVC 63
DT 4

Furthermore, Table 3 shows that other than the metrics in the complexity type,
the rest (metrics for size and length) respect the properties defined for their re-
spective types within the property-based measurement framework. As for the com-
plexity metrics, they respect four out of the five desirable properties defined by
the property-based measurement framework for complexity. They fail to respect
the additivity property. We believe that although the defined complexity metrics
do not exactly satisfy additivity, but their satisfaction of the monotonicity proper-
ties (Non-increasing Monotonicity for Connected Components and Non-decreasing
Monotonicity for Disjoint Components) makes them acceptable for our purpose.
This is because it is important to make sure that as a model becomes more (less)
complex, the metrics measuring complexity will also reflect this increase (decrease)
in complexity accordingly and therefore, monotonicity is an essential property for
complexity metrics. Hence, we make sure that our metrics conform to monotonic-
ity. However, additivity is only a special case of monotonicity that requires if two
models are merged, the complexity of the resulting model is equivalent to the sum of
the complexity of the two source models. This is a strict monotonicity requirement
and does not necessarily need to be respected.

As a matter of fact, additivity is only a special case of monotonicity, i.e., mono-
tonicity is less strict than additivity. For instance, assuming that A is a more com-
plex system than B, and µ is the measure of complexity: µ(A) = 4, and µ(B) = 1,
an additive measure such as µ is required to satisfy µ(A+B) = 5, but a monotone
µ would only require µ(A+B) > 4; therefore, monotonicity is less strict than addi-
tivity. It is believed that monotonicity as respected by our metrics is strict enough
to show the complexity relations between feature models and a measure does not
essentially need to be additive (while being monotone) to be a valid complexity
measure.

It is worth noting that despite the fact that our complexity metrics do not satisfy
additivity, they are still valid measurement-theoretic metrics as shown by satisfying
the mandatory properties of the DISTANCE framework and only fail to respect one
of the five desirable properties of complexity metrics proposed by the property-based
measurement framework. Similar to this case, it has been shown in the literature
that some very useful software metrics can only satisfy a subset and not all of the



ASSESSING THE MAINTAINABILITY OF SPL FEATURE MODELS 11

Table 3. Theoretical properties of the defined metrics ( † and ‡ signify that the property is defined in
the property-based measurement framework and the DISTANCE framework, respectively).

Size Complexity Length
Properties (NF NTop NLeaf) (CC CTC RoV CoC FoC NVC) (DT)

Non-
negativity†,‡

X X X X X X X X X X

Null Value† X X X X X X X X X X
Symmetry†,‡ X X X X X X X X X X
Non-increasing
Monotonicity
(Connected
Components)†

n/a n/a n/a X X X X X X X

Identity‡ X X X X X X X X X X
Non-decreasing
Monotonic-
ity (Disjoint
Components)†

n/a n/a n/a X X X X X X X

Additivity† X X X X � � � � � n/a
Triangular
Inequality‡

X X X X X X X X X X

desirable properties of the property-based measurement framework [22] such as the
widely used metrics proposed by Chidamber and Kemerer [42].

Now, given the introduction of a set of theoretically valid software metrics for
software product line feature models, we need to empirically validate their useful-
ness for quality assessment in practice. In the remainder of this paper, we will
use some advanced statistical analysis techniques to evaluate the efficiency of these
metrics for external quality attribute prediction and also to analyze the interaction
between the proposed metrics.

4. Experimental Design

This section will describe the hypotheses behind the research study performed in
this paper and will delineate the independent and dependent variables that were
studied during both the data collection and analysis phases.

4.1. Hypotheses

The cornerstone of any valid empirical study is the definition of a set of important
hypotheses that need to be validated. In our work, the main objective is to devise
a set of one or more metrics to evaluate the quality of software product line fea-
ture models. More specifically, we are interested in identifying a set of structural
measures of feature models that are meaningfully associated with external quality
attributes such as maintainability. We view maintainability as a complex external
quality attribute that according to ISO 9126 [21] needs to be explained in terms of



12 BAGHERI & GASEVIC

three subcharacteristics namely, analyzability, changeability, and understandabil-
ity. We will explain in the subsequent sections that we consider maintainability and
its subcharacteristics as the perceived subjective opinion of the model analysts.

The main hypothesis of our work is that structural measures can be developed for
feature models that are suitable to serve as indicators of the perceived subjective
value of maintainability. This hypothesis is further refined into the following more
specific and concrete hypotheses:

H1. A meaningful correlation can be found between software product line feature
model structural measures and maintainability;

H2. Feature model structural measures can serve as discriminatory references for
maintainability;

H3. Structural measures have different predictive powers for explaining maintain-
ability of feature models.

H4. A relatively small and contained set of structural measures can be used to
efficiently evaluate maintainability of any given feature model;

These hypotheses will be evaluated by a set of statistical analysis techniques to
clearly understand the relationship between maintainability and the defined struc-
tural measures. A correlational study will be used to study whether the defined
measures have interdependencies and also to see how well they can be used to ex-
plain maintainability (H1). We employ the concept of entropy [41] to study how
each of these measures is able to reduce unstructuredness and hence be a discrimi-
natory reference for maintainability (H2). Furthermore, several learning machines
and classification algorithms are employed to investigate whether accurate predic-
tive models can be developed to be used as indicators of maintainability as a late
external quality attribute from early internal quality attributes (H3). Finally, we
will investigate whether a small subset of the proposed metrics can be used to
efficiently predict maintainability (H4).

The combination of the results of these studies can provide us with sufficient
empirical data to properly evaluate the hypotheses put forth in this section.

4.2. Variables

In order to proceed with the experiments, the defined hypotheses need to be mapped
onto a set of measurable independent and dependent variables. These variables are
measured in the experiments and will be used in the analysis phase.

4.2.1. Independent Variables The metrics introduced in Table 1 are the indepen-
dent variables of the study. They are considered as independent since within the
cause-effect relationship that we are interested in, they represent the cause, i.e., we
are interested to see whether structural metrics are correlated with maintainability
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and its subcharacteristics or not. In such a setting the structural metrics are con-
sidered to be the independent variables. Each of these metrics is an independent
variable that represents a structural property of a feature model.

4.2.2. Dependent Variables External quality attributes are considered to be the
dependent variables. This is due to the fact that they represent the effect in the
cause-effect relationship as described before. Researchers have argued that since
external quality attributes such as maintainability and its subcharacteristics are
not easy to measure, it is better to compute the values of structural measures
and try to use them as indicators [43]. However, since our goal is to validate
the hypothesis that structural measures do indeed have a meaningful correlation
with maintainability, we need to devise a way to measure the three elements of
maintainability.
There have been two main approaches for measuring external quality attributes.

The first approach, which we will use in our experiments, is to ask a group of
experts to subjectively evaluate the external quality attributes of a set of mod-
els. Subsequently, these subjective values are used as measures for the dependent
variables [35, 34]. The second approach is to define a set of tasks for the experts
and then record the time taken for them to complete the tasks (time-to-complete),
which would serve as an indication for the dependent variable [36, 37]. We do not
use this second approach for three reasons: 1) we are focused on understanding the
relation between the subjective perception of model analysts about maintainability
and the metric values. Given our focus on the subjective perception of model an-
alysts and that this second approach is essentially an objective measure, it is not
appropriate to be used for our purpose; 2) the time-to-complete a given task may
be itself dependent on other factors besides the external quality attribute under
evaluation. Therefore, such a measurement may not be an accurate indication. In
other words, the validation of the fact that “the time-to-complete a given task is a
valid measure for an external quality attribute” needs separate independent stud-
ies; 3) time-to-complete a given task may be impacted by other factors related to
the study subjects such as the preparedness or the attitude of the subjects towards
the study being performed during the time of the study, which are irrelevant to the
external quality attributes. Such factors may impact the time-to-complete a given
task and hence can impact the quality of the drawn conclusions.
In our work, the measurement of the dependent variables was performed using the

first approach where the quality of all three subcharacteristics of maintainability
were subjectively measured and recorded using questionnaires. This provides us
with the required subjective perception of model analysts about maintainability
and its subcharacteristics.
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4.3. Experimental Setup

4.3.1. Objects of Study The feature models that were used in our experiments
were all taken from Software Product Line Online Tools (SPLOT) [44]. SPLOT
hosts a repository of feature models that are publicly available and distributed by
the software product line community. These feature models are stored using the
SXFM format2, which is an XML serialization of the feature model tree. All the
feature models available in this repository are checked for validity and unreachable
dead features prior to being shared with the users. It is important to mention that
it contains feature models for different domains of interest and is therefore quite
well suited for the purpose of our experimentations.
We selected fourteen feature models from this repository such that the domains

were understandable by the participants of our study. The other restriction in the
selection of the feature models was that the language of the models be English.
In order to capture the independent variables of the study, we developed an

automated tool that would parse the SXFM format of each feature model and
would calculate the values of each of the structural metrics. Furthermore, the NVC
metric of each feature model was calculated using the binary decision diagram
technique proposed by Mendoca et al. [45]. The different feature models used in
the experiments along with their metric values are shown in Table 4.

4.3.2. Data Collection The fundamental purpose of our study was related to
identifying any significant relationship between the proposed quality metrics and
the subjective perception of domain analysts about the maintainability of a feature
model. For this purpose, the values of both the dependent and independent vari-
ables need to be collected. The collection of the values for independent variables
is quite straightforward and is done automatically by calculating the metric values
for each of the feature models. However, the collection of the values for the depen-
dent variables, which are the subjective perception of the participants regarding the
three subcharacteristics of maintainability, required input from the human analysts
and was therefore performed using questionnaires.
The process that each participant undertook before providing their subjective

perception was as follows: each participant was provided with a set of fourteen
feature models described in the previous section and was given a period of one
week to explore the syntax and semantics of these models. During this period, the
participants had the possibility of communicating their questions with the experi-
menters. After this period, the experimenters held individual assessment meetings
with each of the participants during which the subjective opinion of the participant
about the subcharacteristics of maintainability were collected using a questionnaire
(we will discuss in the threats to validity section of this paper that this setting
for gathering information from the participants can pose threats to validity). The
questionnaire consisted of 3 sets (for each of the subcharacteristics of maintain-
ability) of 14 questions (for each of the feature models). The questions inquired
about the maintainability of the feature model by asking the participants to select
one of the seven linguistic values shown in Table 5. In this way, each participant
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Table 6. Participants subjective opinion about the maintainability of the experiment feature
models according to the linguistic values in Table 5.

Feature Model Analyzability Understandability Changeability

DELL Laptop/Notebook Computers
median 2 3 2
Inventory
median 3 5 4
Sienna
median 5 4 4
HIS
median 4 4 4
Documentation Generation
median 2 4 3
Thread
median 4 5 7
Smart Home
median 3 5 5
Arcade Game
median 2 3 2
Model Transformation
median 2 3 5
Search Engine
median 6 6 5
Text Editor
median 5 5 6
Web Portal
median 3 5 4
Electronic Shopping
median 2 4 4
Bicycle
median 5 6 5
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Table 7. The Intra-Class Correlation (ICC) between the subjective
opinions of the participants.

Subcharacteristics ICC Single Measure ICC Average Measure

Analyzability 0.751 0.978
Understandability 0.707 0.973
Modifiability 0.783 0.982

would provide her subjective perception about the maintainability of each feature
model using three linguistic values (one for each of the subcharacteristics). The
employed linguistic values were originally proposed in [35, 34]. As an example,
once the participant made up her mind with regards to the understandability of
the Inventory feature model and decided that it was quite easy to understand it,
she would mark the ‘quite easy (5)’ option on the questionnaire. Each participant
would answer such questions with regards to analyzability, understandability and
modifiability of the objects of study.

Some fifteen volunteer subjects participated in the experiments. The participants
were all graduate students of Computer Science with the age range between 24-29
years. The participants all had a good knowledge of software engineering principles
and were given a mini-tutorial on aspects of software product lines and feature
models prior to the experimentation week. The subjective opinions of the partici-
pants about the subcharacteristics of maintainability for each of the fourteen feature
models is given in Table 6. The values reported in this table are the median of the
subjective opinions of the participants with regards to each subcharacteristics of
maintainability for each feature model, which shows what the participants thought
in general about the subcharacteristics of maintainability for each feature model

Now, in order to establish the extent of consensus among the subjective opinions
provided by the participants, we perform an inter-rater reliability analysis, which
shows the degree of agreement between the participants. This is important since
if the participants do not reach a relative agreement on their opinions valid con-
clusions cannot be drawn from the data. For this purpose, we employ Intra-Class
Correlation (ICC). ICC is used to measure the degree of resemblance between the
quantitative traits of a group of individuals, i.e., the subjective opinions of the
participants with regards to the subcharacteristics of maintainability in our case.
Table 7 reports the results of this statistical test based on a two-way random effects
model with a confidence interval of 95%.

We have reported both the ICC single measure and the average measure for the
subcharacteristics of maintainability. The single measure reliability is used to assess
whether the opinion of one participant is apt to be the same as another participant.
As seen in Table 7, the single measure reliability of all three subcharacteristics is
higher than 0.7, which shows that a reasonable agreement between the participants
exists in terms of the values for these subcharacteristics for each of the objects of
study. In addition, the average measure reliability provides a means to evaluate
how reliable it is to use the mean of the opinions provided by the participants. The
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ICC average measure for these subcharacteristics as reported in Table 7 are quite
high and show high reliability.

5. Analysis Techniques

An interesting property of the fourteen feature models that were employed in our
experiments is that they are each from a different domain and are therefore a good
set of objects for our studies due to their diversity. The feature models are also
varied in terms of their metric values as shown by their standard deviation given
in Table 4.

The empirical data that was collected is also quantitatively reasonable from the
perspective of the amount of data. We obtained 770 data points overall, i.e., 630
subjective opinions from the participants (14 feature models × 15 participants × 3
subcharacteristics) and 140 metric values (14 feature models × 10 structural met-
rics). The 140 metric values are the values for the independent variables, whereas
the 630 subjective opinions are the values for the dependent variables. In the follow-
ing, given the data that was collected, we explain the different types of statistical
analysis processes that were applied on these data in order to better understand
the existing relationships and to actually test our hypotheses.

5.1. Correlation Study

As the first step of our analysis, we hypothesize that a meaningful correlation
between the defined metrics and maintainability can be found (H1). In order to
test this hypothesis, we first applied the Kolmogorov-Smirnov test that revealed
that our collected data did not have a normal distribution. Therefore, a non-
parametric test statistics, the Spearman’s Rho correlation coefficient (significance
level of 0.05) was used to investigate any significance relationships. In this step,
three types of correlations were studied:

• Inter-Metric Correlation: The purpose of this study was to evaluate whether
the defined metrics each represent a different aspect of a feature model and are
hence unique or in fact some kind of relationship can be found between these
metrics;

• Metrics Indicativeness: This is the major correlation study of interest, since it
investigates whether the defined metrics are useful indicators of maintainability
and its subcharacteristics or not;

• Inter-Quality Correlation: Due to the fact that the external quality attribute
under study is comprised of three subcharacteristics, correlation studies are
performed between each of these sub-elements to see if they themselves are
correlated in any way. As one instance, the correlation between understandabil-
ity and analyzability, as being constituting elements of maintainability, will be
investigated.
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Each of these correlation studies reveals some important characteristics of the
dependent and independent variables.

5.2. Information Gain

The next hypothesis is that the proposed structural metrics are able to serve as
discriminatory references for indicating maintainability (H2). The above correlation
studies are able to show which of the metrics have a significant relationship with
the subelements of maintainability. We further employ the concept of entropy [38]
to see how these proposed metrics are able to reduce the uncertainty associated
with the correct level of maintainability of a feature model.
Simply stated, entropy is the measure of uncertainty associated with a phe-

nomenon. So in our case, the lack of knowledge about the degree of maintainability
of a feature model can be captured in terms of entropy. Now, if the value of one of
the proposed metrics is calculated and used for deciding about the maintainability
of the model, some useful information about the possible degree of maintainability
of that feature model may be gained as a result. For this reason, if a metric has
been able to help us reach a better judgement about the maintainability of a fea-
ture model, it has been indeed able to reduce our uncertainty and hence reduce the
entropy.
The amount of reduced entropy as a result of revealing the correct value for a

given metric is known as information gain [46]. It is clear that the higher the
information gain for a metric is, the more it is able to reduce the uncertainty
about the subcharacteristics of maintainability and can therefore be used as a useful
indicator of this external quality attribute. We use the Kullback-Leibler divergence
formulation [47] for calculating the information gain of each of the proposed metrics.
The higher the information gain for a metric is, the more it is able to reveal useful
information about the maintainability of a feature model.

5.3. Predictive Models

The last two hypotheses (H3 and H4) are related to the predictive power of the
defined metrics for maintainability and also the issue that a small set of metrics
would be sufficient to accurately evaluate the maintainability of a feature model.
To evaluate these hypotheses, we build four learning machines for predicting the
three subcharacteristics of maintainability using the proposed metrics. In order to
be able to build the learning machines, we create three datasets, one for each of the
subcharacteristics of maintainability. Each dataset consists of various rows each of
which represents the value of the ten metrics for each of the fourteen feature models,
where the elements of each row are the metric values for that feature model and
the label to be predicted for that row is the value of one of the subcharacteristics
of maintainability.
Given these three datasets, the goal is to build a learning machine that is able

to accurately predict the label of a feature model (value of the relevant subchar-
acteristic of maintainability) based on the values of the structural metrics. In our
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Figure 4. The summary of the analysis process.

experiments, we have developed four learning machines to predict the maintain-
ability of a feature model from the decision tree and logistic regression family of
learning machines. These learning machines are commonly used in the domain of
software engineering for tasks such as software quality analysis, and effort prediction
[48, 49, 50]:

• Decision Trees are predictive machine learning techniques that identify the value
of a dependent variable based on the value of a set of independent variables.
Three variations of decision trees, namely J48, ID3 and CART have been used
in our experiments. It is important to mention that the set of metrics used by the
decision tree algorithm to build an accurate prediction model will be considered
to be the sufficient subset of the metrics that are required for predicting the
subcharacteristics of maintainability.

• Logistic Regression is a method that is employed for predicting the probability
of an event by fitting the reference data points into a logistic curve. We have
used a multinomial logistic regression model in our analysis.

The Waikato Environment for Knowledge Analysis (WEKA) [51], which is a
widely used suite of machine learning techniques, was employed to learn and test
the built learning machines based on our collected independent and dependent vari-
ables.

5.4. Summary of Analysis

Figure 4 summarizes the process of the analysis performed on the collected data
and highlights the purpose of each analysis.

6. Analyses and Results

In this section, we describe the results of the analysis performed over the observa-
tions made during the experiments. We show the quantitative results of the analysis
and discuss how they are relevant for supporting our hypotheses.
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Table 8. Spearman’s Rho correlation for the inter-metric study.

NF DT NTop NLeaf CC CTC RoV CoC FoC NVC

NF 0.68 0 0.95 0.41 0 -0.01 0.24 -0.53 0.7
p value 0.01 0.99 0 0.14 1 0.98 0.41 0.05 0.01
DT -0.32 0.54 0.01 -0.27 -0.3 -0.1 -0.2 0.61
p value 0.27 0.05 0.96 0.35 0.3 0.73 0.49 0.02
NTop 0.01 -0.06 0.05 0.11 0.01 -0.18 -0.21
p value 0.96 0.83 0.87 0.71 0.98 0.54 0.46
NLeaf 0.54 0.17 0.22 0.39 -0.59 0.76
p value 0.05 0.55 0.44 0.17 0.03 0
CC 0.8 0.65 0.91 -0.67 0.23
p value 0 0.01 0 0.01 0.42
CTC 0.78 0.93 -0.65 -0.1
p value 0 0.01 0.73
RoV 0.69 -0.47 0.09
p value 0.01 0.09 0.75
CoC -0.74 0.11
p value 0.71
FoC 0.98
p value 0.49

6.1. Correlation Study

The first technique that we explore is the use of Spearman’s Rho correlation in three
different contexts, namely to identify relationship between 1) the defined metrics
(inter-metric correlation), 2) the metrics and the subcharacteristics of maintainabil-
ity (metric indicativeness), and 3) the subcharacteristics of maintainability them-
selves (inter-quality correlation). As usual, a significance level of α = 0.05 (95%
confidence level) is used to accept the results of the correlation.

6.1.1. Inter-Metric Correlation The first study is meant to study the correla-
tion between the proposed metrics (inter-metric correlation), i.e., to see whether
some of the metrics capture and cover similar aspects of the feature model and
are overlapping or not. The results of this study are shown in Table 8. In this
table, two rows are dedicated to each metric; the values on the upper rows show
the degree of correlation, while the ones on the lower rows depict the significance
of the correlation. The values in bold represent those that exhibit meaningful cor-
relations and the ones underlined are the most significant correlations. According
to Spearman’s correlation, a correlation with a significance p value ≤ 0.05 can be
considered to be significant and therefore, in our work such correlations are consid-
ered to be meaningful and are highlighted with bold. Amongst these highlighted
correlation, the one with the higher degree of correlation is regarded as the most
significant correlation and is underlined.

Table 8 shows that some of the metrics are in fact correlated and are perhaps
overlapping in terms of the concepts that they are representing. For instance, NF
and NLeaf are highly correlated, which is an indication that these two metrics are
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Table 9. Spearman’s Rho correlation for the metric indicativeness study.

NF DT NTop NLeaf CC CTC RoV CoC FoC NVC

Analyzability -0.75 -0.27 0.01 -0.86 -0.48 -0.21 -0.39 -0.36 0.49 -0.77
p value 0.00 0.33 0.96 0.00 0.07 0.45 0.15 0.20 0.07 0.00
Understandability -0.81 -0.32 -0.07 -0.82 -0.53 -0.25 -0.12 -0.46 0.74 -0.48
p value 0.00 0.25 0.79 0.00 0.04 0.38 0.66 0.09 0.00 0.07
Changeability -0.46 0.04 -0.07 -0.60 -0.92 -0.80 -0.63 -0.89 0.73 -0.32
p value 0.09 0.88 0.78 0.02 0.00 0.00 0.01 0.00 0.00 0.25

quite similar for a feature model, i.e., a feature model with a high number of features
is much likely to have a lot of leaf features. Another example is the relationship
between CTC and CoC, which is a sign that a feature model with a higher cross-tree
constraint ratio is likely to be more dense and therefore have a larger coefficient
of connectivity. On the other hand, a meaningful negative correlation can be seen
between CoC and FoC. This means that a feature model which is dense and has a
high coefficient of connectivity is relatively less flexible in terms of configuration.
In other words, a feature model which is flexible for configuration needs to be less
dense.
The correlations found between the metrics in this study shows that all of the

proposed metrics are not necessarily required for a comprehensive evaluation of the
characteristics of a feature model due to the fact that some of these metrics are
highly correlated and can be used interchangeably to some degree, e.g., NF and
NLeaf. However as will be discussed later, the correct subset of the metrics can
only be determined based on the characteristic that is being studied, which can be
different for dissimilar purposes.

6.1.2. Metrics Indicativeness The second study concentrates on the possibility
of a meaningful relationship between the proposed metrics and the three subcharac-
teristics of maintainability (metric indicativeness study). As it can be seen in Table
9, significant correlations can be found between some of the metrics and the three
subelements of maintainability. This comes to show that the structural metrics
defined for a feature can be used as early indicators for external quality attributes
that are to be determined late in the development process.
It can be seen from the results of Spearman’s Rho correlation that the number

of leaves in a feature model has a high negative correlation with both analyzability
and understandability. In turn, number of features, which was shown to be highly
related to the number of leaves, is also closely correlated with these two characteris-
tics. Therefore, NLeaf and NF can be used as good indicators for analyzability and
understandability. Since there is a negative correlation between NLeaf and NF and
these two subcharacteristics of maintainability, it can be inferred that the more fea-
tures and leaf features a feature model has, the more complex it becomes in terms
of analyzability and understandability. An interesting and important outcome of
this analysis is the corroboration of our earlier assumption that simpler structural
metrics may turn out to be useful quality indicators. In our set of metrics, NLeaf
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and NF are two of the simplest metrics, which appear to be the most useful signs
for analyzable and understandable feature models.

Furthermore, changeability is seen to be significantly correlated with the cyclo-
matic complexity of the feature model. It was shown earlier that CC is itself quite
closely related with CoC and CTC, which is also reflected in this analysis. These
three metrics: CC, CTC and CoC can therefore be considered as good indicators
of changeability. An interesting observation that can be made is that just for the
purpose of studying the maintainability of a feature model, two metrics would be
sufficient, i.e., NLeaf and CC. This is because, from the set of NF and NLeaf that
are needed for analyzability and understandability, NLeaf can be selected and also
from CC, CTC and CoC required for changeability, CC can be chosen as a rep-
resentative. These two metrics (NLeaf and CC) seem to be good indicators of
maintainability. The relevance of NLeaf and CC for maintainability can also be
logically explained: The two major building blocks of any feature model are its fea-
tures and integrity constraints. The number of leaves is highly correlated with the
number of features and is therefore the representative of the features of a feature
model and the cyclomatic complexity, which is calculated by counting the number
of integrity constraints. So since these two metrics cover the two main aspects
of feature models it makes sense that they would be highly correlated with the
subcharacteristics of maintainability.

Another remarkable observation from this study is that neither NTop nor DT are
correlated with any of these three subcharacteristics of maintainability. This shows
that these two metrics are not very useful measures to be used in a study which
evaluates the maintainability of a feature model.

6.1.3. Inter-Quality Correlation The third analysis is concerned with the corre-
lation between the subcharacteristics of maintainability itself. The purpose is to
see whether there is some form of conceptual relationship between these quality
attributes. As depicted in Table 10 (follows same formatting as used in Table 8),
all three quality attributes are fairly correlated. Among them, analyzability and
understandability seem to have the closest relationship with each other. This was
also indicated by the fact that NLeaf metric could be used as the metric to predict
both of these quality attributes. The other interesting remark is with regards to
the relationship between understandability and the other two quality attributes.
Intuitively, it is expected that understandability should be the requirement for the
other two quality attributes, which is due to the fact that without understanding
a feature model, one cannot proceed with analyzing it or changing it. The fact
has also been empirically observed in our analysis where the correlation between
understandability and both analyzability (0.74) and changeability (0.63) is slightly
higher than the correlation between analyzability and changeability (0.60). The
observation can be taken as a sign that understandability is the prerequisite and
cornerstone for maintainability and its other two subcharacteristics, meaning that
without the proper understanding of the model, analyzability and changeability
will not be possible.
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Table 10. Spearman’s Rho correlation for the inter-quality study.

Analyzability Understandability Changeability

Analyzability 0.74 0.60
p value 0.00 0.02
Understandability 0.63
p value 0.01

Table 11. Information gain study on feature model metrics.

Metrics Analyzability Understandability Changeability

NF 0.90 0.87 1.20
DT 0.40 0.37 0.51
Ntop 0.53 0.44 0.58
NLeaf 1.19 1.04 1.01
CC 0.60 0.71 1.19
CTC 0.55 0.95 1.14
RoV 0.60 0.80 0.77
CoC 0.17 0.511 0.76
FoC 1.10 0.95 1.35
NVC 1.29 1.01 1.06

6.2. Information Gain Study

The intention behind using an information gain analysis is to investigate if the
proposed feature model metrics can be used as discriminatory references for main-
tainability. The metric indicativeness study had a somewhat similar purpose. In
this study, we are interested in identifying those metrics that are most helpful in
reducing the uncertainty involved in the prediction of maintainability. Assume
that the possible space of values for the degree of maintainability of a given feature
model is completely unknown because the feature model is still in its early stages
of design. The purpose of information gain is to show which one of the structural
metrics is able to shed more light on the probable degree of maintainability and
hence make this completely unknown space more clear. In other words, how much
would a structural metric help us in reducing our uncertainty towards the percieved
values of the subcharacteristics of maintainability for a given feature model. The
main difference between the metrics identified in the metric indicativeness study
and the information gain analysis is in that although metrics selected in the metric
indicativeness study are highly correlated with the subcharacteristics of maintain-
ability, they may not have the discriminatory power required for effectively reducing
uncertainty. This is an advantage for the metrics selected by an information gain
analysis.

Table 11 shows the results of the information gain study for the three subcharac-
teristics of maintainability. For each of these characteristics, the top three discrim-
inant metrics are highlighted in bold in the table. We can now compare the results
of the information gain analysis with that of the metric indicativeness study. The
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three metrics selected for analyzability by information gain are NLeaf, FoC and
NVC, while the metrics selected by correlation are NLeaf, NF and NVC. Interest-
ingly, the two sets of metrics are quite similar where NLeaf and NVC are shared
between them. In terms of understandability, the metrics selected by information
gain are again NLeaf, FoC and NVC, and the result of the correlation study are
NLeaf, NF, and FoC. There is also two overlaps (NLeaf and FoC) in both of the
selected sets of metrics.
It can be inferred that considering both the information gain and correlation

studies, NLeaf, NVC, and FoC are most likely to be the best indicators of under-
standability and analyzability. It was mentioned earlier in the correlation study
that NLeaf is a good indicator for these two subcharacteristics. These results re-
inforce this fact. In addition, NLeaf possesses an advantage over NVC and FoC in
that it can be easily calculated by a designer and does not require additional tools
to be calculated as is the case for FoC and NVC.
For the case of changeability, CC, FoC and NVC are chosen by the information

gain analysis, whereas CC, CTC and CoC are selected by the correlation study.
Although the two sets only share CC, an obscure observation can be made based
on the results shown in Table 8. It can be seen that the metrics in both of these sets
are very well correlated with FoC; therefore, FoC can be considered as an important
metric for indicating the changeability of a feature model.
As a result of both the information gain and correlation studies, the discrimina-

tory subsets of metrics for analyzability, understandability, and changeability are
{NLeaf, NVC, FoC}, {NLeaf, NVC, FoC} and {CC, FoC, NVC}, respectively. A
general conclusion would be to infer that the set of discriminatory metrics for eval-
uating maintainability of a feature model is {NLeaf, NVC, FoC, CC}. Simply put,
from the set of ten metrics proposed in this paper, NLeaf, NVC, FoC and CC are
the most important ones for evaluating maintainability. Furthermore as corrobo-
rated by both of the analyses, DT and NTop are the least important feature model
metrics for determining maintainability.

6.3. Predictive Models Study

The reasons for developing predictive models is to test the last two hypotheses,
namely 1) if predictive models can be built using the structural metrics in order
to predict the maintainability of a feature model (H3), and 2) whether a relatively
small subset of the proposed metrics can be chosen in order to efficiently evaluate
maintainability (H4). The former of the two hypotheses has already been shown
to be valid based on the correlation and information gain studies and will be also
further evaluated in this study.
Predictive models are created to best predict the probability of an outcome based

on some prior observations. In this study, we will try to build predictive models
based on decision trees and logistic regression. These models take the structural
metrics of a feature model as input and try to find the most relevant value of main-
tainability for the given feature model. For building the logistic regression model we
have used the weka.attributeSelection.CfsSubsetEval package to elimi-
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Figure 5. The accuracy of the predictive models for analyzability.

nate the highly intercorrelated variables (metrics) from the model building process.
This variable selection package is based on the work by Hall and Smith [52].
The exact output that is required from the predictive model is the subjective

value for each of the subcharacteristics of maintainability. In other words, given
the structural metric values for a feature model, it is expected that the developed
predictive models are able to estimate the values for analyzability, understandability
and changeability (a value between 1 and 7).
We employ WEKA to train and test our predictive models. The models that are

developed are in the form of J48, ID3 and CART decision trees [53] and multinomial
logistic regression [54]. For each of the three subcharacteristics of maintainability,
one instance of each of the mentioned predictive models is developed (4 model types
× 3 characteristics = 12 predictive models).
In order to evaluate the developed predictive models, we employ two strategies,

namely mean absolute error and root mean squared error. These strategies are
commonly used in software engineering literature to evaluate the accuracy of the
developed techniques [55, 56, 57]. Both of the strategies are based on the estimation
error of the predictive models. The estimation error is based on the difference
between the actual value (εa) of the characteristic and the estimated value (εe).
The first error estimation strategy is Mean Absolute Error (MAE), which is the
average of the absolute error of the predictive model:

MAE =
1

n

n∑
i=1

|εai − εei | (1)
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Figure 6. The accuracy of the predictive models for understandability.

The second strategy is Root Mean Squared Error (RMSE), a quadratic scoring
form that estimates the average degree of error of a given predictive model:

RMSE =

√∑n
i=1(ε

a
i − εei )

2

n
(2)

These two strategies are often used together in the evaluation of a predictive
model to diagnose the variation in the errors of the model. A greater difference
between the values of MAE and RMSE shows a higher variance in the individual
errors. Both of these strategies are negatively-oriented in that lower values for MAE
and RMSE show a better performance for the predictive model.

Figures 5-7 show the degree of error in each of the predictive models. As it can
be seen, MAE is in the worst case less than 0.3 out of 7. We can find an upper
and lower bound on the accuracy of the predictive models. Since, the values of the
characteristics to be predicted are natural numbers from 1 to 7, the error of around
0.3 can either be rounded up to 1 for the worst case, or considered as-is for the best
case. If we consider the worst case, the accuracy of the predictive models will be
7−1
7 = 85%; however, for the best case, this is equivalent to 7−0.3

7 = 95% accuracy
for the predictive model. Even for the worst case, the accuracy rate of the predictive
models are quite high and supports our hypothesis that acceptable predictive mod-
els can be built from structural metrics in order to predict the subcharacteristics
of maintainability.
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Figure 7. The accuracy of the predictive models for changeability.

In addition, it is interesting to view the metrics that have been used in the struc-
ture of the developed decision trees. This would help us validate our conclusions on
the set of discriminatory metrics for evaluating maintainability of a feature model
made based on the correlation and information gain studies. The metrics that have
been automatically selected by the decision tree algorithms for predicting analyz-
ability, understandability and changeability are {NLeaf, NVC}, {NLeaf, FoC} and
{FoC, NLeaf, CC}, respectively. Based on these selected metrics, we can conclude
that the set {NLeaf, NVC, CC, FoC} is the sufficient subset of the proposed metrics
for evaluating maintainability. It is quite important to mention that this is exactly
the same set of metrics that was identified in the information gain and correlation
studies. We therefore conclude that these four metrics are the sufficient subset of
metrics to be used for predicting the maintainability of a feature model.

7. Discussions

In this section, we provide our analysis on the threats to the validity of our empirical
experimentations and will also provide some insight into the lessons learned from
these experiments.
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7.1. Threats to Validity

Empirical evaluation is always subject to different threats that can influence the
validity of the results. Here, we will discuss the threats to conclusion, construct,
internal and external validity. We will specifically refer to the aspects of our exper-
iments that may have been affected by these threats.

Conclusion Validity: Conclusion validity is the extent to which the conclusions
about the presence of a statistically significant relationship between the treatments
and the outcomes are valid. In our experiments, a limited number of data points
were collected due to our restricted access to appropriate participants that had
enough knowledge of software engineering within the area of software product lines.
In addition, only a small collection of publicly available software product line feature
models were at our disposal to be used. Among these feature models, many of them
were too small to be useful, and therefore, only fourteen feature models could be
used in our experiments. Although these numbers are comparable to similar studies
in the area of empirical software engineering [34, 37], they may pose threats to the
drawn conclusions. We are currently working on the collection of a larger set of
feature models and training of qualified participants to conduct a replication study.

Construct Validity: Construct validity is concerned with the extent that the in-
dependent and dependent variables provide accurate measurements of what they
are intended to measure. The dependent variables: analyzability, understandability
and changeability of a feature model were measured using the subjective opinion of
the participants. The threat posed by using subjective measurement mechanisms
is that different participants may have different attitudes towards the evaluation
of the dependent variables. For instance, some participants may be reluctant to
provide high subjective values to the options that they are evaluating, whereas the
others may have quite a different mind-set. In spite of this fact, this subjective
measurement does capture what it claims to measure, which is the degree of each
of the subcharacteristics of maintainability for a feature model from the perspec-
tive of modeling experts. Our main goal in this paper has been to correlate the
perceived subjective value of maintainability with the proposed metrics.

Another important issue that may impact construct validity is the use of a 7-
point Likert scale to gather the subjective opinions of the participants. As the
Likert scale is ordinal and therefore, provides only limited number of options to the
participants, it may not provide the participants with the capacity to express their
opinions in as precise manner as they would like to. However, despite this threat,
empirical research has shown that the best number of options for Likert scale is
between 4 and 7 [58]. This is because although more than 7 options will give better
psychometric properties, they are in many cases likely to exceed the discriminative
capacity of the participants. There are also additional threats to construct validity
as a result of using the Likert scale, which is due to the fact that Likert scale is
an ordinal scale. According to [59], there are three important threats caused by
ordinal scales: 1) the ordinal labels employed in ordinal scales such as the Likert
scale could be inconsistently interpreted by different users or even by the same user
under different circumstances; 2) many users treat ordinal scales as if they had the
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properties of ratio scales and hence could provide unreliable information; and 3)
the distance between the different labels of an ordinal scale is not deterministically
known and therefore clear comparison between the significance of various ordinal
labels could be hard for an ordinary user to do. For these reasons, it is important
to notice that the use of the ordinal Likert scale could have impacted the construct
validity of our experimentations.
Internal Validity: Internal validity is the degree that conclusions can be made

about the causal effect of independent variables on dependent variables. An inter-
nally invalid experiment can lead to results that are not necessarily inferred from
a causal relationship. For this reason, we investigate the following issues:

• Difference between subjects: In the study reported in this paper, there was no
significant difference between the experience of the participants in using soft-
ware product line feature models, due to the fact that all of them were Computer
Science graduate students that had taken at least one advanced software en-
gineering course. Therefore, error variance from difference between subjects is
kept to a possible minimum.

• Knowledge of the universe of discourse: Each of the feature models represented
different domains of interest. However, the models were simple enough to be
understandable by the participants. In addition, the participants were given
enough time (one week) and support to become familiar with the concepts in
each feature model. Hence, knowledge of the domain was not a significant
impacting factor in the study.

• Maturation effects: The experiments were performed in a limited time frame
of one week during which the participants did not become involved in any
other training exercises in the area of software engineering to minimize the
maturation/learning effect.

• Fatigue effects: The sessions held by the experimenters with each individual
participant to collect the subjective opinions was limited to one hour. Since the
participants are all Computer Science students and a usual lecture time is 90
minutes, the fatigue effect is not significant in this study.

• Persistence effects: The study was performed on subjects that had no prior
experience in participating in similar studies. Therefore, persistence effects
were avoided.

• Subject motivation: The participants were all graduate students and were there-
fore quite aware of the importance and impact of empirical evaluations for our
research. Furthermore, the experiments were done on a volunteer basis and it
is fair to assume that the participants were quite motivated to take part in the
study.

Plagiarism and influence were controlled by explicitly asking the subjects not
share any information about the study with each other until after the experiments
were concluded. Furthermore, the evaluation sessions were held individually for
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each participant with the presence of an experimenter. In addition, the use of the
7-point Likert scale in our experiments could have impacted the internal validity
of the experiments due to the discrete nature of this ordinal scale in capturing the
participants’ input.
The other operational aspect of our experiments that could impact validity is

related to how the subjective values were gathered from the participants: In order
to remove the rating bias in the subjective opinions of the participants, and also to
help the participants in the process, one of the experimenters was involved with the
participants while they were asserting their subjective opinions. This could have
a potential impact on the opinion of the participant and effect validity. Although
given the fact that the experimenters were unbiased towards the subjective opinions
of the participants, still they could have influenced the participants. We consider
removing this threat to validity in our future experiments.
External Validity: External validity is the extent that the obtained results of a

study can be generalized to the setting under study and other relevant research
scenarios. The results of a completely externally valid study can be generalized
and applied safely to the software engineering practice and be recommended as
blueprints. The following two issues were considered for external validity:

• Materials and tasks used: In our experiments, we tried to use the best quality
feature models that are publicly available to the research community. These
feature models cover a wide range of different domains and are representatives
of real world models. However, further empirical studies need to be conducted
on more complex feature models.

• Subjects: Due to the difficulty of gathering professional opinions about the sub-
characteristics of maintainability, we used Computer Science graduate students
in our studies. In our experiments, we do not particularly need a high level
of industrial experience to be able to complete the experiment. Furthermore,
authors such as Basili et al. [60] believe that in many cases, the use of students
in experiments has little impact on the validity of the results. However, further
experiments involving industrial professional subjects are needed to ensure the
external validity of our experiments.

Another threat to validity may be related to the tool that was used to work with
the feature models. In our experiments, we used the online feature model editor
provided by SPLOT [44]. It is possible that the results of the experiments were
effected by the usability of this tool that were used for the manipulation of the
feature models; however, since the tool was used by all the participants, we believe
that it possibly effected all of the participants in the same way. Unfortunately the
effect of this threat cannot be controlled by our experiments.

7.2. Lessons Learned

The process of the design and execution of the research work required for this paper
provided us with important insight into various aspects of performing empirical
investigation for the field of software product lines.
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The main challenge that we faced was with regards to access to a set of well es-
tablished and publicly available software product line feature models. Fortunately,
researchers at the University of Waterloo have set up a public repository (SPLOT)
where feature models can be shared. However, to date only a limited number of fea-
ture models have been shared which are mostly academic feature models that have
been designed for research purposes. It is important to gather industrial feature
models inside such repositories to strengthen future empirical studies and evalu-
ations. Our future steps will involve spending effort on collecting industrial scale
feature models.

Another issue was the need for objective mechanisms for measuring the value
of the dependent variable, i.e., the subcharacteristics of maintainability. Several
researchers have opted for using the time-to-complete the required tasks as an in-
dication of the dependent variable. This assumption has not yet been empirically
validated. Moreover, it seems that the time required for completing a task is de-
pendent on many contextual factors that might affect the construct validity of the
study. Our experience shows that although subjective opinions of the participants
are good measures of the dependent variable, still the use of objective measures
to second the obtained results is valuable. We believe that both theoretical and
empirical development of appropriate objective measures for the field of software
product line feature models is required.

The third important lesson learnt was with regards to the complexity of the struc-
tural metrics. Our intuition and the results of prior experimentations on software
metrics supported the idea that simple metrics perform quite well for indicating
external quality attributes. The results of the current study corroborated this fact
in that simple structural metrics are in fact quite useful. It is important to mention
that more complex metrics do not necessarily result in better software metrics, at
least for the area of software product line feature models.

An important additional observation with respect to the nature of the structural
metrics was also made. As was discussed earlier, the set {NLeaf, CC, NVC, FoC}
was identified to be the sufficient subset of the proposed metrics for evaluating
maintainability. These four metrics can be viewed in terms of the major charac-
teristics of a feature model, i.e., the number of features, and integrity constraints
in a feature model along with the proportion of optional features within the fea-
ture model and the number of possible configurations of the feature model are the
major influences on maintainability. This shows that as the number of features
and integrity constraints in a feature model increases and as a result the number
of possible configurations grows, the maintenance of the feature model becomes
harder; however, at the same time the existence of more optional features in the
feature model can alleviate this negative impact and hence enhance maintainability.
Therefore, NLeaf, NVC and CC on the one hand (negative impact on maintain-
ability), and FoC on the other hand (positive influence on maintainability), form
a balance over the maintainability of a feature model. The right balance between
these metrics should be found in order to have a maintainable feature model.

Overall, the results of the study show that we can reasonably claim that our
hypotheses have been confirmed. The main implication of this is that structural
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metrics can indeed be used as early indicators of maintainability as an external
quality attribute of software product line feature models. However, further exper-
imentation with industrial scale feature models and more participants is required
to fully verify the conclusions of our work.

8. Related Work

The major direction of research in software product line feature models has been
towards the development and validation of product configurations based on a given
set of stakeholder hard constraints [61, 62, 63, 64, 65]. Feature model configura-
tions have been often validated and verified using Logic Truth Maintenance Systems
(LTMS). Three of the most widely used methods in this context are Constraint Sat-
isfaction Problem (CSP) solvers [66], propositional SATisfiability problem (SAT)
solvers [63] and the Binary Decision Diagrams (BDD) [45]. Furthermore, Descrip-
tion Logic reasoners have also been employed to validate the structural correctness
of feature model configurations [67].

However, very limited research has been conducted in the area of software product
line quality engineering tasks such as defining quality metrics, evaluating external
and internal quality attributes and building predictive models for quality prediction
and maintenance. More specifically, only a few researchers have addressed the issue
of developing appropriate structural quality metrics for software product line feature
models. From among these few sets of quality metrics that have been proposed by
the researchers [32, 33], none of them has been considered and defined within the
premise of measurement theory. Therefore, the metrics that have been defined
seem to be rather ad-hoc in that they have not been analyzed in any way to show
whether they satisfy any of the important properties as required by a valid metric
definition like the DISTANCE framework nor have they been analyzed to show if
they have any interesting properties, e.g., properties proposed by other authors such
as Briand et al. [22] and Weyuker [68]. More importantly, the metrics in the related
work have not been analyzed with respect to their relationship with external quality
attributes and have just been proposed for the sake of measurement. Although such
an approach to the definition of software metrics creates a set of feature model
metrics, the metrics might not necessarily be useful measures for evaluating the
properties of the feature model, e.g., the external quality attributes of the model.

To the extent of our knowledge, SDMetrics [32] is the only available measurement
suite for feature models that provides a set of metrics based on the correspondence
that it creates between feature models and UML Class diagrams. It defines four
metrics based on object-oriented design measures to evaluate feature models, which
are essentially based on the McCabes Weighted Methods per Class (WMC) met-
ric. In another attempt [33], formal vADL specifications have been used to specify
and measure the quality of software product line architectures. This work has a
rather different flavor in that it considers the quality of software product line ar-
chitectures rather than our focus which is on software product line feature models.
In their work, the authors focus on architectural descriptions provided in vADL.
Since vADL is based on pi-calculus, its properties have been used to define a set of



34 BAGHERI & GASEVIC

metrics called PLA metrics such as similarity, variability, reusability and complex-
ity. Both of these two works lack the required theoretical rigor for their evaluation.
Furthermore, they have not been empirically studied to see whether any meaningful
correlation can be found between these metrics and external quality attributes.

The other work in software product line quality engineering is rather far from
the focus of our work. Some researchers have made a correspondence between
the need for quality engineering in software product lines and quality assurance
in software architectures. For instance, the Holistic Product Line Architecture As-
sessment (HoPLAA) is an adaptation of the Architecture Tradeoff Analysis Method
(ATAM) [69] for the area of software product lines [70]. As another example, the
authors of [71] have extended FeatuRSEB [72] with the quality attribute utility
tree introduced in ATAM [69]. Similarly, the FODA feature modeling formalism
[10] has been combined with the i* goal-oriented modeling framework [73] to form
the F-SIG framework to address quality attributes in feature models [74]. These
work only focus on architectural aspects of software product lines. This further
highlights the need for the kind of theoretical and empirical evaluation that we
have conducted in order to define appropriate software product line feature model
structural metrics and employ them as suitable early indicators of external quality
attributes. We believe that our proposed work can be seen as a first step towards the
much needed empirical research on the relation between feature model structural
metrics and external quality attributes. Here we have only studied this relation for
maintainability and its subcharacteristics.

9. Concluding Remarks

Software product line engineering is a paradigm for covering re-use based soft-
ware engineering through capturing the commonalities and variabilities between
the applications of a target domain. Feature models are one of the main means for
facilitating this process. Since feature models serve as a platform for deriving many
applications from a software product line, their quality influences the final proper-
ties of the developed applications. Therefore, it is important to consider ensuring
the quality of feature models from the early stages of their development. To serve
this purpose, our current work builds on the hypothesis that the structural mea-
sures of a model influence its cognitive complexity, which will in turn have impact
on the its external quality attributes.
For this reason, we have proposed and both theoretically and empirically validated

a set of structural feature model metrics. We have analyzed the suitability of these
metrics for the purpose of serving as early indicators of maintainability. Based
on our empirical study, a sufficient subset of metrics have been identified that are
directly correlated with maintainability and its subcharacteristics, which can be
hence used as suitable indicators.
We are currently working on improving the complexity of the feature models used

in our study a long with training more participants in order to perform further
replication studies. Like any other empirical study, further experimentations are
required to validate our results and draw final conclusions.
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The other direction of future work that we are interested in studying is the em-
pirical exploration of the possible corrective actions that experienced feature model
designers take once they encounter a feature model with poor maintainability. As
a part of our work, we will provide a group of feature model designers with a set of
poor maintainability feature models and ask the designers to take corrective steps,
e.g., refactor the feature model, remove some redundant features or constraints,
among others. These steps will be observed, recorded and analyzed in order to
find the best actions for different situations for improving the maintainability of
a feature model. Given our current work that provides the basis for identifying
feature models with poor maintainability, it is possible to identify the objects of
analysis for this line of future work and perform further empirical experiments. An
alternative to this approach would be to analyze a change history of the feature
models similar as it is done in the related areas [75]. Unfortunately, this can hardly
be done due to lack of public repositories of feature models with a complete revision
history.
In both of these lines of future work, we will consider removing the threats to

validity that was discussed in this paper as much as possible. Specifically, we are
redesigning the experimental setting to minimize the influence of the experimenters
on the subjective opinion of the participants.
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