On the Search for Proxy Measures of Effort
Florian Uunk∗ , Rick Kazman† , Yuanfang Cai‡ , Noah Black‡ , Carlos V. A. Silva§
Giuseppe Valetto‡ , Lu Xiao‡ and Fetsje Bijma∗
∗

†

Vrije Universiteit Amsterdam
University of Hawaii and Software Engineering Institute, Carnegie-Mellon University
‡ Drexel University
§ Federal University of Bahia

Abstract—Obtaining detailed measures of effort in software
projects is difficult. The vast majority of developers in opensource projects do not report their effort. And in closed-source
(proprietary) software, when developers track effort, they typically do so at the level of system, sub-system, task, or feature.
Furthermore this proprietary data is seldom made public. This is
a problem for researchers who are interested in the relationships
between software quality and effort. The raw data on which
an analysis could be based is simply not available. In this
paper we propose, justify, and provide empirical evidence for
the adoption of three proxy measures for effort, based on data
that is freely available from open-source projects. We call these
measures actions (the number of patches and commits made
to a file in addressing an issue), churn (the number of lines
of code changed in addressing an issue), and discussions (the
number of textual comments associated with a file in addressing
an issue). We first motivate the use of these three measures, and
then analyze 5 Apache projects to gain insight into how these
measures behave, and their relationships to software complexity.
We conclude by showing that these three proxy measures of
effort are complementary with each other, and their variations
are significantly correlated with the variation of canonical file
metrics, lending support to the hypothesis that these are truly
operationalizing effort.
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I.

I NTRODUCTION

Estimating the effort, cost and complexity of software
development activities is of vital importance for IT management, but notoriously challenging to do well. Molukken and
Jorgensen [1] showed that 60-80% of software projects run
over budget by 33% on average. During the maintenance
phase, software ages and the code base gets cluttered by an
accumulation of changes, often referred to as technical debt
[2]. When technical debt is not addressed, further development
will be hindered. A major way to address technical debt is code
(re-)modularization through refactoring.
If decision-makers (e.g. project managers) do not have
good insight into the benefits of refactoring, it is difficult to
know when to refactor, if at all. Numerous prediction models
have been proposed recently to identify components that are
error-prone [3], [4], or to predict project development cost and
effort [5], [6]. But this existing work does not directly support a
project’s decision-makers in answering the following question:
when is it worthwhile to refactor the software to reduce the
complexity and make it better modularized?
While the costs of modularization activities such as refactoring are significant and immediate, their benefits are largely

intangible and long-term. It has been known for decades that
modularity decay can cause substantial problems in projects,
such as reduced ability to provide new functionality and
fix bugs, operational failures, and, in the extreme, canceled
projects. But there is no established quantitative association
between modularity variation of a source code file and the variation of its maintenance effort. A big impediment to creating
such an association is that the raw data on which an analysis
could be based is simply not available. The vast majority of
developers in open-source projects do not report their effort.
And in closed-source (proprietary) software, effort data are
generally not publicly available. Open data repositories, such
as Promise1 , have made significant contribution by allowing
projects to donate data—including effort data—to be used
by researchers. The way effort data are typically recorded,
however, makes them insufficient to answer the above question.
First, effort is usually measured using units of person-days
or person-months and at the level of system, sub-system, task,
or features, but it is difficult to attribute these effort measures
to files. Even for commercial systems, person-days spent on
maintaining individual files are not recorded. Consequently,
even if file metrics indicate modularity degradation, the penalty
caused by the structural degradation of a set of files is hard to
be distinguish, quantify, or link to extra budget or effort spent
on these files. We need file-level effort metrics that are widely
applicable to both open-source and closed-source projects.
Second, prior work has demonstrated a strong correlation
between file complexity and quality. File metrics, such as complexity, coupling and cohesion, have long been used to predict
maintainability [7]. Still, there is no way for a decision-maker
to know, with confidence, if a project’s modularity gets worse
(or better) how much more (or less), it will cost to maintain
and extend. Without such a foundation, it is difficult to predict
the costs of the technical debt incurred from a deterioration in
a project’s modularity. And it is equally difficult for decisionmakers to justify the potential cost-savings from a proposed
refactoring activity.
Our research goal is to provide an empirical foundation
upon which sound refactoring decisions may be based, by
relating variation in the complexity of code to variation in
effort spent on maintaining the code—and hence cost. As
the first step, in this paper, we propose, justify, and provide
empirical evidence for the adoption of three proxy measures for
effort, based on data that is freely available from open-source
projects. We hypothesize that the following proxy measures
1 https://code.google.com/p/promisedata/

actions: the number of patches and commits made to
a file in addressing an issue,
churn: the number of lines of code changed in addressing an issue, and
discussions: the number of textual comments associated with a file in addressing an issue.

and others may eventually be rejected in the eventual commit.
Simply looking at the lines of code that changed between
one version of a file and another would not capture the full
complexity of all of the patches, which after all represent
effort. Hence, we reasoned, that counting the patches and
commits may be another valid and complementary measure of
effort: the more patches that are required to address a change
or fix a bug, the greater the effort. We term this measure of
effort actions.

We begin by motivating and justifying the choice of these
three measures. We motivate the use of actions and churn by
appealing to prior art in software cost estimation. We motivate
the use of discussion as a measure of effort by applying
the Grounded Theory Method to open-source software. We
then analyze 5 Apache projects to gain insight into how
these measures behave, and to understand their relationships to
software complexity. We conclude by showing that these three
proxy measures of effort are complementary to each other,
and that their variations are significantly correlated with the
variation of file complexity, lending support to the hypothesis
that these are truly operationalizing effort.

Discussions. Finally, as pointed out above, not all lines
of code are equal. Every experienced programmer has had
times when they struggled over 20 lines of code, or when
they created 500 lines of code with relative ease. Part of the
reason for this disparity is the inherent complexity of the issue
being addressed, or the programmer’s understanding of the
issue. In an OSS project such issues are discussed among the
contributors and committers. Hence, we reasoned, counting the
amount of discussion associated with a file might be another
valid and interesting measure of effort. We call this measure
of effort (not surprisingly) discussions, and our reasoning is
based on a Grounded Theory investigation.

have the potential to bridge the gap between file complexity
variation and associated maintenance cost calculation:
•
•
•

II.

M EASURES OF E FFORT

We have considered a number of factors in our search
for appropriate measures of effort, including granularity, credentials, and rationale. Measures of effort, to be useful for
our goals of making economic decisions about modularity
and refactoring, need to be defined at the appropriate level
of granularity. For our purposes, that is the file level, since
source files contain modularity decisions and source files are
what developers re-modularize and refactor. Software project
effort, however, is traditionally measured using person-days or
person-months and is allocated to ”tasks” in a work-breakdown
structure, which is far too coarse-grained to make file-level
decisions. We propose the aforementioned three effort proxies
based on the following rationale.
A. Proposed Effort Measure Suite
Churn. Perhaps the most widely and longest used measure
of effort in software engineering is lines of code. While this
measure of effort is not without problems, lines of code has
been a common output of software effort estimation models
such as Function Points, Use Case Points, and the CoCoMo
family of models [8], [9] for nearly 3 decades. So we chose
to include lines of code added, delete, or changed, commonly
referred to as churn, as one type of measure of effort. Recently
churn has been intensively investigated to predict software
defects [10], [11].
Actions. Although code churn has the advantage that it can
be clearly identified and counted, even a naive programmer
knows that not all lines of code are equal, and some require
far more effort to create or understand than others. When
considering that lines of code represent effort, we realized that
the number of changed (modified, added, deleted) lines of code
between one version of a file and the next may not accurately
represent the effort that went into the modification. In opensource software (OSS) projects, many patches are proposed by
contributors, each of which may add, delete, or modify some
code in a set of source files. Some of these may be accepted

Grounded Theory (GT) was first conceived and described
by Glaser and Strauss [12] as a systematic methodology in
the social sciences to discover theory through data analysis.
In GT a theory is discovered by the creation and linking of
concepts from collected, coded data. From these base concepts,
categories are formed as the foundation for the creation of
a theory, or the formation of hypothesis. We found that
the characteristics of OSS make it an easy fit for the GT
methodology. Because OSS development is largely distributed,
its activities are logged in textual form via issue tracking
systems, commit messages and mailing lists. These textual
corpuses formed the dataset for our GT investigation. We
first investigated the discussions in Apache Lucene2 , and later
expanded our dataset to include multiple Apache projects. The
raw source for the analysis consisted of commit titles, JIRA
archives, IRC discussions and mailing lists.
After applying several GT techniques, we first obtained
base categories, that is, groups of similar concepts that are used
to generate a theory. Subsequently we identified additional
projects to analyze as a means of augmenting the data and
refining the derived categories. In this way, and without
premeditation, a core category (theory)—Iterative Informed
Consent (IIC)—emerged. IIC identifies the behavior pattern
of contributors iteratively discussing and providing solutions
(tests and patches) to finally achieve consent. Once consent
is achieved, voting may occur and decisions may be taken
(e.g. open an issue in JIRA, submit a commit), or not (e.g.
the topic may be moved to a user or dev mailing list for
further discussion). Once the core category was identified,
we noted that many forms of evidence supported it. IIC
can be observed in many OSS communities: an iterative
discussion leads to the participants gathering enough facts and
opinions such that they can reason over for a final decision (a
commit). Specific patches would appear as part of proposed
implemented solutions, to clarify or strengthen the chances
of consent. Of course, this is not always the case–a solution
might be directly implemented by a developer with commit
2 http://lucene.apache.org/core/

permission–but it is the norm. It is our belief, however, that
the results of our GT-based investigation provide evidence for
the choice of discussions as another effort proxy.
B. Other Effort Measure Candidates
We considered several other possible maintenance effort
proxies, such as the time used to resolve an issue and the
number of defects associated with a file. We chose not to
include time because the time elapsed from when a ticket is
open until it is closed often contains slack time that does not
reflect the actual effort. A ticket may, for example, remain
open for a long time because of its low priority rather than its
inherent difficulty.
Different from other defect-prediction work [4], [10], we
choose to not use the number of defects as effort proxy for
two reasons. First because it is possible that not all defects
are addressed, and there are duplications between bug reports.
Second, when a defect is fixed, that fix is usually manifested
as changes in code, patches, commits, and discussions, which
will be captured by our three effort measures. On the other
hand, if an issue is not resolved (there is no churn), if there
are no attempts to solve it (no actions), and if it has not been
discussed, then there is no evidence that effort has been spent
on these defects. Counting the number of defects is thus not
sufficient to capture the effort caused by code complexity.
III.

R ESEARCH Q UESTIONS

To validate that the three proposed effort proxies, we
investigate the following research questions.
Q1: Are these three effort proxies correlated with each
other?
We first were interested in observing whether there was any
consistent relationship among our three proxy measures. A
consistent relationship would be evidence that they were really
measuring the same thing. Our expectation is that these effort
proxies complement each other, rather than predict each other.
Q2: Is the variation of file complexity correlated with the
variation of these proxies?
The answer to this question will help us validate the proposed
effort proxy by checking if they indeed reflect the effort caused
by complexity. We will examine the variation of the selected
metrics and their correlation to the variation of the three proxy
measures on a per-file basis, using statistical models.
Q3: Does the correlation between file-level code metrics
and the effort proxies differ between projects?
The answer to this question will help us understand if the
types of maintenance effort that are best correlated with file
complexity are mostly project-specific.
IV.

R ELATED WORK

As previously stated, our research goal is to find an
effective way to measure maintenance effort at the file level,
so that the costs of code structure degradation can be more
precisely calculated. To situate our contribution we will first
review prior research on cost estimation models and then
examine the research on correlating file metrics to maintenance
effort. We also discuss how our approach differs from prior
work.

A. Research on cost estimation models
Software cost estimation has been investigated for
decades. Early cost estimation models include COCOMO [9],
SLIM [13], and Function Points [14]. These models took basic
software properties as input, such as SLOC [9], [13] and
function points [14], and estimate effort using person-months.
Recent cost estimation models take into account additional
project properties and potential risks, and employ various
sophisticated models to predict project effort, such as linear
regression [15] and Bayesian network models [16]. These
models also estimate costs at the project level in units of
person-hours or months. MacDonel et al’s study [17] showed
that the prediction made from one project’s data is hard to
generalize to other projects.
B. Research on metrics and maintenance effort
A number of papers have attempted to correlate source
code metrics to maintenance effort. However, there is no
generally agreed-upon method to predict maintenance effort
at the level of a source code file. We now describe a number
of the approaches that have been attempted.
Welker et al. [18] proposed a polynomial model that uses
complexity based metrics to predict maintenance effort. The
weights for each of these metrics are automatically fitted, so
the polynomial matches data of expert judgement in 8 systems.
They presented this polynomial as the Maintainability Index.
Misra [19] and Zhou and Xu [20] compared a list of complexity and inheritance metrics against the Maintainability Index
at the system level. Both papers found significant correlations
to both inheritance and complexity.
Harrison et al. [21] compared metrics against both expert judgement and maintenance measurements obtained in a
controlled experiment. They found that both complexity and
cohesion correlated with their maintenance measures, and that
complexity correlated with the expert judgement of a system.
Arisholm [22] looked at 10 changes made to an industrial
system and logged hours spent on each task. He found no
correlation between source code metrics and effort, possibly
due to the small size of the data set.
Li and Henry [23] linked a set of metrics to the total volume
of changes to classes in two different projects. They found
significant correlations for complexity, coupling, cohesion and
inheritance metrics. Binkley and Schach [24] looked at change
volume of an industrial system. They positively correlated this
to coupling and complexity metrics and to one inheritance
metric. Ware et al. [25] looked at the number of changes
and the number of lines changed for files in a commercial
application. They found significant correlations for complexity
and coupling measures.
In a slightly different vein, Anbalagam and Vouk [26]
found a significant correlation between the number of participants in a bug report and the time taken to complete it.
While this is not an effort measure, it is certainly related to
the organizational dimension of a software project and the
corresponding effort overhead.
There is other research that has used similar measures—
such as code churn [4], [10]—to predict defects. By contrast,

the main focus of our work is the direct measure of maintenance effort, of which defect fixing is only a part. If a
defect is fixed, then the fix is manifested as changes in code,
patches, commits, and discussions, which will be captured by
our three effort measures. However, if an issue is not solved,
our approach will not count it as incurring any effort.
C. Differences in our approach
Compared with earlier research, our work is different and
novel in the following aspects:
First, we propose proxy measures of effort that work at the
file level, rather than at project, sub-system, or task level as in
prior research [9], [13]–[16]. Our purpose is to advance our
ability to reason about maintenance penalties caused by file
structure degradation, the first step toward a more accurate
technical debt calculation, and the cost-and-benefit analysis
needed to justify refactoring activities.
Second, prior work on cost models use person-months or
staff hours as the only measures of effort. But the accuracy
and availability of staff hours are hard to ensure even in
commercial software projects, and impossible to obtain in open
source projects. We propose a proxy measure suite with three
complementary dimensions that are both obviously correlated
with effort in terms of time, but also readily available in most
modern projects employing issue tracking and version control
systems, either open source projects or proprietary projects.
Third, as the first step towards a new way of measuring
effort, we are not proposing any prediction models; this is
our future work. Instead, in this paper, we justify the possibility and necessity of using multi-dimensional, complementary
measures to assess the effort spent on maintaining a file.
V.

DATA C OLLECTION M ETHODOLOGY

In this section we describe our data collection methodology,
project selection criteria, and metric selection criteria for
investigating our three research questions.
A. The selection of subject projects
The selection of projects is important to the quality of the
data, and therefore to the validity of the research. To ensure
the generality of our research, we attempted to obtain a diverse
set of projects. We specifically looked for heterogeneity along
the following dimensions:
a. Variation in domain of software: Uses of software can
be categorized into various application domains. We tried to
find projects from distinct domains to ensure that our research
results would apply generically.
b. Variation in source code sizes: Even though Dolado
[27] has shown that development productivity does not vary
significantly across project sizes, maintaining a large-scale
software project is still, in practice, different from maintaining
a small scale software project.
c. Variation in team size: There has been considerable
research on the effects of team size on development speed.
Brooks argues that smaller teams tend to have greater productivity per person [28], but many have argued that larger teams
are better for productivity and quality in OSS.

d. Variation in project age: The age of a body of software
can influence developer productivity in ways that may not
be measurable by file metrics. For example, the technology
chosen (language of implementation, operating system, development libraries, etc.) can cease to be supported, and key
developers can leave the project, resulting in a knowledge loss.
We have, however, restricted our attention to projects
written in Java, so that we could repeat the same metrics
extraction process for our entire set of projects. Furthermore,
we only selected projects that use a version control system
and a bug tracking system, as our maintenance data is derived
from these systems. The projects selected all contain source
code and maintenance data for at least 8 releases, and all have
more than 300 resolved issues in their bug tracking systems.
We have summarized the project characteristics, the first
and last release for which we have extracted data, and the
number of resolved or closed issues that we were able to
extract in table I. As you can see from the table, Derby3 ,
Lucene4 , PDFBox5 , Ivy6 , and FtpServer7 are from different
domains, with different team sizes and different project ages.
The number of resolved issues ranges from 329 to 3058.
B. The selection of file metrics
Numerous metrics (summarized in [29], [30]) have been
proposed that are purported to predict software quality and
maintenance effort. To validate the three effort proxies, we
select a set of metrics against 3 criteria.
a. The metric is widely applicable: Since we are restricting
our research to projects written in Java, the metrics will have
to be applicable at least to this language.
b. The metric is defined at the file level: The unit of
analysis in our research is the source file, so the metric has
to be interpretable at this level. We do, however, employ
metrics that are defined at the class level. To account for this
discrepancy we only consider files that contain a single class.
This constraint only eliminates around 7% of the total files
from our candidate data set.
c. The metric has been consistently validated in previous
research: To keep the scope of the research manageable, we
chose only metrics that have been consistently shown to be
correlated with maintenance effort in previous studies.
We thus have selected the following metrics:
1. Source Lines of Code (LOC): The total lines of code in
the file. The idea behind this metric is that, all other things
being equal, larger files are harder to maintain.
2. Weighted Method Complexity (WMC): The sum of the
complexities of the methods in a class.
3. Response For a Class (RFC): Total number of methods
that may be invoked as a result of a invoking any method in
a class.
3 http://db.apache.org/derby/
4 http://lucene.apache.org/core/
5 http://pdfbox.apache.org/
6 http://ant.apache.org/ivy/
7 http://mina.apache.org/ftpserver/

TABLE I.

S ELECTED P ROJECTS

Project

Releases

Resolved Issues

Contributers

First Release

Last Release

Domain

Derby

18

3058

458

2005/08 (10.1.1.0)

2011/10 (10.8.2.2)

Relational Database

Lucene

18

2444

652

2006/03 (1.9.1)

2010/12 (3.0.3)

Distributed search

PDFBox

8

699

387

2010/02 (1.0.0)

2011/07 (1.6.0)

PDF document manipulation tool

Ivy

12

758

408

2006/11 (1.4.1)

2010/10 (2.2.0)

Transitive relation dependency manager

FtpServer

10

329

112

2007/02 (1.0.0-M1)

2011/07 (1.0.6)

Java-based FTP server

4. Coupling Between Objects (CBO): The number of other
classes that the class in this file is connected to.

File

1

*

9. Number of Public Methods (NPM): The number of
methods in a class that are declared as public.
WMC, RFC, CBO and LCOM, DIT and NOC have all
been described by C&K in 1994 [31]. We have altered their
definitions slightly to make them meaningful at the file level.
The C&K suite has been studied heavily, and its effectiveness
of predicting software maintainability have been validated in
many studies (e.g. [19], [21], [23]–[25]).
In addition to the extended set of C&K metrics, we have
selected one more metric—Propagation Cost, which aims to
capture architectural complexity.
Propagation cost (PC): PC, first introduced by MacCormack et al. in 2006 [32], is a coupling-based metric, and there
has been promising research on the predictive power of PC on
maintenance effort [32], [33].
PC is based on a visibility matrix [32], which is a binary
matrix where a project’s files are the rows and columns, and dependencies between the files are the values. These dependency
values are determined using a path length L, which allows a file
A to be dependent on a file B through a dependency chain of
length L. For example, a path of length of 1 denotes traditional
coupling, since only direct dependencies are represented in
the matrix. The propagation cost is computed as the sum of
all dependencies in the visibility matrix, divided by the total
possible dependencies.
However, PC calculated that way is defined at the project
level. Instead, we compute incoming propagation cost at the
file level, by taking the sum of the incoming dependencies for
a file, divided by the total possible dependencies; concretely,
this means that we take the sum of the column in the visibility
matrix that represents the file, and divide this value by the
length of the column. Analogously, to calculate outgoing
propagation cost per file, we take the sum of the row in the
visibility matrix that represents the file, and divide that by the
length of the row. This approach is a slight variation on the
work of Ferneley [34] and Yang and Tempero [35] who have
found promising results.

*

1

1

Patch

Commit

*

*

*

6. Depth in Tree (DIT): The number of classes that are a
superclass of the class in this file.

8. Afferent Couplings (Ca): A measure of how many other
classes use the specific class in this file.

Action
*

5. Lack of Cohesion Of Methods (LCOM): The number of
method pairs in the class in this file that do not share the usage
of a single attribute of the class.

7. Number of Children (NOC): The number of classes that
have the class in this file as a superclass.

*

Release

Fig. 1.

1
1

*

1
Issue

The data model

We have also introduced a new variant of PC that employs
a decay rate. With this decay rate, we reduce the strength of
indirect dependencies by a factor for each additional step in
the dependency chain. In the present study, we applied a decay
rate factor of 0.1.
In this research, we have investigated both incoming and
outgoing PCs with path lengths of 1, 3, 5, 10, and 20 – with
and without decay. When describing our results, we will use
a naming convention; for example, PROP-OUT-10-N indicates
outgoing PC with path length 10 and without decay, whereas
PROP-IN-5-D indicates incoming PC with path length 5 and
with decay. Considering all combinations, we have a total of
18 variants of PC metrics (not 20, since when path length is 1
the decaying and non-decaying version of the metrics are the
same).
The 18 propagation cost metrics, plus LOC and the 8 C&K
metrics, give us a grand total of 27 metrics that we calculate
for each file of each release of each project.
C. The data collection method
The data model used in our data extraction and analysis
procedure is illustrated in Figure 1. For each project, we study
a number of releases, each of which have a set of files. Each
project also has a list of issues, which are extracted from
the project’s bug- or issue-tracking software. Issues consist of
both bug reports and change requests. Developers can submit
patches to suggest a solution to an issue. Patches consist of
a list of actions, which are changes to files that were made
to resolve the issue. For each action, we measure code churn
as the number of lines of code added and removed, where
changed lines count as both added and removed. Each action
corresponds to a change done in 1 file for 1 issue, but issues are
often resolved using multiple actions. The patches that finally
get accepted (i.e., that resolve the issue) are called commits.
Developers can also associate comments with issues. These
comments are used for communication between developers.
We discuss the potential bias when linking commits to issues
in Section VIII.

TABLE II.

E XAMPLE DATA E XTRACTED FROM P ROJECT F ILES

File
name

Releases

LOC

actions

Group

Rel.
LOC

Rel.
actions

1

client.java

1.0

100

40

-

-

-

2

client.java

1.0

100

60

-

-

-

3

client.java

1.1

140

75

1

1.4

1.5

4

client.java

1.2

70

60

2

0.5

0.8

5

library.java

1.1

60

75

-

-

-

6

library.java

2.0

72

150

1

1.2

2.0

7

server.java

1.0

200

40

-

-

-

8

server.java

1.2

240

52

1

1.2

1.3

Extracting the data We populated our data model by extracting data from the bug tracking system and version control
repositories for each project. Since our 5 projects were all
maintained by the Apache foundation, the same technologies
were used. The bug tracking system in use is Jira8 , which has
a WSDL API that is usable for data extraction. Their version
control system is Subversion9 . We constructed a number of
tools that query both systems, format the data, and insert it
into our database.
Calculating file metrics We used 3 different programs to
calculate file metrics. To calculate the source Lines of Code
(LOC), we used the utility SLOCCount10 . This gives us the
number of lines of code in the file. For the extended set of
C&K metrics, we used ckjm 1.911 . For the propagation cost
based metrics, we wrote our own tool, which first generates
a Dependency Structure Matrix (DSM) [32], from which we
can count the number of incoming and outgoing dependencies
per file over various path lengths.
For each release, we took a snapshot of the code base from
the version control system of the project. After extracting the
selected metrics per file per release from those snapshots, we
stored them in our database for analysis.
D. Calculating effort proxies
We calculate our effort proxies as follows:
Discussions. We measure the number of comments that
have been made in the bug tracking system for an issue, and
we associate the numbers to the files modified to resolve that
issue.
Change in lines of code (Churn). Churn is the total number
of lines of code that were changed in the file to resolve an
issue. If a file is changed multiple times for the same issue,
we see if the file changes overlap to make sure we don’t count
the same changes multiple times.
Actions. We also measure the number of actions, as described in section V-C, that were performed to resolve an
issue. Concretely, this counts the total number of patches and
commits that were needed to resolve an issue affecting a file.
VI.

S TATISTICAL ANALYSIS

The data collection methodology described in section V
gives us a data set consisting of file metrics and effort proxy
8 http://www.atlassian.com/software/jira/
9 http://subversion.tigris.org/
10 http://www.dwheeler.com/sloccount/
11 http://www.spinellis.gr/sw/ckjm/

measures for each issue, for each release of each file. Since our
objective is to analyze the relationship between the increasing
or decreasing of file metrics and the variation of maintenance
effort, we transform these numbers so that they reflect the
change in file metrics and effort measures from one release to
the next.
To this end, for each file metric or effort proxy value of
each file in a release, we divide it by the equivalent value
in the previous release. If the resulting quotient is less than
1, it means the value has decreased; if it is greater than 1,
it has increased; if it equals 1, the value remains unchanged.
For effort proxy measures, since the same file can be involved
in multiple issues for the same release, we divide the effort
measure for each issue in the new release by the average effort
measure per issue in the previous release. These derived data
points each represent the change in a metrics or effort measure
between two consecutive releases of a given source file.
The calculation of relative values is exemplified in Table II
(The group column will be explained in section VI-A). Each
row of the table contains the data for one issue. This table
shows how the relative values for one file metric, LOC, and
one effort measure, actions, are calculated. The relative LOC
value of “client.java” in row 3 (1.4) is the quotient of its current
LOC value (140) and its LOC value in the previous release
(100). We calculated relative effort values in a slightly different
way. This is because our effort measures are calculated on a
per-issue basis. For example, if “client.java” was changed in
release 1.0 to address two separate issues, it takes two separate
rows (Row 1 and 2 in Table II).
To calculate the relative actions value of “client.java” in
release 1.1 in row 3 (1.5), where “client.java” was involved in
two issues in the previous release, we divide its current value
(75) by the average of all previous actions values ((40 + 60) / 2
= 50). The file “library.java” in row 5 and 6 has no action data
associated with it for release 1.0 or 1.2, so the entry for release
1.1 is used as the first data point, and the entry for release 2.0
as the second data point. We calculated relative values in this
manner for each file with all 27 x 3 = 81 metric-effort pairs.
A. Spearman analysis
Each line in Table II is considered as a data point. We
thus calculated the data points for each individual file of
each project as explained above, to understand the correlations
between file metric variation and effort measure variation.
Since the effort values do not follow a normal distribution,
we have used the Spearman rank correlation test.
However, Spearman assumes independent measurements in
the data set subject to the test. Since our data reflects deltas of
the same measurements over time for each file, we cannot
assume such independence, and we must not include data
points pertaining to the various releases of the same file in
the same data set.
We thus segment our data points into groups (see Table
II) according to the following procedure: we first skip all
data points which come from the first release we have on
record for a file, because without a previous release, we cannot
calculate meaningful relative values. After that, all data points
that belong to the second release of each file go in group 1,

all data points that belong to the third release of a file go in
group 2, etc. This means that data from different releases of
the same file never appear in the same group. We can then
apply the Spearman correlation test separately to each group.
Once more, Table II shows an example of how the segmentation of data into groups is done. Row 1 and 2 belong
to the first release we have information for file “client.java”.
Because we use values that are relative to the previous release,
we can not use these values in our analysis. Row 3 belongs
to the second release of “client.java”, so it goes into group
1. Row 4 belongs to the third release of “client.java” that we
have information for, so it goes into group 2.
Row 5 contains the first release of “library.java” that we
have information for, thus it has no relative values. Please note
that release 1.1, which the data point for row 5 belongs to, does
not have to be the first release in which library.java existed in
the project; rather release 1.1 is the first release where we have
maintenance effort data for “library.java”. Row 6 belongs to
the second release of “library.java” that we have information
for, so it goes into group 1.
Row 7 is the first release of “server.java” that we have
information for, so we can not add it to a group. Row 8 is the
second release of “server.java” that we have information for,
so we add it to group 1. Please note that for row 8 (release
1.2), the relative values are not relative to a data point from
the previous release (1.1), but from two releases before (1.0).
This is because there is no effort data recorded for server.java
in release 1.1.
In our analysis, we exclude issues that did not affect source
files. For a file to show up in at least one group, it must be
changed in more than one release. As a result, 2888 of the total
9733 issues from all 5 projects were used to generate usable
data points. We ended up having 9 groups from this aggregated
data set, each having 87,602, 47,028, 21,686, 9,614, 5,804,
3,167, 1,388, 374, and 348 data points respectively. Since
groups with higher numerical IDs will have an increasingly
smaller population of data points (that is, fewer files have that
many rounds of changes over releases), which is detrimental
to the accuracy and reliability of the statistical analysis, we
decided to only use groups 1 to 7.
In summary, each data point represents how one type
of maintenance effort and one type of file metrics of a file
vary over two successive releases where the file was changed.
Investigating all the groups will reveal how these two aspects
change together over multiple releases.
VII.

R ESULTS

Since we have performed a Spearman analysis on a set of
81 (27 x 3) file metrics versus effort proxies, over 9 different
groupings of files, we have run a total of 729 Spearman tests
and therefore obtained 729 p and rho values. Due to the large
number of tests, we allow a maximum p-value of 0.01 to ensure
the significance of the results. We organize the results based on
the answers to the research questions proposed in Section III:
Q1: Are these effort proxies correlated with each other?
Aggregating data from all the projects, we obtained 9
significant correlations (rho > 0.3, p < 0.01, and a sample size

TABLE III.

EFFORT

- EFFORT CORRELATION FOR THE AGGREGATED
DATA SET

Group
1
2
3
4
5
6
7
8
9

TABLE IV.

Effort
churn
churn
churn
churn
churn
churn
churn
discussion
discussion
EFFORT

Effort
discussion
discussion
discussion
discussion
discussion
discussion
discussion
actions
actions

p
0.00000
0.00000
0.00000
0.00000
0.00000
0.00002
0.00101
0.00522
0.00173

rho
0.3907
0.4615
0.4898
0.4668
0.4618
0.4068
0.3510
0.3627
0.4224

- EFFORT CORRELATION FOR INDIVIDUAL
PROJECTS

Project
Derby
Derby
Derby
Lucene
Lucene
Lucene
PDFBox
Ivy
Ivy
Ivy
FtpServer
FtpServer
FtpServer

Grp
2
4
4
3
5
7
2
2
3
5
1
2
4

Effort
churn
churn
discussion
churn
churn
churn
discussion
churn
churn
churn
churn
churn
churn

Effort
discussion
discussion
actions
discussion
discussion
discussion
actions
discussion
discussion
discussion
discussion
discussion
discussion

p
0.00000
0.00022
0.00001
0.00000
0.00000
0.00026
0.00128
0.00000
0.00000
0.00915
0.00000
0.00000
0.00001

rho
0.51
0.55
0.59
0.42
0.44
0.43
0.42
0.45
0.54
0.55
0.50
0.55
0.78

of at least 15) between effort proxies, as shown in Table III.
It shows that churn and discussion are often correlated, but
churn and actions are never correlated in the aggregated data
set. Table IV contains the three most significant correlations
among effort proxies for each project. Of all the effort proxy
pairs, we only observed one significant correlation between
churn and actions in Derby, with p = 0.00114, rho = 0.43 (not
shown in Table IV since it was not one of the three highest
correlations). Other than that, churn and actions do not appear
to be significantly correlated in most cases. On the other hand,
churn is most frequently observed to be significantly correlated
with discussions, which is also somewhat correlated with
actions. These correlations vary between different projects.
For example, in PdfBox, only one group shows significant
correlation, which is between discussion and actions.
The correlation of discussion with churn or actions supports
the IIC theory: it is expected that more actions and more churn
is the result of IIC, as generated by more discussions. That
is, the effort spent on discussions should not be neglected.
More interestingly, actions and churns are rarely correlated,
which is counter-intuitive: one may think that more actions
will result in more changes in LOC. But this result implies
that in many cases, a single commit may change a lot of code,
or more patches may be committed to just change a small
amount of code. In other words, changing fewer LOC may
require more effort reflected by the multiple attempts (patches).
This also implies that using just one proxy measure of effort,
say, churn, is not sufficient to capture the full complexity of
file maintenance effort.
Q2: Is the variation of file metrics correlated with the
variation of effort proxies?
Aggregating data from all the projects, we obtained 17
significant correlations between file metrics and effort proxies.

We also performed the same Spearman tests on each project.
The five projects have 9 (Derby), 3 (FtpServer), 7 (Ivy), 8
(Lucene) and 4 (PdfBox) groups, yielding over 2500 additional
data points. To answer this research question, we report
significant results (p < 0.01) obtained from the aggregated data
set and from individual project data in Table V and Table VI.
In Table V, we list all significant results (p < 0.01) with rho
value of at least 0.3, obtained from a sample size of at least 15.
All of the top results show a strong correlation with just two
effort proxies: actions and churn. In addition, it is interesting to
note that 7 of the top 10 results show a strong correlation with
coupling-based metrics: 4 variants of PC and 3 C&K metrics
(Ca, CBO, and RFC).

TABLE V.

METRIC

- EFFORT CORRELATION FOR THE AGGREGATED
DATA SET

Group
3
4
4
4
5
5
5
6
6
6

TABLE VI.

Metric Type
CKJM - WMC
CKJM - RFC
raw LOC
CKJM - Ca
PROP-OUT-20-N
PROP-OUT-5-N
PROP-OUT-10-N
CKJM - CBO
PROP-OUT-1-N
CKJM - NPM
METRIC

Effort
actions
actions
actions
actions
churn
churn
churn
churn
actions
actions

p
0.00045
0.00106
0.00167
0.00180
0.00293
0.00899
0.00294
0.00228
0.00008
0.00006

rho
0.3910
0.5158
0.4425
0.3436
0.6378
0.5654
0.6378
0.6694
0.7586
0.7154

- EFFORT CORRELATION FOR INDIVIDUAL
PROJECTS

The values in Table V are ordered in terms of their group. It
is encouraging that the rho value tends to increase as the group
number increases for two reasons. First, a good predictive
model should improve as you accumulate more data. Second,
the accuracy of a predictive measure of maintainability, if it
is a good measure, should increase over time as maintenance
concerns and technical debt accumulate in a project. The idea
is that in the early stages of a project there tends to be a low
level of technical debt and so virtually any software structure
will suffice. As technical debt accumulates, complexity concerns tend to overwhelm a programmer’s cognitive abilities,
and maintenance costs go up. This is exactly what we can see
from the results presented in Table V.
LOC, several variants of PC as well as RFC, CBO, WMC,
NPM, and Ca have been shown to be significantly correlated
to the actions and churn proxies. Previous work has shown that
the 8 metrics from the C&K metric suite are good predictors
of maintenance effort [23], [24], [36]. These effort measures
appear to be valid proxies for effort, in the sense that they are
correlated with complexity measures that have previously been
shown to be strongly correlated with effort in other studies.
Q3: Does the correlation between file metrics and the effort
proxies differ between projects?
In Table VI, we list the top 3 most significant results (p <
0.01) with rho value of at least 0.3 and sample size of at least
15, for each individual project. Our research question Q3 asked
whether these correlations would differ between projects. The
project-by-project results shown in both Table VI and IV
suggest that this is indeed the case. While actions and churn are
important measures in all 5 projects—highly correlated with
the C&K and PC metrics—discussion is highly correlated with
PC in Derby and with LCOM (Lack of Cohesion of Methods)
in PDFBox. Similar to the results obtained from the aggregated
data set, coupling-based metrics are strongly correlated with
effort in 12 out of 15 cases. This result is consisten with recent
research results showing that predictions obtained from one
project data are not generalizable to other projects [37].
Summary. Considering Table III, IV, V and VI together,
we observe that although file metrics are more often correlated
with churn and actions, but not discussions, churn and actions,
in turn, are often correlated with discussions. This means that
file metrics and discussions impact each other in a related,
but indirect manner. This result implies that the three effort
measures are complementary, and that each measures file
maintenance effort from different but correlated perspectives.

Project
Derby
Derby
Derby
Lucene
Lucene
Lucene
PDFBox
PDFBox
PDFBox
Ivy
Ivy
Ivy
FtpServer
FtpServer
FtpServer

Grp
6
3
1
1
1
1
2
2
1
3
3
3
1
1
1

Metric Type
CKJM-NPM
CKJM-WMC
PROP-IN-20-N
PROP-IN-5-N
PROP-IN-1-N
CKJM-Ca
CKJM-LCOM
PROP-IN-1-N
CKJM-RFC
CKJM-RFC
PROP-OUT-20-N
PROP-OUT-10-N
PROP-IN-5-N
PROP-IN-20-N
PROP-IN-10-N

VIII.

Effort
actions
actions
discussion
actions
actions
actions
discussion
churn
actions
churn
churn
churn
actions
actions
actions

p
0.00007
0.00222
0.00001
0.00010
0.00022
0.00010
0.00062
0.00208
0.00841
0.00031
0.00157
0.00157
0.00741
0.00910
0.00910

rho
0.81
0.55
0.30
0.38
0.38
0.35
0.58
0.50
0.48
0.71
0.46
0.46
0.50
0.49
0.49

D ISCUSSION

A. Threats to Validity
As with any empirical study, our results are subject to
a number of threats to validity. Below we discuss the most
significant ones: the threats to validity caused by the choice of
maintenance effort measures, the choice of projects to study,
and the the limitations of our data extraction methods.
We employed the three types of file-level effort measures
because, as stated earlier, developers in open-source projects
do not log their hours. Even in industrial settings, accurate
effort logs are rare. Moreover, we need maintenance effort at
the file level, which is even rarer. We hypothesize that our three
measures—churns, actions, and discussions—can adequately
approximate the maintenance effort spent on a file. This is,
however, a hypothesis that is impossible to directly test given
our existing data-set.
In our calculation of discussions as a measure of effort, we
did not mine the projects’ mailing lists. We avoided the mailing
lists because it is difficult to accurately link backwards from a
mail message to a specific file/release/issue combination. But
this means that we are not able to accurately assess the full
body of discussions associated with a project, and hence we
are potentially biasing our discussions measure.
As described earlier, we considered several other possible
maintenance effort proxies, such as the time used to resolve
an issue, the number of discussions by email, or the number
of defects associated with a file. We chose not to include
these other possible proxy measures for various reasons: the
inability to distinguish work time from slack time, our inability
to reliably and automatically link email discussions with files,

and the difficulty of attributing a bug fix to a specific release.
We have also assumed that all bugs/change requests that
were resolved between one release and the next were attributable to the latest release. However, it is possible that a
few of the bugs or change requests actually applied to an older
release that is still being maintained. These bugs or change
requests are described as backports by Bachmann et al. [38].
The effort proxies we proposed are based on the assumption that the project employs a version control and issue
tracking system from which the effort proxies can be extracted.
As a result, the proxies won’t be applicable for projects without
comparable tools. More importantly, as with any research
replying upon bug fix data, our study needed to link files
with issues by finding developer’s commit messages indicating
which issue the commit is intend to address. As Bird et al. [39]
have pointed out, in many projects, only a small portion of bug
fixes are actually recorded in version control systems. Since
our study compares the behavior of the three proxies using the
same dataset, the extent to which our results are biased due to
the incompleteness of the dataset needs to be evaluated.
Another threat to validity is that we only examined opensource projects. While we expect that similar results will
be obtained from industry projects, this is an open research
question. And within our chosen projects, we ignored files
that had more than one class defined in them. However, as
we showed in section V, this only excludes 7% of the files.
We have only investigated 5 projects thus far, all of which
were from the Apache foundation, and we only investigated a
subset of the possible metrics that we could have considered.
For example, we could have considered PC metrics with
different path lengths and different decay factors. A larger
study employing more projects and more metric types would
improve the validity of our conclusions.
There are many extraneous project factors such as the
inherent difficulty of bugs and issues, and the inherent skill
of the developers that add noise to the data. Further study
that controls for some of these noise factors is thus called for.
For example, we are already seeing some promising results by
categorizing change requests into groups of small, medium,
and large requests. This way, we can see what the influence
of source code metrics is on the different sizes of changes,
and eliminate the noise that the inherent variation in change
complexity adds to the data.
B. Future Work
In future work, we intend to flesh out this research framework with data from more projects and we intend to address
the threats to validity outlined above. We will also focus on
collecting data from closed-source projects, ideally including
projects with logged hours for maintenance work. We have
already identified two industrial projects and are negotiating
with the companies for access to their data. Assuming we are
granted access, their logged effort data will allow us to validate
our proxy effort measures. We also intend to explore the use of
our maintenance effort proxies in real industrial settings when
efforts in terms of logged hours are not available. It is possible
that our maintenance effort proxies will correlate differently in
industrial projects than in open-source projects.

When we have a broader data set that contains maintenance
cost measures from both open-source and industrial projects,
we will work on constructing a polynomial model that predicts
maintenance effort in terms of person-days (and hence cost)
using the three effort proxies. The model will be configurable
based on project characteristics and on source code metrics.
We believe that the three proxies proposed in this paper make
it possible to uniformly map complementary but heterogeneous
manifestations of effort into one unified measure, i.e. persondays. For example, discussions recorded in a project usually
are timestamped, the time spent on churn and actions can
be possibly inferred by mining more detailed file revision
information. In the envisioned model, the three proxies can
be weighted differently in different projects. For example, the
discussion effort should be weighted differently in OSS than
in a commercial project where all developers are co-located.
Finally, we may be able to address the threat to validity
that arose because we were not processing email discussions.
Bacchelli et al. [40] have made progress on the linkage
between email contents and source code. As part of our further
work, we would like to further strengthen our results by
including discussions in emails if such tools are available and
reliable. Our long-term goal is to be able to support projectlevel decisions about whether, when, and where to invest in
refactoring and re-modularization activities. Currently projects
do this via gut feelings and hunches; we aim to provide a
sound empirical basis for such decisions.
IX.

C ONCLUSION

In this paper, we contribute three complementary filelevel effort proxies: the amount of discussion, churn, and
actions taken to resolve issues. These proxies are validated by
the fact that their variations are significantly correlated with
variations of well validated file metrics. Our study also shows
that 1) different metrics are strongly correlated with different
effort proxies, 2) no regular, consistent correlations among
these proxies were observed, and 3) that discussions are often
correlated with churn and actions. These results indicate that
using only one dimension, such as churn, is not sufficient to
capture the overall effort spent on maintaining a file. Instead,
effort estimation should consider complementary factors, such
as the effort spent on discussions and multiple patches.
Our next step is to map these three complementary measure
of effort into a single effort measure, e.g, the amount of time
spent on the churn, patches and discussions for a file, taking
into account properties of specific projects. The effort proxies
proposed in this paper have the potential to help predict future
maintenance cost based on changes in source code metrics
without the necessity of recording person-days of effort at the
file level. The maintenance effort measures proposed support
our long term vision of explicitly estimating the value of costly
maintenance activities, such as refactoring, that are currently
hard to economically justify.
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