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ABSTRACT

Feature-centric comprehension of software is a prerequisite
to incorporating modifications requested by users during
software evolution and maintenance. However, feature-
centric understanding of large object-oriented programs is
difficult to achieve due to size, complexity and implicit cha-
racter of mappings between features and source code. In this
paper, we address these issues through our unified approach
to feature-centric analysis of object-oriented software. Our
approach supports discovery of feature-code traceability
links and their analysis from three perspectives and at three
levels of abstraction. We further improve scalability of anal-
ysis by partitioning features into canonical groups. To dem-
onstrate feasibility our approach, we use our NetBeans-
integrated tool Featureous for conducting a case study of
feature-centric analysis of the JHotDraw project. Lastly, we
discuss how Featureous supports program comprehension
by means of concrete cognitive design elements.
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1. INTRODUCTION

There exists a difference between a user’s and a program-
mer’s viewpoints on software. While a user perceives pro-
grams through their observable features, a programmer is
primarily concerned with the underlying implementation. In
other words, software users operate in a program’s problem
domain, whereas software programmers operate in a pro-
gram’s solution domain [1]. This duality is desired, as it
allows parties to focus on their respective aspects of interest
in a program. However, the sharp distinction between users,
as operating in the problem domain, and programmers, as
operating in the solution domain, does not always hold.
When modifying software, developers need to relate
the task descriptions (e.g. functional requirements, change
requests, error reports) that users formulate in terms of fea-
tures in the program’s problem domain [1] to their respec-
tive realizations in the program’s solution domain (i.e.
source code). That is, developers need to establish mental
mappings between a program’s observable features and their
implementations in source code [1]. Understanding such
mappings is a key factor during software evolution and
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maintenance [2][3], since it is a prerequisite to feature-
centric program modification [2], error correction [4][5] and
derivation of new features from the existing ones.

In case of object-oriented programs, relating features to
their implementations is, however, a difficult task, as object-
oriented programming languages provide no means for ex-
pressing features explicitly. In object-oriented programs,
features are implemented implicitly as inter-class collabora-
tions crosscutting not only multiple classes but also multiple
architectural units [6], e.g. layers in layered architectures
[7]. This physical tangling and scattering of features over
several source code units makes their implementations diffi-
cult to identify and understand [1][8].

In face of a lack of one-to-one correspondence between
features and structure of object-oriented programs, feature-
centric analysis [9] is needed in order to support feature-
centric understanding. It is important that feature-centric
analysis provides means for coping with the inherent com-
plexity of feature-code mappings, so that it scales with re-
spect to the number of a program’s features and the size of a
program’s codebase. Finally, such a feature-centric analysis
approach requires appropriate tool support to guide compre-
hension in a systematic fashion, automate repetitive calcula-
tions and ensure reproducibility of the process.

In this paper, we aim at providing scalable feature-
centric analysis of object-oriented programs. We do this by
introducing our feature-centric analysis tool called Feature-
ous. The analytical framework behind Featureous provides
three complementary perspectives on feature-code traceabil-
ity links, which allows us to decouple investigations of the
complex many-to-many feature-code relations into investi-
gations of several one-to-many mappings. In order to con-
trol the amount of information presented to an analyst, we
allow the perspectives to be examined at three levels of ana-
lytical abstraction. The scalability with respect to number of
features is achieved through partitioning features based on
canonical features, whereas scalability with respect to code-
base size is supported by adjusting levels of computational
units’ granularity, i.e., package vs. class scope. Featureous,
implemented as a plug-in for the NetBeans IDE [10], can be
obtained from our web site [11], thereby allowing for repli-
cation of the analytical procedures described in this paper.

In order to demonstrate usage of our approach we pre-
sent a case study of applying feature-centric analysis to the
JHotDraw project [12]. Apart from demonstrating applica-
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bility of our approach, we use this case study for discussing
the details of our approach. Lastly, we evaluate the support
of our approach for program comprehension with respect to
the cognitive design elements defined in [13].

The remainder of this paper is organized as follows. In
Section 2, we present the state of the art on which we base
our approach. In Section 3, we give a high-level overview of
our approach to feature-centric analysis. In Section 4, we
discuss the elements of our approach through their applica-
tion in the JHotDraw case study. In Section 5, we evaluate
the support for program comprehension in our approach.
Finally, Section 6 summarizes and concludes the paper.

2. STATE OF THE ART

Feature-centric analysis supports understanding of object-
oriented software by considering features as first-class
analysis entities [9]. One of the basic elements of feature-
centric analysis is the bi-directional traceability links be-
tween features and object-oriented source code. As these
links are often not easily deductible from legacy source
code, they need to be discovered. This is done through fea-
ture location [14], which is a concrete example of the prob-
lem of concept assignment [15]. Feature location can be
based on a diverse methods and data sources, ranging from
static program analysis [16] to dynamic analysis and rank-
ing heuristics [17]. The tradeoffs between different feature
location approaches are: the set of required artifacts, level of
automation, accuracy, reproducibility and availability of
run-time-specific information (i.e. resolution of polymor-
phic invocations, branch conditions and object co-usage).

Making the feature-code traceability links explicit
through visualization is known to improve the programmers’
ability to discover classes implementing a given feature, as
well as features being implemented by a given class
[SI[18][19]. Yet, the wide body of evidence from tools not
related to features suggests that enriching traceability visu-
alizations with more sophisticated analysis mechanisms
brings additional comprehension improvements [20][21][4].

By analyzing the established traceability links, it is pos-
sible to characterize features in terms of classes and charac-
terize classes in terms of program features [22]. These char-
acterizations can be used to investigate inter-feature rela-
tions in terms of implementation overlap [22]. Furthermore,
the static characterization based on classes can be comple-
mented by dynamic views based on usage of concrete ob-
jects by executing features. This allows for examining run-
time inter-feature dependencies.

The information contained in feature-code traceability
links can be summarized by the usage of appropriate soft-
ware metrics. The approaches described in [23][24] have
recognized applicability of the metrics traditionally associ-
ated with the separation of concerns to analyzing features.
The two metrics proposed in [23] - scattering and tangling -
assess quantitatively the complexity of the relationships
between features and computational units.

As programming languages allow for representing pro-
grams at multiple units of granularity of source code (e.g.

methods, classes, packages), features can also be repre-
sented at a higher-level granularity by using canonical fea-
tures [25]. The canonical-features approach reduces the
number of features under analysis by finding features whose
implementations are representative to a number of other
features. This technique was shown to improve comprehen-
sion of feature-rich object-oriented software [26].

Summing up, the existing approaches define a set of di-
verse methods for feature-centric analysis. Yet there is no
common point of view on how they can be integrated to
facilitate scalable feature-centric comprehension.

3. UNIFIED APPROACH TO FEATURE-CENTRIC
ANALYSIS

Feature-centric analysis operates on the traceability links
between features and object-oriented source code. For estab-
lishing this traceability, our approach relies on the semi-
automatic feature location mechanism defined in [27]. This
mechanism uses dynamic analysis to discover the mappings
between features and their corresponding classes, objects
and methods. After a list of a program’s features is recov-
ered from its documentation, or its graphical user interface,
each feature needs to have its feature entry points manually
annotated in the source code. Feature entry points are the
methods through which a program’s control flow enters im-
plementations of a feature. Annotated program is then trans-
parently instrumented with a tracing aspect in order to col-
lect the methods, classes and objects used by features exe-
cuted at a program’s run-time. After features are triggered in
the user interface of the instrumented program, the informa-
tion is then saved in form of feature-trace files, which serve
as an input to further analysis.
Computational-unit perspective
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Figure 1. Perspectives on feature-code traceability links
(based on [22]).

The relations between features and computational units
are in general of the type many-to-many. An example of
such relations is depicted in Figure 1, where a class exists
that contributes to multiple features as well as a feature that
is being implemented by multiple classes. The complexity
of these mappings is caused by coexistence of the interleav-
ing problem [28], which is caused by tangling of feature
implementations in terms of computational units, and the
delocalized plans [29], which are caused by scattering of
feature implementations among multiple computational
units. Therefore, we propose to reduce comprehension effort



of many-to-many mapping between features and code by

decomposing it into two one-to-many mappings. We do that

by adopting the three complementary analytical perspectives

on feature-code relations first defined in [22][9].

The perspectives shown in Figure 1 are defined as:

o  Computational-unit perspective shows how computa-
tional units, like packages and classes, participate in
implementing features [22].

e  Feature perspective focuses on how features are im-
plemented. That is, it describes features in terms of
their usage of a program’s computational units [22].

e Feature-relations perspective focuses on inter-feature
relations deduced from the feature-code mapping [9].
However, after decomposing the many-to-many fea-

ture-code correspondence, there still remains the issue of a

mapping’s size dependence on a number of features and

computational units. In order to improve this situation, we
propose to partition features around their respective canoni-
cal features [25]. A canonical feature is a feature that is rep-
resentative to implementations of a number of other fea-
tures. Therefore, usage of canonical features reduces the
number of features under investigation with only minimal
loss of information. Thus, it reduces the comprehension
effort, as compared to traditional approaches [26].
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Figure 2. Adjustable granularity of traceability links.

To incorporate this method, our approach provides sup-
port for computing canonical features and grouping the re-
maining features around them into feature partitions [25]. As
depicted in Figure 2, the partitions can then be treated as
first-class analysis entities. It is possible to investigate a
feature partition as a single analysis unit, as well as to ana-
lyze its internal features. As this mechanism can be applied
recursively, it improves the scalability of our feature-centric
analysis. In addition, we support adjusting the granularity of
computational units to classes, alternatively or packages.

The separation of analytical concerns in terms of three
analytical perspectives viewed at adjustable levels of granu-
larity is complemented by a support for comprehension at
multiple levels of abstraction within each of the three pers-
pectives. The purpose of providing stratified levels of ab-
straction is to focus the analysis process by limiting the
amount of information presented simultaneously. This al-
lows for investigating the complexity of a program’s fea-
tures in an incremental fashion at three abstraction levels:

e Characterization level shows high-level diagrams,
which summarize the overall program complexity in the
context of each analytical perspective.

e Correlation level refines the high-level characteriza-
tions into detailed correlations between features, com-
putational units and objects.

e Traceability level provides navigable bi-directional tra-
ceability links between features and source code.

The division into three perspectives, three levels of ab-
straction and adjustable granularities constitutes the high-
level structure of our unified approach to feature-centric
analysis. Figure 3 presents the three analytical perspectives
as vertical divisions and the three levels of abstraction as
horizontal layers. The third axis represents granularity of
feature partitions and computational units. Organizing our
approach into the presented structure not only separates ana-
lytical concerns, but also helps guiding the comprehension
process in a systematic fashion [30].
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Figure 3. Proposed separation of analytical concerns.

Together, the three analytical perspectives and the three
levels of abstractions contain five analysis elements. These
elements provide the concrete means for performing feature-
centric investigations of object-oriented software in terms of
a given perspective and at a given level of abstraction within
the analysis process. An overview of how this conceptual
framework is realized in our tool Featureous is shown in
Figure 4. Following, we describe each of these elements
briefly, whereas their detailed descriptions are postponed to
the running example in the next section.
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Figure 4. Feature-centric views in Featureous.



Computational-unit characterization (marked as A in
Figure 4) gives a high-level summary of a program’s classes
with respect to their participation in feature implementa-
tions. This element combines the affinity-colored class cha-
racterization view computed from a number of feature me-
trics [22] with a measure for tangling of features in terms of
computational units [23].

Feature characterization (B) allows for assessment of
the distribution of feature implementations over affinity-
colored computational units. This element integrates the
feature-characterization view [22] with a measure for scat-
tering of feature implementations among a program’s com-
putational units [23].

Feature-relations characterization (C) provides high-
level information about dynamic and static dependencies
between feature implementations. This element consists of
two complementary views: the feature-interaction graph
[31] for assessing dynamic (instance-based) inter-features
relations and the feature-implementation-overlap graph that
we propose to be the static counterpart of the feature-
interaction graph. The relations in both graphs are depicted
using an affinity-coloring scheme.

Correlation (D) element allows for detailed investiga-
tion of the correspondence between affinity-colored compu-
tational units, objects and features. This element offers both
a matrix-based and a graph-based visualization. A correla-
tion matrix is formed as a combination of the feature-class
correlation matrix [22] and feature-interaction grid [31],
allowing for a direct comparison between static and dynam-
ic inter-feature relations. This representation is comple-
mented by the affinity-colored feature-implementation
graph [22]. The correlation element is common to all three
analytical perspectives in our approach.

Traceability (E) element provides navigable bi-
directional traceability links between features and concrete
fragments of a program’s source code. This allows for fine-
grained reasoning about how code implements features, how
features use the code and how features relate to each other
in terms of concrete code statements. The first mechanism
employed by this element is the feature inspector that pro-
vides a navigable traceability from features to source code.
The second mechanism is the coloring of source code in the
NetBeans’ editor that characterizes individual fragments of
source code by affinity coloring and the names of their cor-
responding features. The traceability element is common to
all three analytical perspectives.

4. CONDUCTING FEATURE-CENTRIC ANALYSIS

In this section, we use a case study to explain our approach
in detail. We do that by presenting an example of applying
our approach in a scenario of top-down comprehension. The
case study being discussed is a feature-centric analysis of a
program built on top of the JHotDraw 7.2 framework called
SVG [12]. The program consists of 62K lines of code and
contains a significantly high number of features for the case
study to be considered a realistic application. It is worth
mentioning that prior to conducting this case study we had

no significant exposure to the design and implementation
details of SVG.

As a prerequisite to conducting feature-centric analysis
of SVG, we have located implementations of its features in
the source code. Since appropriate documentation of pro-
gram functionality was not available, we have had to dis-
cover the features. We have inspected elements of SVG’s
graphical user interface (in particular: the main menu, con-
textual menus and toolbars) in order to enumerate available
user-triggerable behaviors. For all the 29 features discov-
ered, we have marked SVG’s source code with 91 feature-
entry-point annotations in order to apply the feature-location
approach defined in [27]. We have found it necessary to
annotate more than one feature entry point per feature due to
multiple possible ways in which a feature can be triggered
(e.g. the ‘basic editing feature’ can be triggered both by in-
voking ‘copy’ and ‘paste’ commands in SVG’s main menu).
Finally, we have produced feature traces of the discovered
features, by manually triggering them at run-time in SVG
program instrumented with the feature-tracing aspect [27].

In the following analysis, we start out by investigating
SVG on the highest level of abstraction and incrementally
explore more details as the analysis progresses to the lower
levels. In order to keep the scope of the discussion manage-
able, we analyze only single examples of canonical features,
features, inter-feature relations and classes. This enables us
to present our approach without going too much into the
details of the internal workings of SVG.

4.1 Computational-Unit Characterization

We begin the feature-centric analysis of SVG by investigat-
ing a high-level summary of how classes participate in im-
plementations of features. This is done through visualizing
all of the program’s classes, or alternatively its packages,
and characterizing their contribution to program features.
This contribution is indicated qualitatively by coloring of
the affinity categories [22] as well as quantitatively by a
measure of the tangling [23] of features in terms of compu-
tational units. Depending on the level of participation in
implementing features, the three affinity categories deter-
mine whether a computational unit is an infrastructural unit
(used by more than 50% of features), a group-feature unit
(used by more than one, but less then 50% of features), or a
single-feature unit [22]. The affinities are represented by
their respective colors: green, blue and red [22]. We enhance
the original representation of affinities by using the shades
of affinity colors to show how strongly a computational unit
belongs in an affinity category. The darker the shade of its
affinity color, the more features a computational unit be-
longs to. Together with the shape of the tangling measure’s
distribution, the affinity coloring indicates the level of reuse
of computational units across features. The names of indi-
vidual computational units can be displayed in the plot as
tooltips by placing the mouse pointer over the computa-
tional unit. This view serves as a coarse-grained complexity
indicator for understanding how a program’s computational
units are used by features.
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Figure 5. Class characterization of SVG.

The characterization of SVG’s classes, shown in Figure
5, indicates that majority of the classes of SVG participate
in implementations of more than one feature. The high level
of tangling of features in terms of classes indicates that a it
would be difficult to modify features of SVG in isolation
and a substantial effort would be needed to ensure that mod-
ifications to classes do not affect the correctness unintended
features. The high degree of implementations sharing be-
tween features, at this point in the analysis, indicates that the
architecture of SVG was not designed with separation of
feature implementations in mind. Furthermore, it hints that
some of the features of SVG are closely related and possibly
implemented as variants of each other.

4.2 Feature Characterization

The feature-characterization element is based on feature
characterization view [22], which is a bar chart summarizing
implementations of features in terms of their contributing
computational units. We represent each feature by a separate
bar, whose height indicates the scattering [23] of a feature
over computational units. The coloring of bars shows the
distribution of the computational units within the affinity-
based categories [22]. The names of the computational
units, i.e., classes or packages, can be shown as tooltips. The
coloring scheme of the affinity-based categories is the same
as the one used in the computational-unit characterization
element. In addition, this information is shown within bars
also as a distribution profile plot. This fine-grained informa-
tion on the characterization of contributing computational
units gives an impression on how difficult it would be to
change the implementation of a given feature without affect-
ing the rest of a program’s functionality. I.e. changing a red-
colored unit will only affect the feature itself, whereas
changing green or blue units will affect other features as
well. Lastly, the feature bars are sorted by the values of scat-
tering in order to focus the analyst’s attention on the features
whose relation to code is most intricate.

The concrete results of feature characterization obtained
for SVG are shown in Figure 6. It can be seen that there
exists a high degree of code sharing among the features of
SVG. The features contain relatively small amounts of fea-
ture-specific classes, and most of the code is shared in terms
of group-feature classes, rather than the infrastructural
classes. Interestingly, there exist features that contain no

feature-specific classes. As we shall see in the next subsec-
tion, this observation supports our earlier hypothesis about
the existence of a number of features that are possibly im-
plemented as variants of each other.
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Figure 6. Feature characterization of SVG in terms of
classes.

4.3 Partitioning Features

In order to group highly-related features together, our ap-
proach supports computation of canonical features [25] and
their usage as centroids for grouping features into partitions.
Partitioning based on canonical features not only reduces
the amount of information simultaneously presented to an
analyst [26], but also allows for localized reasoning about
inter-feature relations in individual feature partitions.

Our approach supports automatic creation of feature
partitions in terms of canonical features, while allowing for
arbitrary manual modification of the resulting partitions into
alternative hierarchies. For computing canonical features we
have made the following implementation decisions. The
similarity matrix [25], which is necessary for calculating
canonical features, is constructed using the Jaccard’s meas-
ure of inter-method call-edge similarity [25], since the com-
pact nature of gathered feature traces does not allow for
using the graph-matching technique described in [25].
Based on the similarities, we find the canonical-feature set
by using the criteria of minimal similarity among features in
the set and maximal similarity between the features in the
set and the features outside the set [25]. This is performed
by using a genetic algorithm [32] (we use binary encoding
of chromosomes for representing status of canonical-
feature-set membership of features) to optimize the set ac-
cording to the mentioned criteria. Lastly, we iteratively as-
sign features to feature partitions based on their Jaccard
similarity to the partitions’ canonical centroids.

Figure 7 shows how the 29 features of SVG have been
arranged around canonical features to establish 8 feature
partitions. The relatively high degree of grouping of the
SVG’s features supports our observations of the high num-
ber of highly-related features that are possibly variants of
each other.
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Figure 7. Partitioning features based on canonical centroids.

Interestingly, a vast majority of the features belonging
to each of the eight feature partitions are not only related by
overlap in implementation, which is the reason for their co-
membership in feature partitions, but also related semanti-
cally. The property of semantic coherence of feature parti-
tions is important, as it allows treating feature partitions
themselves as features. Such higher-order features can then
be used as a useful abstraction mechanism, because they
make it possible both to understand the meaning of feature
partitions in terms of a program’s domain (semantic cohe-
rence property) and reason about feature partitions in isola-
tion (low inter-partition overlap property).

4.4 Revisiting the Characterization Views

The initial assessment of the feature characterization and the
computational-unit characterization allowed us to recognize
a need for partitioning features. Since feature partitions be-
came the new first-class analysis entities, we need to revisit
the mentioned characterization elements.

Scattering

o
o Feature

Figure 8. Class (a) and feature (b) characterizations after
partitioning features into canonical features.

A comparison between Figure 8 and Figure 6 reveals
that the introduction of feature partitions helped to re-
classify most of the group-feature classes as infrastructural
or single-feature classes. This transition indicates that func-
tionality in SVG is implemented around a core that forms a
common base for implementing features [1]. Equally impor-
tant, the decrease of the information amount and the simpli-
fication of relations between features improve focus and
reduce effort of further analysis.

At this stage, we use the two characterization diagrams
to define the focus of further investigations. We choose the
‘Group of text area tool’ feature partition (the most scattered
feature partition) and the org.jhotdraw.draw.AbstractFigure
class (the most tangled class).

4.5 Feature-Relations Characterization

Summarizing the inter-feature relations in feature-relations
element is done through two views, addressing both the dy-
namic and the static aspects of these relations.

The first view — feature-interaction graph [31] - charac-
terizes how features depend on each other with respect to
instantiation of classes and how they interact at run-time by
sharing objects. Features, denoted as vertices, are connected
by dashed edges in case of common usage of objects at run-
time. A directed, solid edge is drawn if a pair of features is
in a producer-consumer dependency relation, meaning that
objects that are instantiated in one of them are used in
another. The edge is directed according to the UML conven-
tions, i.e. towards the producer.

The second view characterizes the static inter-feature
relations. In this, we summarize the sharing of classes be-
tween feature implementations. Relations are depicted as
undirected edges between feature vertices. This view com-
plements the feature interaction graph for cases where static
relations do not result in dynamic relations between fea-
tures. One instance of such a case is static methods (since
static methods are not executed on the class instances, but
on classes themselves); another is two features that use dis-
joint sets of instances of a class.

For both views, we propose that the thickness of an
edge reflects the number of shared instances/classes — the
more instances/classes shared, the thicker the edges. Fur-
thermore, we define the color of an edge as the mean value
of the affinity colors of the classes whose objects contribute
to the edge’s relation. The amount of data shown in a graph
can be limited by selecting a subset of features and again
narrowed further by setting an object/class-count threshold
for hiding weak relations.

The two graphs in Figure 9 show the dynamic and static
relations between features contained in the ‘Group of text
area tool’ partition. At the same time, these diagrams present
an important feature of the Featureous tool — the ability to
operate on contents of the established partitions. Although,
we present this in the context of the feature-relation dia-
grams, an adjustable feature-partition focus is available for
all analysis elements of our approach. On-demand switching



between multiple levels of features’ granularity of chosen
feature partitions is aimed at enabling partial comprehen-
sion, which is known to be important when working with
legacy code [33]. Finally, to denote the relations between a
partition’s internals and externals, all the features not con-
tained by a partition are summarized as one artificial ‘[ex-
ternals]’ feature.
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Figure 9. Characterization of (a) dynamic and (b) static
inter-feature relations in the ‘Group of text area tool’.

The particular inter-feature relations in SVG, shown in
Figure 9, reveal that there exists external dependence on
instances created by both the ‘text area tool” and the ‘selec-
tion tool’ features. Especially, the ‘selection tool’ feature
seems to be a producer of a significant number of objects
that are then used by both the ‘text area tool’ and other fea-
tures of SVG. Static relations inside the focused partition
reveal an interesting situation — the ‘selection tool’ feature is
more related to the rest of SVG’s features than to its canoni-
cal feature. We hypothesize that this is due to the ‘selection
tool’ feature’s importance in implementing a number of oth-
er features in SVG, since almost any manipulation of figures
on canvas requires manipulation targets to be selected. From
a closer investigation, it turns out that the ‘selection tool’
contributes, among others, to: ‘basic editing’, ‘path editing’
and ‘automatic selection’.

4.6 Correlation

The correlation element refines the information provided by
the characterizations of computational units, features and
inter-feature relations. This element consists of a correlation
matrix and a correlation graph.

The correlation matrix is based on the feature-class cor-
relation [22] and the feature-interaction grid [31]. The ma-
trix associates features, computational units and objects us-
ing the established affinity-coloring scheme. The arrows
drawn on top of the matrix denote instantiation and usage of
the classes’ instances. The sorting of the matrix’s rows and
columns resembles the arrangement of analysis units in the
feature-characterization and computational-unit-
characterization charts.

Shown in Figure 10a, the correlation between features
and classes of SVG reveals new insights into the role of the
AbstractFigure class in both features of our focus partition.
The ‘text area tool’ feature instantiates the AbstractFigure
class, whereas the ‘selection tool’ feature uses the created
instances. Most likely, this is due to the creation of text area
figures on SVG’s canvas by the ‘text area tool’ feature.

These figures are then selected in order to move them, edit
their attributes etc.
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Figure 10. Correlation views: (a) excerpt from the
correlation matrix, (b) feature-package-correlation graph.

The second view of the correlation element, shown in
Figure 10b, is based on the feature-implementation graph
[22], but here enhanced with affinity coloring. The purpose
of this view is to simplify the reasoning about relations be-
tween feature classes in the correlation matrix. Selecting a
feature-vertex in the graph, highlights its relations with oth-
er features in terms of concrete computational units. The
highlighting algorithm is based on code sharing, or alterna-
tively on instance sharing (dynamic inter-feature relations).
Apart from simplifying the reasoning about the data con-
tained in the correlation matrix, this view can be used as a
heuristic for visualizing likely paths of change propagation
during feature-centric program modification. However, in
the present case study, we have no need for applying this
view, since the chosen subset of features and classes was
sufficiently small to be fully examined directly from the
correlation matrix.

4.7 Traceability

Using the traceability element from the traceability abstrac-
tion level of our framework, we investigate the bodies of
individual classes and methods in SVG’s source code. Bi-
directional, navigable traceability links between features and
source code are provided by two mechanisms: the feature
inspector and the editor coloring.

The feature inspector’s window, depicted in Figure 11a,
contains a hierarchy of nodes symbolizing the packages,
classes and methods that implement a feature. The nodes
symbolizing classes and methods can be used for automatic
navigation to their corresponding source-code fragments in
the NetBeans editor. The methods annotated as feature entry
points [27] are marked in the hierarchy tree by a distinct
icon, due to their special role in implementations of features.
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fireFigureidded();
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Figure 11. Traceablity views: (a) navigable feature
inspector and (b) editor coloring.



The Featureous plug-in enhances the default code editor
of the NetBeans IDE to provide feature-centric information.
Figure 11b shows how Featureous uses color bars to visual-
ize the affinity of the viewed methods and classes. The bars
allow for immediate assessment of source code with respect
to its participation in implementing features. Hence, the
functionality provided by the editor coloring not only sup-
ports understanding of source code in terms of the features it
implements, but also simplifies the reasoning about possible
consequences of source-code modifications on the correct-
ness of a program’s functionality. Furthermore, logical tra-
ceability from source code to concrete features is provided
in the form of tooltips, listing the features in which a class
or method participates, that are associated with the color
bars.

The feature-centric analysis of the AbstractFigure at the
correlation level revealed a number of important details.
AbstractFigure, being a class that provides base implemen-
tation of figures in SVG, is used by most of SVG’s features.
Yet, there exist methods that are used exclusively by the
‘selection tool’ feature. These methods deal with selection-
specific functionalities, like handling mouse events, drag-
ging figures, getting a list of available figure’s actions, etc.
The presence of selection-specific methods in a base class
suggests that the implementation of selection mechanisms
was decided to be added to the core of SVG. We reckon this
is due to selection being a mandatory building block for a
number of other features.

Another interesting observation is that the three most
widely shared methods are concerned with notifying a fig-
ure’s observers about invalidation of a figure’s area. This
indicates that this responsibility is not local to a single fea-
ture, making these notifications a concern that crosscuts
implementations of multiple features in SVG.

Finally, yet importantly, we have discovered an interest-
ing source comment preceding the method that registers a
figure’s observers. This comment is a list of names of
SVG’s functionalities: “drawing”, ‘“shape and bounds”,
“attributes”, “editing”, “connecting”, “composite figures”,
“cloning”, “event handling”. These names resemble closely
the names of SVG’s features. We reckon that this comment
is a trace of the developers’ knowledge of features that ob-
serve figures. Using the code coloring tool, we have found
that this method was, indeed, used by features that corres-
pond to the listed names. This comment-based ad hoc me-
thod for capturing feature-code correspondence used by
developers of JHotDraw sharply shows the need for explicit
representation of traceability links between feature and
source code.

4.8 Summary of the Case Study

In the presented case study, we have conducted a feature-
centric analysis of the JHotDraw application SVG. Applica-
tion of our feature-centric approach allowed us to under-
stand selected aspects of feature-code mapping in the SVG
application. Our experience is that the hypotheses and ob-
servations made were useful for understanding SVG from

feature-centric point of view and they provide a good start-
ing point for modifying or correcting a feature, implement-
ing new features as variants of the existing ones, or refactor-
ing of feature implementations in order to improve their
separation in the source code. To generalize these observa-
tions with respect to other subject programs, a larger num-
ber of software developers and various types of software
modification tasks, we plan to conduct a more extensive
empirical evaluation in our future work.

5. SUPPORT FOR PROGRAM COMPREHENSION

In this section, we evaluate our approach’s support for fea-
ture-centric comprehension. We do this by assessing our
NetBeans plug-in Featureous in terms of its support of cog-
nitive design elements for constructing mental models dur-
ing software visualization [13].

The taxonomy of cognitive design elements presented
in [13] is defined in terms of a hierarchy. At the top-most
level, the hierarchy divides the cognitive design elements
into two categories: improving program comprehension and
reducing the maintainer’s cognitive overhead. At the current
stage, where the core structure of our approach has been
established, but minor adjustments in visualization tech-
niques are expected to be introduced as Featureous evolves,
we find it most relevant to evaluate our tool against the first
category of cognitive elements. This evaluation is summa-
rized in Table 1.

Table 1. Support for cognitive design elements.
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Cognitive design elements for improv-
ing program comprehension
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Bottom-up comprehension, which we have left out from
our case study, involves investigating a program’s source
code in order to incrementally build high-level abstraction
(being either structural abstractions, or functional abstrac-
tions), until program understanding is achieved [13]. The
traceability element of our approach plays an important role
in this comprehension strategy as it allows expressing con-



crete source-code statements in the context of features as
well as features in terms of source-code statements (E1).
Reduction of delocalized plans (E2) is supported two-fold.
Firstly, from the point of view of source code units, features
are delocalized plans. A reduction of this effect is done by
explicit visualization through the editor coloring. Secondly,
from the point of view of features as first-class analysis enti-
ties, a program’s computational units are delocalized plans.
This, in turn, is handled by the feature inspector. Finally,
bottom-up comprehension requires a support for building
high-level abstractions from already-comprehended lower-
level entities (E3). In our approach, we support this by sup-
porting adjustable granularity of computational units and
manual partitioning of features into arbitrary hierarchies.
Here, grouping of features into partitions helps not only to
improve scalability of our approach with respect to the
number of features, but also in an important mechanism for
composing features into higher-level abstractions.

Top-down comprehension requires application of do-
main knowledge or a previous exposure to a program, based
on which goals and hypotheses can be formulated to drive
the comprehension process [13]. In the course of the analy-
sis, these goals and hypotheses are refined into sub-goals
and sub-hypotheses as the analysis progresses from higher
levels of abstraction to the more detailed ones. Featureous
does not provide any mechanisms for managing and docu-
menting goals and hypotheses (E4) that an analyst may de-
velop. This, however, does not prevent goal-driven and hy-
pothesis-driven usages of our approach. As we have pre-
sented in our case study, top-down analysis is possible as
long as the analyst himself keeps track of the aims of the
investigations. Since the hypotheses need to be refined and
concretized, our approach supports viewing programs at
multiple abstraction levels (E5). This is done in terms of
characterization, correlation and traceability levels of ab-
straction. These three levels can be used to match the level
required for evaluating a given goal or hypothesis. If an
evaluation cannot be made due to a too high level of ab-
straction, a goal or a hypothesis needs to be decomposed
into separately-analyzable sub-parts that can be evaluated on
the lower levels of analytical abstraction.

Finally, the integration of bottom-up and top-down ap-
proaches is motivated by the observation that programmers
tend to alternate between these two comprehension strate-
gies in an as-needed fashion [13]. This is due to a need for
creating multiple mental models (E6) that can be switched
during software comprehension. Our approach provides
support for multiple mental models through the computa-
tional-unit perspective (which corresponds to the program
model from [13]), the feature perspective (the situation
model in [13]) and the feature relations perspectives (also
situation model). In terms of individual perspectives, mental
models are facilitated by viewing source code in terms of
features, features in terms of code, viewing run-time infor-
mation about usage of class instances by features, feature
metrics and affinity coloring. It is interesting that our fea-
ture-based approach supports usage of the domain mental
model [13]. As features represent functional concepts from a

program’s domain, feature-centric analysis allows for under-
standing source code in terms of a program’s domain, thus
supporting the construction of domain mental models. To
enhance alternation between the supported mental models
(E7), Featureous provides three mechanisms for model
cross-referencing. These are the correlation element, affinity
coloring and identifiers of features and computational units.
The correlation element supports relating the three perspec-
tives to each other. Affinity coloring allows for relating all
analysis elements to the characterization of computational
units. Identifiers of feature and computational units cross-
reference the three abstraction levels as well as the three
perspectives of our approach.

Based on the soundness of the presented argumentation,
we claim that the structure of our approach supports the core
cognitive design elements required by the bottom-up, top-
down and as-needed comprehension strategies. This is an
important property with respect to an applicability of the
feature-centric analysis during software evolution and main-
tenance, since diverse nature of program-modification tasks
creates need for multiple comprehension strategies [34].

6. CONCLUSION

Object-oriented software is perceived by its users in terms
of the features it provides, not in terms of its implementa-
tion. This is a problem particularly during evolution of large
programs, because the complex implementations of existing
features are not evident from the object-oriented source
code. Hence, there is an urgent need for tool-supported scal-
able analysis approaches, which will help developers to
comprehend the correspondence between features and
source code.

In this paper, we have presented our solution: an ap-
proach to feature-centric analysis of object-oriented soft-
ware that unifies and enhances a number of existing analysis
techniques. This approach has been implemented as the Fea-
tureous plug-in to the NetBeans IDE. Featureous allows for
recovery and analysis of traceability links between features
and the Java source code. To decompose the complexity of
the analysis process and improve its scalability, we have
systematized our approach into three analytical perspectives,
three abstraction levels and multiple granularities of features
partitions. In the enclosed case study, we have demonstrated
how to apply feature-centric analysis while reducing its
complexity by recognizing similarity among features and
partitioning them around their canonical features. As the last
part, we have evaluated Featureous against a set of cognitive
design elements in order to assess its support for program
comprehension.

We believe that the provided tool Featureous will help
facilitating feature-centric comprehension of legacy Java
software during evolution and maintenance. Furthermore,
we hope that our systematic and reproducible analysis ap-
proach can lead to a discovery of general characteristics of
features in object-oriented software and to improving the
current practices of implementing features in object-oriented
software.
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