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Abstract—Feature Location (FL) is a core software maintenance activity that aims to locate observable functionalities in the source
code. Given its key role in software change, a vast array of Feature Location Techniques (FLTs) have been proposed but, as more and
more FLTs are introduced, the selection of an appropriate FLT is an increasingly difficult problem. One consideration is the
characteristics of the features being sought. For example, in the code associated with the feature, programmers may have named
identifiers consistently, and with meaningful naming conventions, or not, and this may impact on the suitability of different FLTs.

The suggestion that such characteristics matter has implicit support in the literature: An analysis of existing FLT empirical studies
reveals that the system under study can often have a stronger impact on FLT performance than differing FLTs themselves. To
understand this interaction between feature characteristics and FLTs better, this paper proposes a suite of feature-characteristic
metrics that are postulated to control FLTs’ performance, holistically across FLTs and impacting on individual FLTs to different degrees.
To evaluate the suite, a controlled experiment is performed, using 878 features, to probe the relationship between the metrics and the
performance of four FTL techniques: three commonly-used techniques and one state-of-the-art technique. The evaluation is performed
using four commonly used evaluation measures and extended by employing 41 other established source-code metrics as extraneous
variables. Results of the empirical evaluation suggest that the feature-metric suite presented impacts FLT performance holistically, and
impacts different FLTs to different degrees. Thus, this paper moves towards the more standard selection of appropriate FLTs, with
respect to the prominent feature characteristics in the software systems under study, and more rigorous consideration of the features

selected to compare FLTs.

Index Terms—Feature Location, Bug Localization, Software Maintenance, Software Recommendation, Software Characteristics.

1 INTRODUCTION

ANY software maintenance tasks mandate the loca-
Mtion of the code that implements some user func-
tionality, for example debugging, or evolving code [1], [2].
Locating the observable functionalities in source code is
referred to as Feature location (FL) [3], [4] and because it
has such a key role in the software change process [5],
a wide range of Feature Location Techniques (FLTs) have
been proposed [5]. These predominantly rely on source
code structural analysis, textual analysis and (increasingly)
hybrid techniques [3], [5].

It is difficult to determine relative FLTs" performance
[4], [5], towards the identification of the best FLT. For
example, some studies suggest that the Vector Space Model
(VSM) outperforms other techniques [6], while others claim
that Latent Semantic Indexing (LSA) outperforms VSM [7].
Others still, claim that Latent Dirichlet Allocation (LDA)
outperforms both LSA and VSM [8]. This suggests that
other, uncharted factors, impacting FLTs performance, are
at play in these studies.

One possibility is that, because different systems were
under study in these evaluations, the variability might be
in part due to the differing characteristics of the features
those systems contain. For example, one system may have
features that are highly localized in the code whereas, in
another, they may be highly delocalized. The belief that
such feature characteristics might impact FLT performance
is further strengthened by the results of empirical studies
where multiple FLTs are compared using more than one
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system and thus, more than one set of features (where a
‘feature set’ is considered the set of features available for
each system). In these studies [6], [8], [9], [10], [11], [12], [13],
the impact of testing the techniques against different sets of
features, from different systems, often seems to dominate
the difference of applying differing FLTs. This contrasts with
the implicit position in FLT evaluation literature that the
performance of an FLTs is a function of the FLTs themselves
[4], [9], [10], [11], [14], and/or those FLTs" configurations
(i.e. the parameter settings employed by an FLT) [6], [12],
[13], [15], [16]. However, if true, it suggests that careful
consideration should be given to the sets of features used
as test cases in the empirical evaluation of FLTs.

The different feature characteristics, in (different) feature
sets, can be said to control the performance of FLTs if there
is strong evidence of causality over FLTs" performance [17]
and/or they impact different FLTs" performance to different
degrees [18], [19]. To evaluate this thesis, we are guided
by software metric research where the role of code char-
acteristics, measured via software metrics, has been been
used to indicate software engineering quality [20], [21].
Analogously, this paper proposes a feature metric suite that
characterizes features towards assessing those characteris-
tics as indicators of overall FLT5" performance and performance
differences between pairs of FLTs.

In this paper several feature characteristics, captured
by metrics, are proposed, and how they are postulated to
impact FLT performance, is described. Then, to empirically
evaluate if the suite of proposed metrics has an impact
on the FLTs, a controlled experiment is performed, where
different sets of features are characterized using the met-
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rics proposed, and the impact of those differing feature
characteristics on FLTs is identified. The contribution of
this research is that it moves towards explaining FLTs’
performance in relation to feature characteristics. This will
ultimately allow a more standard selection of systems and
feature sets for FLT evaluation, cognisant of their impact
on FLT performance. It may also inform the design of
recommender systems, facilitating selection of FLTs, given
knowledge of the feature set being sought.

A replication package, which includes the interme-
diate results, scripts to obtain those results, and im-
plementations of FLTs and feature sets, is available
through the web-resource: https://www.lero.ie/research/
datasets/feature_location/featuremetrics. In addition, we
have provided a website http://metriccalculator.lero.ie/
FeatureMetricCalculator/ to allow researchers to submit a
feature set for characterization with respect to our metrics.

The remaining sections of the paper are as follows: Sec-
tion 2 presents FL in overview and describes the empirical
basis of FLT evaluations. Section 3 presents a proposed
feature-metric suite, relates it to possible performance as-
pects of FLTs, and presents an associated theoretical frame-
work, to characterize the potentially moderating impact
of features’ characteristics. Section 4 presents the research
questions and details the empirical designs used to answer
each question: The associated results are presented in Sec-
tion 5. Section 6 discusses the results, presents practice-
guidance informed by the results, and enumerates the
lessons learned from the findings. Threats to validity are
discussed in Section 7. Finally, conclusions and future work
are presented in Section 8.

2 BACKGROUND AND RELATED WORK

A feature is an observable system functionality that can
be triggered by users [4]. Take for example, the pseudo
code presented in Figure 1. Here four methods are imple-
mented using a stack data-structure: 1) calculateAverage(),
2) findMaximum(), 3) calculateSum(), and 4) extractElement():
In this case, it is reasonable to assume that three features
may be available to the user: calculating the average of a
set of numbers (on the stack), calculating the total of those
numbers and finding the largest number in the set.

When exercising the ’calculating average’ feature, the
user invokes the calculateAverage(), calculateSum(), and ex-
tractElement() methods. Similarly, when exercising the ’cal-
culating sum’ feature the user invokes the calculateSumo(),
and extractElement() methods. These examples illustrate that
a feature could map to multiple methods and, in larger
systems multiple parts of multiple methods. Likewise a
method, or part of a method can map to multiple fea-
tures. Ultimately this means that a feature can be scattered
throughout the code of a software system.

The task of feature location (FL) then is to locate source
code elements related to a specified feature [5]. This activity
is intrinsically associated with software maintenance and
evolution, which frequently mandate the location of a fea-
ture’s code to document, configure, add, remove, debug or
improve on functionalities [4]. In the case of the 'calculating
average’ feature, the location of the feature is lines 1-3,
lines 13-18 and lines 20-24. The task of a Feature Location

1. float calculateAverage(){

2. return calculateSum()/stack-size
3. }

4.

5. int findMaximum(){

6. max=0

7. while(extractElement()<>NULL)
8. if (element > max)

9. max<-element

10. return max

11. }

12.

13. int calculateSum(){
14. sum=0
15. while(extractElement()<>NULL)

16. sum<-sum + element

17. return sum

18. }

19.

20. int extractElement(){

21. if (current_location == -1)

22. return NULL

23. return stack[current_location--]
24. }

Fig. 1. Features in a Stack Data-structure

Techniques (FLT) is to locate the code related to specified
features on demand. As the ’calculating average’ feature
suggests, the location of a feature can be delocalized and
so, in large code bases, can be very difficult to determine.

2.1 Classification of FLTs

FLTs can be classified by two distinguishing factors. Anal-
ysis type is the most commonly used factor, classifying
the FLTs into textual, structural, historical and dynamic
types [5]. Textual analysis presumes that the comments
and identifier-names in the source code encode feature-
related domain knowledge and can be exploited using
textual searches [12], [15], [22]. Structural analysis allows
developers to identify the extent of the features [10] by
following data or control-flow dependencies, typically from
a known feature-related source code element [23], [24]. In
historical analysis, feature-related code elements are iden-
tified by leveraging re-enactment artifacts [11], [25], [26].
Here relationships like co-change and change descriptions
are leveraged to help in FL. Finally, in dynamic analysis, the
feature is exercised and traced at execution time [1]. More
recently, to compensate for the limitations of individual
analysis types [27], [28], [29], FLTs have moved towards
refining those approaches or leveraging a combination of
the approaches [10], [11], [14], [22], [23], [25], [26], [27], [30],
[31]. These latter FLTs, based on combinations of existing
techniques, are referred to as hybrids [14], [25].

The second important distinguishing factor, even though
seldom explicitly described in the literature, is the goal of
the FLTs: Razzaq et al.’s systematic literature review of the
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field classifies FLTs as either being directed at obtaining an
initial feature-foothold location in the code, or near-full fea-
ture location [3]. When a developer is interested in locating a
single code element entry-point into the feature, possibly to
begin impact analysis or debugging, then the goal of the FLT
can be considered foothold location. Conversely, if developers
are interested in identifying the full extent of the feature
(for example, to identify feature variants between different
versions of a system with a view to recovering its product
line [28]), then the goal of FLT is near-full feature location.

2.2 FLTs’ Evaluation Components

Usually, FLTs are empirically evaluated by case studies or
experiments [3], [5]. To characterize the empirical design of
such studies, Dit et al. [5] proposed three essential compo-
nents: the software system (under investigation), evaluation
metrics, and user-input. As FLTs act on user inputs to
determine the feature-relevant source code in a software
system, Dit et al. [5]’s listing of empirical components can
be expanded to include the source code locations of the
features correctly corresponding to the user’s input. The
correct code locations for a set of features is referred to
as the gold set [11]. In the case of the stack example in
Figure 1, for example, calculateSum(), culculateAverage() and
extractElement() are the gold set methods related to the
‘calculating average’ feature.

Practically, gold sets are often obtained for the evaluation
of FLTs using re-enactment, where textual descriptions of
historically-made changes are considered as a proxy for
user input/descriptions, and the locations of the resultant
code changes are considered as a proxy for the features’
locations. Cumulatively, the set of user inputs describing the
features and the associated code locations for those features
are known as the feature set in this study.

2.3 FLT Evaluation and Feature Characteristics

Here we define a feature characteristic as a measurable at-
tribute of the code elements or user input associated with a
feature. For example, one feature characteristic may be the
number of code elements that make up a feature. In the case
of the calculate sum and calculate average features shown in
1, the number-of-code-elements may be measured by their
number of constituent methods (2 and 3 respectively) or by
their lines of code (11 and 14 respectively).

Razzaq et al. [3], in their systematic review of FLT
empirical studies, noted that these studies do not consider
the characteristics of the features in their work: instead, they
noted a concentration on studies that evaluate single FLTs
[7], [24], [27], studies that compare FLTs (for example [6],
[8], [9], [10], [11], [14]), and studies that have looked at FLT
configurations. For example, several studies have focused
on whether to use code identifiers, comments, literals or
combinations of these, to represent source code during IR-
based FL [12], [13], [29]. Another branch of research has
looked at whether to use the summary, description or both
(as obtained from bug-reports or feature requests) as the
query for the search [6], [12], [15], [16]. In general, empirical
evaluations in this field have neglected feature characteris-
tics as a line of consideration.

2.3.1

This study aims to assess if causality, defined as the relation-
ship between FLTs and FLT performance, may be partly, or
significantly, accounted for by feature characteristics. The
literature basis for such a study is illustrated in Table 1.
It presents a listing of FLT empirical studies that compare
more than one FLT with more than one feature set, these
studies being identified during the literature reviews re-
ported on in [3] and [32]. The second-last column details the
biggest performance difference between any of the different
FLTs evaluated when compared to the same feature set in
each study. The last column details the biggest performance
difference between the same FLTs on different feature sets
in each study. The table is ordered by study and then by the
difference between these last two columns.

What is striking here is that the feature sets seem to have
more effect than the differing FLTs in most (three-quarters)
cases. Since the characteristics of each feature are intrinsic
to the overall effect of the feature set, Table 1 implies that
feature characteristics often explain FLT performance more
than the different FLTs studied. In addition to larger dif-
ferences, statistics of central tendency measures (e.g. mean,
median) show similar results, as evident from the studies
that provided their statistics [8], [23], [25], [33], [34], [36].

This pattern persists even when many FLTs are com-
pared in a study. For example, Binkley et al. [8] compared
seven FLTs, and while they did differ significantly in their
performance, individual FLT’s performance on the different
feature sets employed differed by the same order. Likewise,
Thomas et al. [6] employed 3172 different configurations
for three FLTs. Even though it was again shown that dif-
ferent configurations have a significant impact on FLTs’
performance, the largest difference (within configuration)
for different feature sets was again of comparable scale.
These findings, mirrored across the result sets of these
empirical studies, suggest the strong effect of characteristics
of the features employed in FLTs evaluations. Hence, the
research presented here argues that it is important to help
researchers to select appropriate feature sets which pro-
vide coverage over the relevant feature characteristics that
impact performance [5] by assessing FLTs against specific
feature set characteristics. This research is also important for
practitioners who, given a specific characteristic profile for
their system’s features (as determined by previous software
evolution activity perhaps), can then target appropriate
FLTs. This research moves towards these goals by probing
FLT performance, cognisant of feature set characteristics.

The Potential Impact of Feature Characteristics

3 FEATURE METRIC SUITE

Metrics [21] are useful, in the context of this study, to
quantitatively reflect feature characteristics. For a metric
to be selected in this research, it should be well-formed
and feature-specific. As such, we propose the following
properties:

1) Constancy across FLTs — The metrics should be ex-
clusively defined by the feature, independent of the
FLTs applied. This criterion will allow the impartial
selection of the metrics for the FLT under investiga-
tion. Specifically, this study sets out to assess mod-
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Fig. 2. Direct Relation of Features to Code Elements and Indirect Relation of Features to System’ Lexicon

TABLE 1
Performance Difference between FLTs and Benchmarks in Comparison Studies
Stud Evaluation Number of FLTs | Number of feature FLTs’ Feature Set’s
/ Measure Compared sets Employed Impact** Impact***
Recall 8 12 0.354 0.796
F-Measure 8 12 0.136 0.411
Razzagq et al. [32] MRR! 8 12 0.734 0.999
Precision 8 12 0.085 0.284
MAP? 8 12 0.233 0.266
Lee et al. [33] MAP 6 50 0.67 0.96
MRR 6 50 0.67 0.95
Li et al. [23] Precision 3 16 0.38 0.62
Recall 3 16 0.36 0.4
Gethers et al. [27] Average Precision 9 6 0.11 0.32
Wang et al. [25] MAP 5 4 0.17 0.33
MRR 5 4 0.18 0.26
Kim et al. [26] Average Rank 4 8 2.51 3.9
Shi et al. [34] MRR 5 4 0.29 0.39
Binkley et al. [8] MRR 7 5 0.3 0.33
Corley et al. [35]* MRR 4 6 0.036 0.048
Corley et al. [36]* MRR 3 6 0.06 0.068
Dit et al. [14] Mean Effectiveness 7 3 19320 19326
Thomas et al. [6] Top-20 4 3 0.353 0.337
Ye et al. [11] MAP 4 6 0.41 0.34
MRR 4 6 0.45 0.35
Mahmoud et al. [37]* MAP 9 3 0.3 0.28
Mahmoud et al. [38] MAP > 5 04 021
Lag 5 3 50 30
* Multiple analyses have been presented in these studies
** Largest Performance Difference between FLTs on a feature set
*** Largest Performance Difference between feature sets when using the same FLT
I Mean Reciprocal Rank, 2 Mean Average Precision
Features Code Elements Lexicon
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TABLE 2
Feature Metrics

Type of . .
P . . Feature Metric Description
Characterist.
. Number of source code elements which constitute
Relative Feature .
Gold-set Si a feature, relative to the total number of elements
ize
in the software system
The number of code elements shared by a feature
Tangled Elements
with at least one other feature
Crosscutting ~ For a feature, the number of other features that
in Feature  intersect that feature by at least one code element
Unique Lexical Unique lexical size of the feature, relative to the
Coverage unique lexical size of the system
. . Lexical size of the feature, relative to lexical size
Lexical Saturation -
of the system when repetitions of words allowed
uery (Unique) Number of unique terms that are used to
User Input Query ( que) . 4 .
Size constitute the feature-query in the feature set

eration impact, and a moderator has to be constant
across independent variables by definition [18].

2)  Focused on a specific feature — A metric’s value should
be exclusively defined by the associated feature.
This criterion will disassociate the characteristics of
one feature from others and is required to keep
the measurement of metric values at feature-level
granularity.

3) Compliance with validation properties — The feature
metrics must comply with the five mathematical
measurement properties proposed by Briand et al.
[39]: non-negativity, null value, monotonicity, merg-
ing of modules, and disjoint module additivity.

Note that the values of all the metrics are calculated after
employing the best empirical practice for configurations
identified by several case studies [6], [12], [13], [15], [16]
(best practice will be presented in Section 4.1.2).

3.1 Feature Metrics

A feature set belonging to a system under investigation can
be represented as a tuple F = (C, L, CS,Rre, Rer)-Cis the
set of code elements that implement F. These code elements
are coded using a lexicon £. Here CS is the set of structural
relationships between code elements. For example, a number
of children relationship between a parent and children classes
is a structural relation. Finally, Rzc = ((f,c) | f € F,c € ()
is the mapping between specific features and their code
elements and Rer = ((¢,t) | ¢ € C,t € L) is the mapping
between code elements and their lexicons. This is illustrated
in Figure 2. For a feature, say /1, the task of the FLT is to
find all elements Cr; € C which implement F; through the
relation Rs.(€ Rzrc) to that feature. In this instance, the
code elements are C7, C3, and (. In the context of textual
FLTs, lexicons t1, t3, ts, t7, ts, and ¢, can be leveraged
in this identification task through the R¢7 relations. Table
2 presents a summary of the feature metrics used in this
research on FLTs, and the remaining portion of this section
provides a more detailed description of these metrics.

Metric 1: Relative Feature Size

Relative Feature Size (RFS) is the number of source
code elements that constitute a feature relative to the total

number of elements in the software system under study.
This can be represented as follows:

_[CF
€]
where Cr is the set of code elements that implement the
feature F. In Figure 2, F; is made up of three (i.e. C;, Cs,
and Cg) from six code elements, hence its RFS value is 3/6.
Rationale for inclusion — FLTs attempt to assign a score to
code elements according to their relevancy to the feature-
query [12], [14], [15], [16]. Code elements are then placed in
a list ranked according to their relevance scores. During the
assessment of FLTs, this ranked-list is used to measure the
FLT performance, in line with some evaluation measures.
A feature with large RFS would have a larger extent in
relation to the system, an attribute that would facilitate FLTs
in placing at-least some of the feature related code elements
towards the top in the ranked-list. However, it is likely that
such a large feature is more structurally delocalized in the
code, leading to more effort for FLTs attempting to find the
full feature extent: this may result in the FLT missing some
feature-related code elements towards the top of the list.
Accordingly, it seems intuitive that, if the goal of the
feature location is feature-foothold, a large feature footprint
might help but that it may hinder locating the full feature
extent. That is: RFS may have a moderation effect on
measures of FLTs” performance depending on the FLT goal.

RFS(F)

Metric 2: Tangled Elements

Tangled Elements (TE) count the total number of code
elements in a feature, shared by at least one other feature.
For example, for a feature F, 7 can be defined as follows:

TEF)=|{ceCFr: foreach(]__,eﬁ)]:’ #F = ceCr}

Where Cr is the set of code elements related to F and Fis
the complete set of features. As an example of 7E&, consider
Figure 2. Because F} is an exclusive feature that shares no
code elements with other features, its value is zero. On the
other hand, because F; and F3 share a code element Cs,
their 7 value is 1.

Rationale for inclusion - A higher T for a feature means
that the feature contains more elements which are shared
across features. Our speculation is that the more a feature is
contaminated with tangled elements (a higher 7€), the more
it loses its individuality and the more difficult it is for FLTs
to discriminate that feature.

Metric 3: Crosscutting in Features

This metric is derived from concern-interlacing [40], [41]
measures, which assess the degree to which concerns over-
lap. For a feature the Crosscutting in Feature(CiF) metric
measures the number of other features that share at least
one code element with that feature. Thus it is similar to
TE, but instead of the overlap being quantified in terms
of the code associated with the feature, it quantifies overlap
in terms of the overlapping features. For a feature F, it can
be represented as follows:

CiF(F) = |{F € (F - F)[CrnCx # 0}

Again consider Figure 2 where F; and F3 share some code.
Hence they are cross-cutting features with a CiF value of 1.
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Lexicon

Features

Fig. 3. Impact of Feature Relations on their Lexicon Sharing

Rationale for inclusion - As mentioned above, CiF seems
quite related to the Tangled element metric presented and
so a higher CiF would seem to imply greater FLT dif-
ficulty. However, when finding a feature foothold in the
code base, having several overlapping features may facil-
itate the location of that foothold. This intuition is based
on the assumption that the more other features cross-cut
a feature, the more it represents basic/core functionality.
Take, for example, a menu which offers the user a range of
feature/menu options. All these features share this common
menu and it provides a foothold to all.

RFS, CiF and TE all exploit the Rx¢ relationships.
The metrics presented from here, concentrate on the Rer
relationships.

Metric 4: Unique Lexical Coverage

Unique Lexical Coverage (ULC) is the number of unique
words that are associated with a feature F relative to the
number of unique words in the system. For example, in
Figure 3, where features are directly related to the lexicons
in the feature-associated code, (U LC) for F2 is 2/11.

Rationale for inclusion - This metric measures the part
of the overall application domain knowledge [42] encoded
in a system belonging to a feature. Our conjecture about
(ULC) is that it assesses the amount of potential vocabulary
a domain expert can leverage in their query: the more
potential domain vocabulary in the system a feature has,
the more likely they will be to get a hit; that is, the more
likely a developer is to formulate a query that will result
in a hit. But against that, the more potential vocabulary
from the domain, the more overlaps might happen because
of lexical tangling and so the less discrimination for the
feature sought, meaning that lots of other hits will be of
lesser relevance. (U LC) varies from 0 to 1. In the case of a
(ULC) of 0, a feature encodes none of the overall domain
knowledge. However, in the case of a (ULC) of 1, the
complete domain knowledge is covered by a feature. This
is possible when a composite feature contains the code of
component features, which is not exceptional [28], [43]. We
anticipate a sweet spot between these two extreme: one that
maximizes discrimination, possibly differing across FLTs.

Metric 5: Lexical Saturation

If F is the set of features in a system and L is the lexicon
that code all the elements related F, then, Lexical Saturation

(LS) of a feature (F) belonging to F is described as follows:

Z m ;. m
LS(F) = 72“ )dfn
(Ln)eL’

where £'= {(In) V 1€L A n is the number of occurrences of
lin the source code C } and L= {(lLm) V 1eLr A m is the
number of occurrences of 1 in the source code Cr} where

'+ is the corpus belonging to feature F. Note that LS(F)
incorporates repetitions of words.

Consider that in Figure 3, the lexicons might be repeated
more than once in the code base, as represented by the
numbers towards the right-hand-side of the edges. They
might then appear more than once in the code associated
with a feature (represented by the numbers towards the left
hand side of the edges). So, in this case, the Lexical Saturation
of feature F'; is 6/16, because a total of 6 non-unique terms
occur in feature F; out of a total population of 16.

Rationale for inclusion - The discriminating factor between
LS and ULC is vocabulary repetition: it directly indicates
the feature size, relative to the system size in terms of the
lexical corpus, measuring the degree to which a feature is
integral to the implementation body of all of the feature set
in a system. It is different from the ¢/ £LC in that a feature
with more unique words can have a smaller size in terms
of LS if there is less repetition of words. Thus, this metric
assesses the degree to which vocabulary emphasis (in terms
of vocabulary repetition) can impact on the performance of
FLTs. Like ULC, LS also varies from 0 to 1.

Metric 6: Query Size

Query Size (QS) counts the number of unique terms in
the feature query.

Rationale for inclusion - There is strong empirical evidence
for the impact of the query’s characteristics on performance
of FLT in FL literature [6], [12], [15], [16]. We select the query
size, which is specifically important for IR-based FLTs, as it
relates the feature-query to the source code elements that
implement the queried feature. (QS) intrinsically quantifies
the lexical space which an FLT leverages to locate the
implementation body of a feature. The intuition is that a
higher number of unique terms in a feature-query provides
higher potential to locate more source code elements related
to the feature. However, this could also have a confounding
effect, where the terms defined in the query map to other
source code elements, not related to the feature.

3.2 Theoretical Evaluation of Metric Suite

Our presented metrics comply with the five mathematical
measurement properties proposed by Briand et al. [39].
Both our Re7 and Rrc based feature metrics assume
non-negative values. RFS, TE, and CiF are based on the
cardinality of the source code elements or other features
and therefore their minimum possible value is zero. In the
case of T¢& and CiF, when there is no relationship between
two features, these metrics return a measurement of zero,
meeting the null value property. All other metrics are based
on the text size of the feature-related source code and query,
and hence always produce a value equal to, or greater than
zero. To obey the monotonicity (i.e. non-decreasing) property,
when a new method is added to a feature, RFS increases
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and if the added method is shared by another feature,
TE and CiF can only increase. Similarly, the addition of
a method can only increase LS, and in the case of the
newly added method also adding some unique terms, U LC
increases. In the same way, the addition of new terms in a
query ensures the non-decreasing property of QS. Finally,
since no metric is obtained after merging two (or more)
features (i.e. features are isolated), the final two properties
are also adhered to.

3.3 Feature Characteristics as Moderators

The primary reason for significant interest in FLTs, in gen-
eral, is the belief that FLTs can reduce the extensive effort
required in the software maintenance phase by automating the
process of FL [5]; a belief assessed by empirical assessment of
FLTs” accuracy. This section provides a theoretical basis for
the inclusion of feature characteristics in FLT assessments.

The validity of any causal inference depends on how
evidence of causality is established in experiments [44].
Clearly identifying the variables to be controlled, in order to
evaluate a hypothesis, is a core question during experimen-
tal design [45]. However, variables that are not controlled
also often influence the outcome, affecting the validity of the
causality assessment [44]. Such variables have a confound-
ing effect [19], [44] and their manipulation/evaluation can
improve empirical findings by scoping/contextualizing the
results more accurately [19], [44], [45].

In this case, suppose that X (FLT/Configuration) is the
independent variable and Y (Performance) is the dependent
variable. Then, a linear regression model to quantitatively
analyze the effect of X on Y can be described by the
following equation:

Y =By+7X +¢ )

Here 7 represents the relationship between X and Y and 3y
and ¢ are the population regression intercept and residual
respectively. The path diagram showed in Figure 4 (A)
graphically illustrates this causal belief that ‘X causes Y
that an FLT and its configurations are the sources of causal-
ity for the FLTs” performance.

Now consider that an investigator is interested in pre-
dicting the performance of several FLTs, given a known set
of features. It is possible that the features’ characteristics in
the feature set (e.g., the number of lines of code comprising
a feature) affect the FLTs’ performance. In experimental
theory, the feature set is known as a moderator or covariate
[18], [19]. A moderator can help better predict (or explain)
the dependent variable by moderating the relationship be-
tween the independent and dependent variables [19]. To
accommodate this in (1), a third variable W is included,
which quantifies some feature characteristics and can better
explain the outcome Y, alone or in interaction with the
independent variable X [18], [19]. Then (1) can be re-written:

Y =8y+7X+BW+¢ )

Note that W is a between-participant variable which is
not measured repeatedly. Note also, from equation 2, that a
simultaneous change in X and W will have an additive effect
on Y [19] which can increase the power of causation. This is

» Causal Relation

FLTs & Configurations T
(X)

Performance

(Y)

Y

FLTs & Configurations 1

(X) \

Performance
Feature Characteristic / v
W) B
Feature
Characteristic
(W)
FLTs & Y A > Performance
Configurations T > )
(X) T

Fig. 4. Path Diagram lllustrating the Causation and Moderation Effect of
Moderator Variable on Outcome Variable

presented in Figure 4 (B), where W controls the relation ‘X
causes Y’, without interacting with X.

A Moderation effect then occurs when the relationship be-
tween the FLTs/their configurations and FLTs performance
is, at least, partially dependent upon the feature characteris-
tics. To probe the moderation effect, the statistical interaction
between the treatment variable (FLTs and configurations)
and the moderator (features’ characteristics) is examined
[18], [19]. Path diagram Figure 4 (C), graphically illustrates
the study of moderators’ effects: i.e. the relation between X
and Y where the effect of W has also been controlled. The
slope of the relation between X and Y, between W and Y,
and between X interacting with W and Y are respectively
represented by 7/, 8 and A. In regression, such interactive
relations between X and W can be represented by adding an
interaction term in (2) as follows:

Y =080+7X+BW+AXW +¢ 3)

This shows that X, in conjunction with (moderated by)
W, impacts on Y by a product of the slope coefficients used
to describe the X to W and W to Y relations. Importantly, this
also shows that, when A is non-zero, 7 (in equation 1) will
differ from 7’ (in equation 3). That is, in the case of a positive
or negative result of A\, W will enhance or decrease [18], [19]
the magnitude of the impact X has on Y. By factoring out X,
(3) can be re-written as:

Y =80+ X(7' + W)+ W +¢ 4)
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TABLE 3
Systems and Associated Feature Set Characteristics

Systems Version LOC MethodFeature 92L4s€ts _terms lezicon lezicon
feature feature feature query

jEdit 43 104K 6413 150 4.8 578 146 31
IRhino 1.5 32K 2801 328 663.1 36,253 10,462 379
JabRef 26 74K 4,607 39 6.7 1282 304 37

IArgoUML 0.22 149K 11,464 91 4 555 178 37
IArgoSPL. N/A 120K 14,654 23 5328 19,769 7,213 220

[Eclipse 3 146M 121K 45 34 363 87 29
iBatis 23 14K 1859 85 12.5 826 271 195
Mylyn 1.0.1 13K 482 23 72 598 164 264
muCom. 085 77K 8,187 92 7 865 210 30

The Tast four columns present the average number of methods per
feature, average terms per feature, average unique terms per feature
and average unique terms per query, respectively

Which makes it clear that the effect of X on Y is a
function of W. In observational studies, moderators are,
mostly defined as the pre-test characteristics (excluding the
actual treatment) of the participants tested in an experiment
[44]. In the arena of FL, participants are the features derived
from software systems as the feature sets, and the pre-test
characteristics are the feature-set characteristics.

The next section presents the empirical design used to
probe the impact of the proposed feature metric suite.

4 RESEARCH DESIGN

As the proposed feature metrics reflect feature set character-
istics, the following research questions are targetted in this
research:

RQ1-Does the proposed feature metric suite explain the per-
formance of FLT5, as measured by currently established evaluation
measures? In other words, do the feature characteristics presented
in this research have strong evidence of causality over FLTs’
performance?

RQ2-Do the feature metrics reflect different degrees of moder-
ation on different FLTs? In other words, do the feature character-
istics presented in this research have strong evidence of causality
over performance differences between FLTs?

4.1 Dataset and Empirical Practice
4.1.1 Dataset

In FL, controlled experiments tend to focus on breadth-of-
analysis, where feature sets are drawn from a set of systems
[3]. In selecting our feature sets, we focused on those which
are either unambiguous (for example, macros that are used
for implemented system configurations), are created using
more than one ground truth (triangulation) [32] or ones that
are the most commonly used in FL evaluation [3]. Table 3
presents the feature sets in terms of their associated systems,
the number of features contained and their characteristics,
thus demonstrating some high heterogeneities of the feature
sets. For example, the average number of methods that
constitute a feature varies from 3.4 to 5328 over the systems.
The combined feature sets consist of 878 features.

4.1.2 Common/Best Empirical Practice

1. Feature Location Techniques Employed in the Study-
Four FLTs were chosen for this study. VSM-Lucene, LSI-
MATLAB, and LDA-R were chosen because Vector Space

Modelling (VSM), Latent Semantic Indexing (LSI), and La-
tent Dirichlet Allocation (LDA) are commonly used ap-
proaches in FLT, being employed as comparators in 20%,
21% and 10% of FLT studies respectively [3]. The particular
implementations were chosen because they are openly avail-
able, allowing other researchers to replicate the findings
and because they seem to outperform other FLTs based on
these three approaches [32] !. Additionally, a state-of-the-
art technique, where PageRank is combined with LSI, was
selected as a fourth technique, again based on its favorable
history in comparator studies [14], [46].

2. Evaluation Measures-As discussed in Section 2.1, FLTs
can be divided into techniques that attempt to find a source-
code foothold into the feature or the (near-full) extent of the
feature in the code. Razzaq et al. [3] observed that precision,
recall, F-measure and Mean Average Precision (MAP) are
the most commonly used evaluation measures to assess
FLTs for near-full FL. whereas Mean Reciprocal Rank (MRR)
is a commonly used measure to assess the foothold location
goal. The F-measure was not employed here because it
obscures the individual effect of precision and recall [47]
and the goal here is not to show improved performance but
affected performance. In addition, to mitigate the impact of
feature size on the measures chosen, we measured the rela-
tive values of precision and recall in line with the protocol
suggested by Shin et al. [47]: there, precision and recall were
calculated on ten intervals, in the ranked list, where each
interval corresponds to one-tenth the size of the feature in
the feature set. Such relative measures diminish the direct
connection of precision to RFS.

3. Best Identified Configurations-The configuration of the
FLTs, pre-processing steps, and composition of the feature
sets (source code elements and feature-queries) are also
important considerations in empirical design. We employed
best practices in these considerations, as derived by the
empirical community [32] (see Table 4).

4.2 Managing Extrapolation and Counterfactual Infer-
ences

Experiments without appropriate control provide less di-
rect causation evidence [44]. However, in cause-probing
research, the control of experimental effects is always an
issue because of two major concerns: 1) avoiding the omis-
sion of underlying independent variables which can cause
incorrect evaluations of the magnitude of causation and, 2)
selecting high-quality counterfactual inferences which are
different from the treatment condition [44], [45], [49], [50].
This research aims to address the first issue by looking
at an additional moderation variable: the characteristics of
the features located. In doing so it employs a multiple
regression technique where the experimental design is tri-
angulated with extrapolation and counterfactual inferences
[44], [49], to address both issues.

In terms of extrapolation, in a feature set, a feature is
represented by a set of source code elements and a feature
query. Consequently, source-code product-level metrics [21],
[51], [56], and textual metrics [9], [10] associated with the
feature-query, could be employed towards measuring the

1. https:/ /www.lero.ie/research/datasets/feature_location/
comparison
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TABLE 4
Commonly Employed Configuration and Normalization

TABLE 5
State of the Art Categories of Product-level Metrics

Total Configuration Studies Empirically Common
Parameter s :
Tested Investigating Best Practice
Settings Common to all FLTs
Feature 1. Bug report title Thomas et al. [6] Title + Descr.
Query 2. Bug report descr'. | Moreno et al. [16]
3. Title + Descr. Biggers et al. [12]
4.10 PBR?
5. PBR-All
6. Title + Descr.+PBR
Source 1. Ident.3 Thomas et al. [6] Ident. + Comm.
Code 2. Comm.* Moreno et al. [16]
Element |3.Ident. + Comm. Biggers et al. [12]
4. Lits®
5. Ident. + Lit.s
6. Comm.+ Lits.
7. Ident.+Comm.+Lits.
Pre- 1. None Thomas et al. [6] Split+Stop+Stem
processing | 2. Split Moreno et al. [16]
Steps 3. Stop Panichella et al. [29]
4. Stem
5. Digit
6. Special chars
7. Split + Stop
8. Split + Stem
9. Stem + Stop
10. Split+Stop+Stem
11. Setting 10 + PBR
Specific to VSM
Term 1. Tf-Idf Thomas et al. [6] Tf-1df
weight 2. Sub-linear Tf-Idf Moreno et al. [16]
3. Boolean Panichella et al. [29]
4. tf Wang et al. [48]
5. tf-entropy
6. logij=log(tfij+1)
Similarity |1. Cosine Thomas et al. [6] Cosine
Function |2. Overlap Moreno et al. [16]
3. Jaccard Panichella et al. [29]
4. Dice Wang et al. [48]
Specific to LSI
Term 1. Tf-Idf Thomas et al. [6] Tf-1df
weight 2. Sub-linear Tf-Idf Moreno et al. [16]
3. Boolean Panichella et al. [29]
4.f
5. tf-entropy
Similarity |1. Cosine Thomas et al. [6] Cosine
Function |2.Jaccard Moreno et al. [16]
3. Dice Panichella et al. [29]
Number |32-300 Thomas et al. [6] 200-250
of Topics Moreno et al. [16]

TDescription, Z Past Bug Reports, “identifiers, *comments, ® literals

characteristics of such features. While our literature review
[3] suggests no specific work in feature set characterization,
substantial metric work has been performed in other soft-
ware engineering activities e.g. defect prediction [54], fault
proneness [54], impact analysis [9], [10], [22], and software
quality [54]. Table 5 presents a state-of-the-art catalog of
product-level [21] metrics which could be employed to mea-
sure other feature characteristics. For extrapolation, a range
of these metrics will be assessed, regarding their ability to
inform on FLT performance.

To select a comprehensive set of characteristics, we em-
ployed the frequently used metrics in SE [20], [21], [51],
[52], [53], [54]. In brief, we relied on three systematic sur-
veys [21], [56], [57] which explored more than (overall) 400

Metrics Description Example of Studies
Category p Proposed Metrics
Size These metrics measure different aspects of Fenton et al. [51]
Metrics code size, for example, Lines of Code Mills et al. [15]
Complexit Complexity usually measures the interaction
M P XY between programmer and program, defined on |Radjenovi et al. [52]
etrics . .
the basis of program size and control structures
Coupling Coup.lm_g measures the mt.er—module Briand et al. [53]
. association strength established due to some .
Metrics . . Briand et al. [54]
sort of connection (e.g. dependencies)
Cohesion Co&les&lon measures t}}e degree t((j) Vlvhlch Briand et al. [20]
Metrics code elements in a software module are Briand et al. [54]
structurally bound together i
Structural Metrics capture dimensions and aspects of Briand et al. [20]
Metrics program structures (e.g. Depth of Inheritance). Chidamber et al. [55]
Note that these can overlap with other metrics )

metrics used in SE and reported on the frequently used
metrics. We restricted the metric set based on coverage of
the above categories and the common granularity levels
that reflect FL. gold-sets [1], [3], [5]. For example, we did
not select system-level metrics since such a metric provides
only one datum per system and could not be validated in
this research. Table 6 presents the set of metrics selected for
this research. These code characteristics are obtained using
]'Hawk2 and SourceMeter?, at method and class levels, and
then summed up to feature level in the spirit of Revelle et
al. [10]. It should be noted that, since these characteristics
are based on the aggregation of the established individual
code characteristics, they too obey the validation properties
presented by Briand et al. [39].

The second central task is to establish counterfactual
inferences. In a within-participant design, counterfactual
inferences could be achieved by more than one investigation
of independent variables for plausible different (more than
one) dependent variables [44], [50]. In such multiple
investigations of participants, one acts as its own control
for the second [50]. The details of how this was achieved, in
the analysis protocols of this within-participant design [19],
are described below, for each research question.

1. Testing whether the feature characteristic suite controls
overall FLTs" performance - In this study, feature metrics
are repeated for observations of the independent variables
and the research builds a performance model based
on the multiple impactful feature characteristics which
may interact with independent variables [58]. Therefore,
empirical designs that mostly assume non-repeated
measures or no interactions (e.g. ANCOVA) are not an
appropriate choice [18], [19], [58]. Instead, to meet the
maximum assumptions of the feature set’s data [19], [59],
[60], we employed multiple regression analysis.

To test the assumptions that our data meets the criteria
for multiple regression, we employed the Durbin-Watson
test (normal range 1.5-2.5) for the independence of residuals
and Cook’s distance (normal value < 1) to verify that
data do not have significant outliers. In testing the multi-
collinearity of independent variables, we found our feature
data is collinear (tolerance mostly larger than 0.1). Even-

2. http:/ /www.virtualmachinery.com/jhawkprod.htm
3. https:/ /www.sourcemeter.com/
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TABLE 6
The set of Extrapolation Metrics

Category | Metric Description
Size LOC Lines of code in a feature*
LLOC Logical (conditional) lines of code in a feature*
NOS Number of statements in a feature*
LOCC Lines of code in a feature**
LLOCC |Logical lines of code in a feature**
NOSC Number of statements in a feature**
NA Number of attributes in a feature
NM Number of methods in a feature
NumPAR | Number of parameters in a feature*
NS Number of setters in a feature**
NG Number of getters in a feature**
CD Comment density in a feature*
CDC Comment density in a feature**
CLOC Comment lines of code in a feature*
CLOCC |Comment lines of code in a feature**
Complexity | WMC weighted methods per class in a feature**
McCC McCabe’s cyclomatic complexity in a feature*
HCPL Halstead’s calculated program length in a feature*
HDIF Halstead’s difficulty in a feature*
HEFF Halstead’s effort in a feature*
HNDB |Halstead’s number of delivered bugs in a feature*
HPL Halstead’s program length in a feature*
HPV Halstead program vocabulary in a feature*
NL Nesting level in a feature*
NLE Nesting level else-if in a feature*
NLC Nesting level in a feature**
NLEC Nesting level else-if in a feature**
Coupling |CBO Coupling between objects in a feature**
CBOI Coupling between objects in a feature**
NII Number of incoming invocations in a feature**
NOI Number of outgoing invocations in a feature**
RFC Response set for class in a feature**
NIIM Number of incoming invocations in a feature*
NOIM  |Number of outgoing invocations in a feature*
SiggFF | Total incoming and outgoing invocations in a feature*
Cohesion |LCOMS5 |Lack of cohesion in methods in a feature**
Structural |DIT Depth of inheritance tree in a feature**
NOA Number of ancestors in a feature**
NOCh  |Number of children in a feature**
NOD Number of descendants in a feature**
NOP Number of parents in a feature**

*Summed for all methods belonging to a feature
** Summed for all classes belonging to a feature

though collinearity diagnostics of our regression models
show that variance proportions of each selected character-
istic are largely along different dimensions, we suspect that
collinearity could impact on the causal inference. Hence, we
performed two tests: stepwise regression analysis and principal
component analysis (PCA) for the sake of rigor [18], [60].

Stepwise regression analysis builds a model that initially
identifies the characteristics that have the single largest
correlation with FLTs performance. It then adds other char-
acteristics to the model based on the part of the variance
in the performance that they explain and their partial cor-
relation with the characteristics already in the model. In
each iteration, the model re-evaluates itself and removes the
characteristics that do not significantly contribute towards
variance explanation. Finally, the optimal set of the charac-
teristics, that best explain the maximum possible variance,
are retained in the model [61].

A stepwise regression model might end up with two
highly correlated characteristics. PCA addresses this issue

by reducing a large number of characteristics to a smaller
number of uncorrelated weighted combinations of charac-
teristics which accounts for the maximum possible variance.
Such weighted combinations of characteristics are known
as principal components. Here, we employed the Varimax
method of orthogonal rotation as it maximizes variance
among squared values of loadings for each factor [62].
Another important assumption of multiple regression
is Homoscedasticity of data i.e. standardized residuals have
a homogeneous variance from the predicted values across
all values of the independent variables [19], [63]. This
assumption rarely holds in real data [19]. In testing our
data’s homoscedasticity, we found it mostly heteroskedastic.
Although the estimator of the linear regression is unbiased
when this assumption is violated, it can impact the
significance of the estimator [19]. Multiple methods to
reduce the effects of heteroscedasticity on causal inference
in linear regression have been presented [19]. Here, we
employed MacKinnon et al.’s method [63] to keep the test
size at a nominal level, regardless of heteroscedasticity.
Finally, to establish counterfactual inferences different from
evaluation measures, different FLTs are employed.

2. To test whether feature characteristics, as measured
by the proposed metric suite, impact different FLIs’
performance - if the performance of FLTs is moderated by
specific feature characteristics, to different degrees.
Moderation analysis is different in within-participant (as
opposed to between-participant) design [18]. In a within-
participant design, the regression weights of a model, be-
longing to the outcome variable Y, predicted by W, are
allowed to vary by treatment conditions (X). Therefore,
in the within-participant case, equation 2 in Section 3.3
accommodates the impact of the third variable

Y=00+7X+pW+e

and can be written as follows [18]:
Yij = Boj + BiWi + 4 ©)

Where Y;; is the measure of the outcome Y for feature
i using FLT j. Notice that W; is not measured-repeatedly,
hence it does not have subscript j. In the case of two FLTs,
the intercepts and slopes are allowed to differ by treatment
conditions which result in two models for each outcome
variable, and equation 5 can be re-written as follows:

Yii = Bo1 + BuW; +ea (6)
Yio = Boz + B1aWi + €42 ()

This defines the causality relation of W for the outcome
in each condition (discussed under research question 1).
When 11 # (12, then the slope that describes the relation
between FLTs and Y depends upon W [18]. Algebraically,
this situation is captured by subtracting the second
condition (in equation 7) from the first (in equation 6).

Yio — Yii = (Bo2 — Bo1) + (B2 — Bi1) Wi + (g2 — €i1)

Ypi = o+ bW +¢é 8)
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Here 511 is the coefficient for W and reflects the difference
between 311 and f12. Hence, to test the moderation effect,
the hypothesis that needs to be tested is: Is 3 significantly
different from zero?. If the decision is yes, we accept the null
hypothesis; otherwise, we reject it.

To answer research question 2, the data assumptions are
mostly the same as for research question 1. However, since
FLTs are controlled in research question 2, we employed
four different evaluation measures, i.e. precision, recall,
MAP and MRR, as the counterfacts. In a within-participant
design, this will enable the investigation of multiple out-
comes (evaluation measures) for each feature to establish
the counterfactual inference in testing the moderation effect
in this case [50]. To measure the significance of results, this
study used traditional thresholds (i.e., a = 0.05, two-tailed)
to answer each research question.

5 RESULTS
5.1

In a regression model, R? signifies the amount of variance of
an outcome variable explained by the set of predictors [61].
Adjusted R?, on the other hand, explains any bias in the R?
values by normalizing R? values with a standard error of
estimate values. This means that, while adjusted R?, is not
the true estimator of the regression model, particularly in a
control experiment, it is more generalizable than R?. Table 7
presents the results of stepwise regression models in terms
of the feature characteristics selected in the final iteration of
the model. These results were obtained across all 9 systems:
878 features. As is evident from the table, R? has almost
the same values as adjusted R?, which indicates the absence
of bias in the models. Here, the standard error (of the esti-
mator) measures the amount the actual FLTs" performance
deviates from the model-predicted performance.

The column Characteristics Selected presents the distribu-
tion of R? across feature characteristics, ordered according
to the variance they explain from higher to lower. Here, for
example, the first four rows should be read, “precision is
mostly explained by the RFS, QS, and ULC metrics across
all FLTs employed”. It is apparent from the table that much
of the variance is explained by our feature metric suite. They
explain between 84-94% of the variance in precision down to
28-78% in MAP. However, when our feature characteristics
suite explained less variance, (for example in the case of
MAP) standard error is also much less, which shows that
the proportion of the data that deviated from the actual per-
formance was lower. The sign against each metric represents
the direction of the causality. For example, the higher the
RFS, the better the precision score of LSI-Matlab, VSM-
Lucene, LDA-R, and PageRank. In contrast, the lower the
QS the higher the precision score for the four techniques.

Stepwise regression might have selected highly corre-
lated feature characteristics [60]. In that case, stepwise re-
gression models have likely over-fitted the data in explain-
ing the variance. To overcome this collinearity issue, we
generate the principal components of the data [62]. Table
8, on the left-hand side, shows the principal components
having factor loadings larger than 0.9 for each component.
The right side of Table 8 shows the top 20 characteristics in

Causal Effect of the Feature Metric Suite

each component after components having a factor loading
of greater than 0.9.

The Variance row in the table (on the left side) shows the
distribution of the variance explained by each component.
A total of 98.5% variance has explained by two components.
Results of the PCA are mostly in agreement with stepwise
regression in regards to the characteristics which capture
most of the variance (92.8%), and the main contributors
to that principal component. QS dropped off, which is
surprising given its prevalence in Table 7 and given that
it is logically quite orthogonal to the other proposed metrics
but its explanation power in Table 7 is quite low.

To mitigate against the overestimation that might have
been caused by the stepwise regression model, we build the
regression model using the top characteristics of principal
components achieved by PCA analysis. To keep all the top
characteristics in the model, the enter regression method is
used this time [60]. Table 9 presents the resultant model’s re-
sults. It reinforces the high accuracy of the models presented
in Table 7 at predicting FLTs performances, as indicated
by the decrease in R? values mostly equaling the variance
explained by QS in the regression models, without principal
components. This further indicates the effect of our feature
metric suite where all models are statistically significant at
the 99 percent confidence level.

Answer to Research Question 1 — From the stepwise re-
gression analysis and PCA results, we can conclude that our
presented feature metric suite highly explains the variance
in FLTs performance, thus affirming our hypothesis that the
feature metric suite is a strong predictor of FLT’s performances:
RFS is a strong precision/MAP predictor. {LC is a strong
indicator of recall over all four FLTs. The picture is less clear
for MRR but CiF seems to be a strong predictor for it.

5.2 Moderation effect of Feature Metric Suite

Table 11 shows the results of the moderation analysis. Since
the independent variable in this analysis is the difference in
performance we first have to test whether the performance
of employed techniques differs significantly (before investi-
gating which characteristics can moderate the FLTs" perfor-
mance). Considering that the feature set data distribution is
mostly normal, but non-normal in a few cases, we employed
the Wilcoxon signed-rank and a paired t-test. Table 10 shows
the p values for both analyses, for each pair of techniques,
performed over 878 features. It shows that the performance
of all techniques differs significantly in almost all evaluation
measures with p values frequently less than 0.001.

Table 11 presents the results of the top 10 moderators
which impact significantly the relative performance of the
employed FLTs across each evaluation measure (complete
results can be found in the replication package). For exam-
ple, in the first data-cell of Table 11, the Spr — Brpa data
specifies the coefficient f3; of feature characteristics which
moderates the difference between Spr and 8r,p4 (Equation
8). Thus, the value of Spr — Brpa for the RFS metric
under the MRR column indicates that, with each one-unit
increase in RFS value, the performance difference between
PageRank and LDA will increase by 2.1717.

Note that components of the presented feature metric
suite are always selected in the top 10 moderators. The
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TABLE 7

Characteristics Selected by the Stepwise Regression Model in each Evaluation Measure

12

Evaluation Counterfacts Characteristics Selected R2 Adjusted  Standard
Measures Ro Error
Precision LDA RFS QS uce TE 0.939 | 0.939 0.028 0.000
0.934  0.002 0.002 0.001
) ©) ) ©)
PageRank RFS QS urce 0.938 | 0.938 0.030 0.000
0.933  0.003 0.002
&) ©) )
LSI RFS QS urce 0.899 | 0.899 0.036 0.000
0.89 0.005 0.004
&) ©) )
VSM RFS QS urce 0.841 | 0.841 0.051 0.000
0.824  0.014 0.004
(&) G (&)
Recall LDA uce Cir LS QS HEFF TE¢& 0.926 | 0.925 0.100 0.000
0.916  0.004 0.001 0.001  0.001  0.001
) (§) ©) G (&) ©)
PageRank ucc oS CiF CBOI T¢& WMC | 0.896 | 0.895 0.130 0.000
0.880  0.008 0.004 0.002 0.001  0.001
(G) () () &) ©) ©)
LSI ucc QoS CiF LS TE RFS | 0817 | 0.815 0.156 0.000
0.794  0.014 0.002 0.004 0.001  0.002
&) ©) ) @ ©) )
VSM urcec oS LS 0.652 | 0.651 0.204 0.000
0.615  0.035 0.002
) ©) ©)
MAP LDA RFS HNDB QS DIT 0.711 | 0.710 0.071 0.000
0.699  0.005 0.004 0.003
) ) ©) @
PageRank RFS QS 0.776 | 0.776 0.073 0.000
0.768  0.008
) ©)
LSI RFS QS McCabe 0.56 0.558 0.094 0.000
0.542  0.014 0.004
(+) ©) (&)
VSM RFS QS NOS 0.285 | 0.283 0.153 0.000
0.239  0.038 0.008
&) ©) )
MRR LDA CiF ) urce TE LS 0.915 | 0.915 0.138 0.000
0.906  0.004 0.002 0.002  0.001
=) ©) ) ©) ©)
PageRank urcc QoS RFS NA LS 0.570 | 0.568 0.179 0.000
0.533  0.028 0.004 0.003  0.002
) ©) ) @ ©)
LSI CiF oS uce LS 0.835 | 0.835 0.191 0.000
0.82 0.008 0.004 0.003
(§) @ ) 0
VSM CiF oS uce TE CBOI LS 0.717 | 0.715 0.25 0.000
0.68 0.017 0.009 0.007  0.003  0.001
) ©) (&) @ ) ©)
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TABLE 8

Principal Components Analysis Results*

Cl C2 C1 C2
Variance 92.8 5.7 1 NA 11 WMC |1 LCOMS5 11 NII
2 NOS 12 HPV 2 CD 12 NS
CiF 0.972 0.216|| 3 McCC 13 LLOCC|3 NOP 13 REC
RFS 0949 0.305|| 4 HNDB 14 NOI 4 CDC 14 NIIM
LS 0.946 0.313|| 5 HPL 15 NLEC |5 CLOC 15 CLOCC
UurLe 0.932 0.353|| 6 NUMPAR 16 NOIM | 6 NG 16 NM
TE 0.932 0.347|| 7 LLOC 17 NLE 7 CBOI 17 SigFF
HEFF  0.914 0.354|| 8 HCPL 18 QS 8 DIT 18 NLC
NOCh 0.227 0.967|| 9 NOSC 19 LOCC |9 NOA 19 HDIF
NOD  0.216 0.945||10 LOC 20 NL 10 CBO 20 NL
*CI: component T, C2: component 2
TABLE 9
Regression Models on Principal Components
Evaluation Counterfacts R» Adjusted Standard P
Measures R Error
Precision LDA 0935  0.935 0.029  0.000
PageRank 0934 0934 0.031  0.000
LsI 0.892  0.891 0.038  0.000
VSM 0.825 0.824 0.054  0.000
Recall LDA 0925  0.925 0.101  0.000
PageRank 0.89 0.889 0.133  0.000
LsI 0.806  0.804 0.161  0.000
VSM 0.623 0.62 0.213  0.000
MAP LDA 0.702  0.699 0.073  0.000
PageRank 0.77 0.768 0.074  0.000
LSI 0.544  0.539 0.096  0.000
VSM 0.242  0.235 0.156  0.000
MRR LDA 0.911 091 0.142  0.000
PageRank 0.553  0.549 0.183  0.000
LsI 0.826  0.825 0.198  0.000
VSM 0.692  0.689 0.261  0.000
TABLE 10
P Values for Wilcoxon Signed-rank Test and Paired t-test
Techs. Test MRR | MAP | Recall | Precision
PageRank | t-test 0.000 | 0.000 | 0.000 0.000
vs. LDA | Wilcoxon | 0.000 | 0.000 | 0.000 0.000
PageRank | t-test 0.000 | 0.002 | 0.047 0.047
vs. LSI | Wilcoxon | 0.000 | 0.000 | 0.000 0.000
PageRank | t-test | 0.000 | 0.000 | 0.000 0.000
vs. VSM | Wilcoxon | 0.000 | 0.551 | 0.031 0.000
LDA t-test 0.000 | 0.000 | 0.000 0.000
vs. LSI | Wilcoxon | 0.000 | 0.000 | 0.000 0.000
LDA t-test 0.000 | 0.000 | 0.01 0.000
vs. VSM | Wilcoxon | 0.000 | 0.000 | 0.000 0.000
LSI t-test 0.000 | 0.000 | 0.000 0.000
vs. VSM | Wilcoxon | 0.000 | 0.000 | 0.137 0.000

coefficients highly depend on the absolute scores of FLT
evaluation measures on which they are measured [50], [61].
Therefore, to indicate the significance of such coefficients
(i.e. Brr — Brpa like slopes), the rows labeled AAD (Abso-
lute Average Difference) present the average of the absolute
values of outcome variables (i.e. performance differences in
terms of each evaluation measure) for each pair of tech-
niques. In essence, Table 11 shows that the magnitude of
treatment effect (performance difference between two FLTs)
depends on the value of the moderating metrics [32].
Answer to Research Question 2 — The results in Table 11
imply that differences in performance between FLTs can
be significantly moderated by the feature characteristics
measured in the metric suite proposed i.e. RFS, CiF, TE,
ULC, LS, and OS. In terms of the moderation effect size,
RFS,ULC, and LS seem to be the largest contributors.

6 DiscussION AND LESSON LEARNED
6.1 Discussion

Effect of Feature Suite — Table 7 highlights two important
aspects of the observed FLTs" performance. Firstly, different
aspects of FLT performance, captured by the four evaluation
measures, seem aligned with feature metrics. For example,
RFS better explains precision and MAP, most likely be-
cause the proportion of the feature-related elements in the
system directly affects the proportion of the feature-related
elements in retrieved results. Unsurprisingly, it seems less
able to explain MRR. Instead, CiF better explains MRR
in the baseline IR techniques, reflecting the hypothesis in
Section 3 that higher CiF scores indicate the presence of
more basic/core source-code elements that offer a gateway
to many features and that the presence of these elements
facilitates finding feature footholds.

As expected, ULC can better explain recall, presumably
because a feature that encodes more unique domain knowl-
edge seems more likely to be mapped to a (sensible) feature-
query. However, in PageRank which combines structural
information with IR, U LC better explains the foothold loca-
tion goal. This is surprising because I/ LC is largely agnostic
to structure and, if anything, would intuitively seem to
increase when there are fewer structural connections to
a code element. It is possible though, that Z/£C’s higher
mapping to the query may dominate any such effect.

On the contrary, in the vast majority of cases, QS seems
to explain the reducing performance part of FLTs (note
the ‘-’ sign). This may because, the larger QS, the less
distinctive the query, which makes it difficult for the FLTs
to discriminate between the features successfully. At first
glance, this implies that the query expansion work done by
other researchers in the FLT domain [15], [64], [65] might not
provide the expected benefits. However, the difference here
is that the study uses larger feature queries, as provided,
whereas work on query expansion in FLTs concentrates on
smart approaches to expanding the query, and this may
explain their positive impact, as suggested by Sisman et
al. [64] and Mills et al. [15]. Our finding suggests that the
longer sized queries in our feature sets were less succinct.
Note though that this finding does not imply an absolute
inverse relation where the performance of the FLTs always
reduces, with an increase in 9S8 value. Instead, it shows that,
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TABLE 11
Moderation Analysis for Performance Difference in FLTs
MRR MAP Recall Precision
Metric Bpr — BLDA P Metric Bpr — BLDA P Metric Bpr — BLDA P Metric Bpr — BLDA P
PageRank RFS 21717 0.000 RFS 0.20712 0.000 RFS 0.20513 0.000 RFS 0.0445 0.000
Vs, UurLc 0.67763 0.000 ure 0.06247 0.000 Uure 0.06194 0.000 ure 0.01331 0.000
LDA LS 0.3164 0.000 LS 0.0298 0.000 LS 0.02963 0.000 LS 0.00635 0.000
CD 0.00243 0.000 CDC 0.00018 0.000 CDC 0.0002 0.001 | CextitiF 0.00004 0.000
CLOCC 0.00235 0.011 CD 0.00017 0.001 CD 0.0002 0.000 [ 0.00003 0.000
CextitiF 0.0016 0.000 | CextitiF 0.00015 0.000 | CextitiF 0.00015 0.000 CD 0.00003 0.001
QS 0.00138 0.000 QS 0.00012 0.000 QS 0.00009 0.000 TE 0.00002 0.000
TE 0.00076 0.000 TE 0.00007 0.000 TE 0.00007 0.001 REC 0.00002 0.000
NLE 0.00069 0.001 NLE 0.00006 0.01 NOP 0.00006 0.000 NL 0.00002 0.014
NL 0.00062 0.01 NOP 0.00005 0.012 NL 0.00006 0.013 CLOCC 0.00001 0.01
AAD 0.2528 0.0466 0.086 0.0163
Metric Bpr — Brsi P Metric Bpr — Brsi P Metric Bpr — Brsi P Metric Bpr — BLsI P
PageRank RFS 1.96753 0.000 RFS 0.269 0.000 LS 0.6594 0.000 RFS 0.05897 0.000
vs. UurLe 0.6142 0.000 UurLe 0.08263 0.000 RFS 0.45053 0.000 urLe 0.0179 0.000
LSI LS 0.28575 0.000 LS 0.0391 0.000 Uure 0.13871 0.000 LS 0.00858 0.000
SigFF 0.00226 0.001 CDC 0.00026 0.004 CD 0.0005 0.001 | CextitiF 0.00005 0.000
CDC 0.00217 0.000 CD 0.00026 0.000 CLOCC 0.00048 0.02 oS 0.00004 0.000
CextitiF 0.00145 0.000 | CextitiF 0.0002 0.000 | CextitiF 0.00032 0.000 CD 0.00004 0.004
QS 0.00122 0.000 QS 0.00018 0.000 oS 0.0003 0.000 TE 0.00002 0.000
TE 0.0007 0.000 TE 0.0001 0.000 TE 0.00016 0.000 RFC 0.00002 0.000
NL 0.00063 0.003 NIIM 0.00008 0.002 NOP 0.00013 0.006 NL 0.00002 0.001
NOP 0.00057 0.006 LLOCC 0.00007 0.01 NLE 0.00013 0.008 CLOCC 0.00001 0.01
AAD 0.2292 0.0372 0.068 0.0124
Metric Bprr — Bvsm P Metric Bprr — Bvsm P Metric Bpr — Bvsm P Metric Bpr — Bvsm P
PageRank RFS 1.62 0.000 RFS 0.40334 0.000 RFS 0.91532 0.000 RFS 0.01614 0.000
VS. urLe 0.5072 0.000 urLe 0.126 0.000 UurLe 0.28493 0.000 UurLe 0.00487 0.000
VSM LS 0.2361 0.000 CBO 0.0661 0.000 LS 0.1336 0.000 LS 0.00227 0.000
CD 0.00186 0.001 LS 0.059 0.000 CD 0.00105 0.000 | CextitiF 0.00074 0.000
CLOCC 0.00179 0.009 CD 0.00045 0.000 CDC 0.001 0.001 CD 0.00003 0.000
CextitiF 0.00119 0.000 CDC 0.00043 0.001 | CextitiF 0.00066 0.000 CDC 0.00002 0.003
oS 0.00096 0.000 s 0.00031 0.000 oS 0.00065 0.000 NL 0.00002 0.000
TE 0.00057 0.000 | CextitiF 0.00029 0.000 TE 0.00032 0.000 TE 0.00002 0.000
NLE 0.00053 0.001 TE 0.00014 0.000 NLE 0.00029 0.006 (O 0.00002 0.000
NOP 0.00047 0.005 NLE 0.00013 0.000 NOP 0.00026 0.002 DIT 0.00001 0.006
AAD 0.29 0.064 0.1283 0.0315
Metric BLpa — Brsr P Metric BrLpa — Brsr P Metric BrLpa — Brsr P Metric BrLpa — Brsr P
LDA RFS 0.2042 0.000 LS 0.0926 0.000 RFS 0.2454 0.000 RFS 0.01447 0.000
vs. urLe 0.06347 0.000 RFS 0.0614 0.000 ure 0.07678 0.000 ure 0.00459 0.000
LSI LS 0.03065 0.000 UurLe 0.02017 0.000 LS 0.03631 0.000 LS 0.00223 0.000
CDC 0.00018 0.001 oS 0.0006 0.000 CD 0.0003 0.000 oS 0.00003 0.000
CLOC 0.00017 0.019 | CextitiF 0.0004 0.000 CDC 0.00028 0.001 | CextitiF 0.00002 0.000
QS 0.00016 0.000 TE 0.0002 0.000 [ 0.00021 0.000 RFC 0.00002 0.000
CextitiF 0.00015 0.000 CDC 0.00008 0.008 | CextitiF 0.00018 0.000 NL 0.00002 0.000
TE 0.00007 0.000 CD 0.00008 0.000 TE 0.00009 0.000 CD 0.00002 0.001
NIIM 0.00007 0.007 DIT 0.00007 0.000 NLE 0.00008 0.01 TE 0.00002 0.000
NLE 0.00006 0.000 NOP 0.00002 0.001 NOP 0.00007 0.003 CLOCC 0.00001 0.006
AAD 0.0722 0.036 0.073 0.0177
Metric BLpa — Bvsm P Metric BLpa — Bvsm P Metric BrLpa — Bvsm P Metric BLpa — Bvsm P
LDA RFS 0.554 0.000 RFS 0.19621 0.000 RFS 0.7102 0.000 RFS 0.06064 0.000
Vs. UurLc 0.17031 0.000 UurLe 0.06344 0.000 Uure 0.223 0.000 Uure 0.01817 0.000
VSM LS 0.08031 0.000 LS 0.0292 0.000 LS 0.10397 0.000 LS 0.00862 0.000
CDC 0.0006 0.000 CD 0.00027 0.001 CLOC 0.00084 0.022 NL 0.00029 0.01
CD 0.00057 0.02 CDC 0.00025 0.008 (O 0.00056 0.000 | CextitiF 0.00005 0.000
oS 0.00043 0.000 oS 0.00019 0.000 | CextitiF 0.00052 0.000 CDC 0.00005 0.000
CextitiF 0.00041 0.000 | CextitiF 0.00014 0.000 TE 0.00025 0.000 CD 0.00005 0.000
TE 0.0002 0.000 TE 0.00007 0.000 NIIM 0.00023 0.001 TE 0.00002 0.000
NLE 0.00017 0.000 NLE 0.00007 0.001 NLE 0.0002 0.000 oS 0.00002 0.000
NL 0.00015 0.001 NOP 0.00006 0.01 NOA 0.00018 0.021 DIT 0.00001 0.01
AAD 0.1231 0.0756 0.1335 0.0393
Metric Bvsm — Brst P Metric Bvsm — Brsi P Metric Bvsm — Brst P Metric Bvsm — BLsi P
LSI RFS 0.35 0.000 RFS 0.135 0.000 RFS 0.465 0.000 RFS 0.075 0.000
VS. urLe 0.11 0.000 UurLe 0.043 0.000 UurLe 0.15 0.000 urLe 0.0228 0.000
VSM LS 0.05 0.000 LS 0.02 0.000 LS 0.068 0.000 LS 0.011 0.000
oS 0.00027 0.000 CDC 0.00018 0.015 CDC 0.00052 0.029 REC 0.00007 0.004
CextitiF 0.00026 0.000 oS 0.00013 0.000 oS 0.00035 0.000 SigFF 0.00007 0.000
TE 0.00013 0.000 | CextitiF 0.0001 0.000 | CextitiF 0.00034 0.000 | CextitiF 0.00006 0.000
NLE 0.0001 0.022 TE 0.00005 0.000 NLE 0.00015 0.000 (O 0.00003 0.000
NL 0.00009 0.024 NOP 0.00005 0.039 NL 0.00013 0.000 TE 0.00003 0.000
NumPAR 0.00007 0.000 NLE 0.00005 0.000 DIT 0.00012 0.000 NL 0.00002 0.000
NOIM 0.00004 0.035 NL 0.00004 0.000 TE 0.0001 0.000 McCC 0.00002 0.000
AAD 0.0951 0.0574 0.0962 0.0305
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in combination with the main regressor variable which ex-
plains enhancement (CiF in the case of MRR), QS explains
the antagonistic side [18], [19] regarding the portion of the
effect not explained by the main regressor.

Similar to QS, 7€, and LS explain a small portion of the
FLTs’ reducing performance when they appear. This sug-
gests that, as expected, tangling and vocabulary replication
may help explain the antagonistic part of the relationship,
in combination with the main regressor(s).

Another important aspect highlighted in Table 7 is that
the pattern across techniques (PageRank, LDA, LSI, VSM)
is highly consistent, particularly concerning their major
sources of variance. This suggests the metrics’ efficacy with
respect to the measurement methods. Overall, the results
show that our feature metric suite controls the performance
of FLTs more than the other code metrics employed.

The results in Table 8 also suggest that the information
captured by the metrics may not be very unique/has high
repetition. To assess this we moved beyond the default
implementation of SPSS, where a new component is only
selected if its Eigen value is greater than one. Instead,
factors were kept fixed, with eight different components.
But, in that analysis, the unique variance was still limited,
other than in the initial two components, which explained
98.56% variance in total. It seems that the metrics studied
are best clustered only based on a textual-IR dimension and
on another code-structural dimension, the latter containing
characteristics like Number of Children (NOCh).

Top Moderators — Overall, of the evaluation measures
presented in Table 11, RFS, ULC, and LS are found to be
the strongest metrics that moderate the relative performance
of different FLTs. It is interesting that all of these metrics
measure the relative size of features with respect to the
system in terms of the number of code elements, unique
lexicon, and corpus, respectively. This suggests that the
performance difference between FLTs can be significantly
impacted simply by altering feature size. It is also interesting
to note that while two of these measures are based on
lexicons and might be expected to impact on IR-based FLTs,
the third is not: it is purely based on the numbers of code
elements. Intuitively though, a larger RFS suggests a larger
number of lexicons and so this may explain the impact.

As an example, consider the difference between PageR-
ank and LDA techniques in terms of MRR where the mod-
eration coefficient of RFS is 2.1717. This means, for every
one-unit (i.e. value 1) change in the RFS value of the
feature sets, the performance of PageRank and LDA differ
by 2.1717 in terms of MRR [66]. More concretely, if the to-
be-located feature is composed of 10% of the methods in
a system (i.e. 0.1 RFS), then LDA would be expected to
outperform PageRank, in terms of MRR score, by 0.21717
based purely on that RFS value. That is, if PageRank
identifies the top feature-related element at 40‘" position
(0.025 MRR), then LDA could have an MRR score of 0.025 +
0.21717 = 0.24217, implying the top feature-related element
would be in 4*" position in its list. Of course, the effect is
not always that dramatic: if some other feature comprises
of 25% of the system elements (i.e. the RFS is 0.25), and if
the better-performing technique identifies the first feature-
related element at the 1°! position on the list (i.e. MRR score
1), the other technique would be expected to identify the

first feature-related element at the 2" position in the list:
that is with a MRR score 1 - (2.1717/4) = 0.4570. While we
anticipate that these high values of RFS are not typical, the
examples illustrate the potential impact of the metric suite
across FLT approaches for different evaluation metrics.

Note also that the complete feature metric suite proposed
is selected in the Top 10 moderators, in all cases. This further
validates the effect of the metric suite, as a set of characteris-
tics causing performance differences over FLT performance
measures. However, characteristics may also have internal
interactions (i.e. multiplicative moderation [18], [19]), which
causes the characteristics in our metric suite to differently
effect the performance across FLTs and the performance
differences between FLTs.

6.2 Practice Guide and Recommendations

Table 12 summarizes the findings garnered from this study.
The left-hand-side of the table, where evaluation measures
are mapped to the techniques, summarizes FLTs" perfor-
mance with respect to feature characteristics, whereas the
right-hand-side of the table summarizes the performance
difference between pairs of FLTs with respect to the same
characteristics. An ‘1’ symbol in the first part indicates
the main regressor: where the characteristic, as quantified
by our metrics, causes the maximum performance of a
technique. A “+” or -’ symbol shows that the characteristic
seems to combine with the main regressor to explain an
enhancing or antagonistic effect on the performance of the
FLT measure, respectively. An empty cell reflects no impact.
An 1" symbol in the second part of the table shows
the main moderators with respect to different FLTs: The
characteristics that cause the major performance difference
between pairs of FLTs. Additionally a ‘|” symbol shows that
the respective characteristics may impact FLTs” performance
to a small degree. Based on the findings in Table 12, the
following guidance for the community is suggested:

1) Empirical Design Guidance for Researchers (1):
It is clear from the table that precision and MAP
are mostly impacted by RFS, recall is impacted
by ULC and MRR, in the IR-based techniques, is
impacted by CiF, whereas in the hybrid-technique it
is impacted by U/ LC. This should guide researchers’
empirical designs: If they select feature sets that
have high RFS, then they can expect higher pre-
cision and MAP and should acknowledge that ex-
pectation explicitly in their papers. Likewise, if that
feature set has low U LC, then they can expect lower
recall, and should declare that also. Reversing this,
if a researcher is aiming for (for eg) high precision in
their study, they should ensure that they employ at
least two feature sets: one with a high RFS and one
with a low RFS. More generally, it suggests that
researchers should select a 'balanced, fair’ feature
set or a number of feature sets that have ranges of
RFS,ULC, and CiF values, to report on how well
their FLTs work in specific metric-contexts, based on
the evaluation measure chosen. (The 'balanced, fair
feature set” idea is returned to on the next page).

2) Empirical Design Guidance for Researchers do-
ing comparison studies (2): Additionally, if re-
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TABLE 12
Summary of the Findings for Practice Guide
Precision Recall MAP MRR Performance Difference in Pairs of FLTs
PR LDA LSI VSM|PR LDA LSI VSM|PR LDA LSI VSM|PR LDA LSI VSM ||PR-LDA | PR-LSI | PR-VSM | LDA-LSI| LDA-VSM | VSM-LSI
RFS| 1+ t 7 * R T T T T T T
ULC|+ o+ o+ o+ [T Tt T T+ 1 0 0 1 1 1
CiF + o+ o+ 4+ + 1 | | | | | |
LS - T - - ) ) T ) ) )
TE 2 R - - | | | | |
os|- - - -f- - - - - e e - e - | | | | |

searchers’ empirical studies compare different FLTs,
they should be cognisant of the relative impact
of the metrics on different FLTs and the impact
that may have on their comparison results. Con-
sequently, they should declare their feature sets’
associated feature characteristics (especially RFS,
ULC, and LS), ideally selecting a number of feature
sets that have a range of feature characteristics.

3) Guidance for Article Reviewers: When reviewing
a paper, reviewers should be aware of the potential
impact of feature characteristics on the results ob-
tained. They should require a feature-set profile to
be included in the empirical design section and re-
sultant consideration of these feature characteristics
in the results-discussion section. This is particularly
important in comparison studies where different
feature characteristics may result in two, otherwise
identical, studies returning quite different results.

4) FLT Selection for Practitioners: As new results
emerge from the literature, practitioners will be in a
better place to select appropriate FLTs for their work
contexts: If they know the characteristics of their
systems’ feature sets (possibly through analysis of
past feature enhancement commits), and are aware
of studies that evaluate the relative performance of
differing FLTs, given different feature characteris-
tics, then they should be better placed to identify
the most appropriate FLT for their specific context.
For example, Table 12 suggests that, if a system has
a large RFS, PR should be considered first.

Figure 5 illustrates the analysis process performed in this
study, i.e. evaluation of the FLTs to identify the characteris-
tics either causing the performance across or between FLTs.
Each different goal of an FLT evaluation, as measured by
precision, recall, MRR, or MAP, may be prone to a different
set of such characteristics. As an example, the centre of
Figure 5 shows a partial profile of feature characteristics af-
fecting performance across-and-between FLTs for MRR (see
Table 7 and Table 11 for a complete profile, respectively). As
time goes by, the research community can work to expand
the profile adding more characteristics (i.e. new columns in
these tables). Likewise, as new FLTs proposed by researchers
are assessed cognisant of the feature characteristics, addi-
tional rows can be added to these profiles.

Using this framework a mapping between features’
characteristics and FLTs/evaluation goals can be leveraged

towards recommending FLTs or feature-sets for evaluation:

1) Guidance towards FLT Recommendation — The
profile of the performance-causing characteristics
records two sets of information: 1) which set of
characteristics impact the performance of an FLT
and, 2) how much a set of these characteristics cause
different FLTs" performance. A developed profile
of such characteristics can act as a recommenda-
tion system for developers who may be interested
in determining which FLT is appropriate for their
software-system based, perhaps, on historical bug
repositories that can act as proxies for feature sets.
Figure 5, on the left-hand-side, demonstrates this
scenario of FLT recommendation. A given feature-
set can be first assessed for its feature characteristics.
Then, identified characteristics could be mapped to
the FLTs, and an FLT that performs better on such
characteristics can be recommended. For example,
given MRR as a goal and a feature-set with high
CiF value, the system may recommend LDA as the
appropriate technique (given the tables in Figure 5).

2) Guidance towards Understanding Conflicting
Findings — The profiling of performance differences
between feature characteristics keeps a record of
how much each pair of techniques differ in their per-
formance, given an impactful characteristic. Hence,
a documented profile of such characteristics can
be leveraged towards understanding some of the
performance difference between a pair of FLTs. The
right-hand-side of Figure 5, illustrates how this can
happen. For example, given PageRank and LDA
as a pair of FLTs compared using the feature set
employed in this study, with each unit change in
RFS, they will differ in their relative performance
by 2.17 for MRR-based evaluation.

3) Guidance towards Curating a Fair and Balanced
Evaluation Benchmark — An important insight that
follows from this paper is that researchers should
strive towards a fair, balanced benchmark for FLT
evaluation, in terms of feature-set characteristics. By
fair and balanced we imply: 'representative of” the
feature sets faced by researchers and practitioners
in the software systems they study and maintain.
But the only way this could reasonably be achieved
would be to analyse many (all) features over many
(all) systems and use that data to derive a repre-
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Fig. 5. FLT and Feature Set Recommendation Framework

sentative feature set, in terms of its feature-metric
values. Such a "Holistic Feature set’ is presented to
the top right-hand-side of Figure 5.

The work reported on here can be contextualized as
beginning that process towards a fair and balanced
benchmark: By calculating the feature-characteristic
metrics for each system employed in the empirical
study, a profile for each system (and across systems)
can be generated for impact-ful feature metrics.
Table 13 presents this profiling of our dataset based
on the metric suite presented. Researchers may
build on these profiles with their own datasets* but
should also consider the following factors:

a) Change in individual FLT performance,
based on changes in feature metrics’ values;

b) Performance differences between pairs of
FLTs, caused by an increase or decrease in
those metrics’ values;

¢) That the individual systems in Table 13 vary
widely in terms of their feature metrics and
so a representative benchmark may be of
lesser utility for practitioners who have to
deal with specific, individual systems.

7 THREATS TO VALIDITY

As with any empirical study, a number of threats to validity
exist and these are discussed in terms of internal, construct
and external validity [67].

Internal Validity — There could be other potential mod-
erators that would have to be controlled to explain part of
the variance in both research questions. For example, the

4. Please submit your feature set at: http://metriccalculator.lero.ie/
FeatureMetricCalculator/

[

41 software metrics that made up the second component of
our analysis explains less variance, but NL and NLE were
found to have a small moderation effect. Likewise, metrics
other than code metrics (e.g. process-level metrics [57]) may
also impact on FLTs performance. However, the inclusion of
such metrics does not nullify the validity of the impact of
our metric suite, as determined here.

In a few cases, performance measurement data were
non-normally distributed. However, in multiple regression
analysis, collinearity and heteroscedasticity are more im-
portant than normality of data [55], [58], and these have
been addressed in this study. Also, the large feature set,
containing 878 features, lessens the limitation caused by
non-normality of data: Finch et al. [68] suggested a negli-
gible impact of non-normal data on parameter estimation
in structural equation models when a large sample size is
employed: As suggested by Green [69], a sample size of 427
or more is required for the 47 metrics.

The strength and significance of the relationships be-
tween our metric suite and the performance of FLTs are
ultimately dependent on the quality of the feature sets
used to determine FLTs performance scores. But absolutely
correct and complete feature sets in FL are nearly impossible
to come by, apart maybe from macro-based feature-sets.
We used these macro-based feature-sets where possible [70]
and, for nearly half of the features (468 out of 878) em-
ployed in this study, triangulation was used in their initial
creation to buttress their quality [7]. The feature sets for the
remaining portion of the features are created solely from
re-enactment data-sets; however, these feature sets are the
most commonly used ones in FLTs evaluation [3].

Finally, we employed feature-level aggregation of the
source code metrics (e.g. aggregation of the LOCs) for all
feature-related elements, when extrapolating the presented
metric suite. It is an open question as to whether this is the
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TABLE 13
Holistic and By-system Profile of the Metric Suite

Impactful Metric
RFS ULC CiF LS TE Qs

Holistic 0.091 0.321 1235 0.638 255.8 189.2
Rhino 0237 0.785 3262 1.639 665.1 379.1
ArgoSPL 0.031 0.228 5.826 0.242 211.1 219.6
jEdit 0.001 0.028 1.667 0.013 1.633 31.21
JabRef 0.001 0.049 1.231 0.032 1.154 37.31
ArgoUML 0.001 0.023 0945 0.008 2.055 37.21
muCoammnder | 0.001 0.039 1.631 0.016 1.478 29.31
Mylyn 0.015 0.108 0.401 0.144 0401 263.6
iBatis 0.007 0.052 9.412 0.095 11.424 195.1
Eclipse 0.001 0.005 0.089 0.001 0.133 30.31

correct approach. For example, using the average LOC of the
elements implementing a feature might impact the results.

Construct Validity — The four evaluation measures that
are used, while considered best of breed, do not capture
all facets of FLT-evaluation. For example, FLTs could be
evaluated for usefulness, usability, efficiency, and/or perfor-
mance: The measures employed here focus on performance
only. We selected performance because that facet of evalua-
tion is predominant in FL literature, employed in 86% of the
studies which undertook some form of evaluation [3].

External Validity — The generalization of the experimental
effect is always an issue if the experiment is designed
without creating strong counterfactual inferences and/or
without including the maximum possible relevant extrane-
ous variables (to remove other plausible explanations). We
employed 47 metrics in total, combined with counterfactuals
including four different FLTs (in research question 1) and
four evaluation measures (in research question 2). However,
to a certain degree, the causal relationships built in this
study are limited by the systems employed in that they
are limited in number, older in age, open-source and imple-
mented only in Java. Notwithstanding, the selected systems
are the most used in the feature location field and, in the
future, we are committed to expanding our experiments to
systems written in other programming languages.

Another external-validity limitation is the type of FLTs
assessed. That is, only three IR-based and one structural-
combined-with-IR techniques are employed. Other types of
FLTs may likely be impacted by other feature characteristics.
However, this research proactively targeted these best-of-
breed [32] and state-of-the-art [14] FLTs, in an effort to drive
more encompassing comparability across FLT research.

Finally, of course, this is just the first study on feature
characteristics and their effect on FLTs. Further work is
needed to identify additional metrics of interest, not just for
the FLTs studied here, but for techniques in related fields
and more advanced FLTs, performing more sophisticated
analyses. For example, several techniques in the related field
of bug localization employ sample data to derive heuristics
that, in turn, can be used to identify code elements that
need to be changed [71]. We contend that that sample data
should be selected cognizant of the impactful feature metrics
presented here. Similarly, several novel techniques employ

machine learning approaches to dynamically build vectors
that can be used in locating feature-related code [72]. In such
cases, already known metrics values could be used to assess
the quality of the vectors dynamically selected.

8 CONCLUSIONS AND FUTURE WORK

The vast numbers of FLTs proposed by the research com-
munity impose difficulties for practitioners and researchers
when trying to decide on the appropriate technique to
employ. These difficulties have been aggravated by the con-
flicting findings across studies that attempt to cross-compare
FLTs and the inconsistent empirical designs that prohibit
generalizing across the results. In this paper, we argue that
only by assessing the FLTs performance, cognisant of fea-
tures’ characteristics, will we allow practitioners to select the
appropriate FLTs for given system contexts and researchers
to design trusted feature sets which provide coverage over
relevant feature characteristics. Towards this agenda, this
paper presents a feature-metric suite that contains six new
feature-set metrics. These were tested, in combination with
41 existing software metrics, in order to assess the impact of
the underlying feature characteristics on FLT performance.

This paper empirically evaluated the potential impact of
the presented metric suite, employing a set of 878 features,
using a controlled experiment. The control relation in the
experiment was established using extensive extrapolation
and counterfactual inferences. Results of this study suggest
that our metric suite 1) explains major variance in the
performance of FLTs using established evaluation measures
and 2) strongly impacts the relative performance differences
between different FLTs. The following findings have been
garnered from this work:

1) It illustrates the effect of features characteristics
on FLTs" performance and suggests that, based on
these characteristics, the feature sets employed in
FLTs evaluation differ in their affinity to different
FLTs. Thus, reviewers of the literature need to be
aware of this effect when evaluating FLTs compared
using different feature sets. To that end, we have
provided a website: http:/ /metriccalculator.lero.ie/
FeatureMetricCalculator/ to allow researchers to
submit a feature set and generate a feature set pro-
file, in terms of the metrics presented here. This site
also contains the metric profile for all the feature sets
used in this study. Using this, researchers should
be better able to critique conflicting results in FLTs’
comparisons [6], [8], [14], that may occur due to
different feature sets.

2) The presented metric suite allows the cognisant-
selection of features for FLT evaluation. Research
in this direction would initially allow the creation
of features sets, which provide high and low-value
coverage for relevant feature characteristics.

3) Subsequent research might focus on the creation of
a fair and balanced benchmark. But such a bench-
mark may be of lesser utility given the wide spread
of feature-metric values in different systems. For
example, practitioners who are interested in deter-
mining the best FLT for their system will want to
identify FLTs that work best on systems with a
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similar feature-metric profile. If a balanced bench-
mark differs significantly, then studies using that
benchmark are of lesser utility to that practitioner.
More generically, this research moves towards stan-
dardizing the empirical design for FLTs evaluation
by exposing a third variable (feature characteristics)
as a moderator which can control FLTs" perfor-
mance. As Dit et al. note [5], systems-tested-against
is a core component in the empirical evaluation of
FLTs and studies like this can also be employed to
test confounding effects [18], [19] of other character-
istics (e.g. process-level metrics [21], [51], [52]).

4)

In the future, we are planning to enhance our feature

metric suite with static [28], [56], dynamic [1] and process-
level [21], [51], [52] feature metrics for static, dynamic and
historical analysis on systems written in different languages.
In addition, we did not consider the relationships between
metrics here. Hence, in the future, we want to assess the
impact of multiple moderator (feature characteristics) inter-
actions through multiplicative moderation [18], [19].
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