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Abstract of Praxis

Open-Sourcing Software: An Effort Estimation Model

Large or mid-size Internet companies are unable to efficiently assess whether to
open-source a closed source project or to continue to invest in their existing open-source

project, which results in higher operating costs.

This research proposes a model called iOSSEstimator, which efficiently predicts
effort and forecasts the effort savings percentage (ESP) for a proposed or existing open-
source project hosted on Github.com. Statistical and machine learning methods were
used to extend and improve on existing open-source effort prediction models. Sixty-four
popular open-source projects consisting of 11,497 versions and 6.4 million tasks were

used to support development of the iOSSEstimator model.

The results of this research indicate that existing open-source effort estimation
models can be augmented to improve effort estimation with a mean accuracy PRED>s
range of 82% to 97% across nine different maintenance task types, such as bug fixing,
refactoring, and testing. This enables the calculation of the effort savings percentage
which helps inform the decision to open source projects or to continue to invest in an

existing open-source project.

From the 64 examined projects only 58% had a positive ESP. The high
percentage of open-source software projects with negative ESP further supports the need
for employing this tool. The tool can be used to help guide a decision-maker to open-

source a closed-source project or to continue investing in an existing open-source project.
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Glossary of Terms

Sponsor: a large company/foundation that funds OSS development

Tasks: common maintenance tasks for a project on Github.com, such as bug fixing,

feature development, and testing

Core Contributor: a person (often an employee of a sponsor) that has permission to

contribute, review, and approve maintenance tasks for a project on Github.com

External Contributor: a person (usually non-employee) that has permission to

contribute maintenance tasks for a project on Github.com.

Effort savings percentage: percent of maintenance effort saved through maintenance

contributions by external contributors

PREDs: percent of predictions within 50% of the observed value

PRED:s: percent of predictions within 25% of the observed value

Stargazer: Github.com feature that allows users of OSS projects to bookmark their

favorite projects. Often used as an indication of the project’s popularity

Popular OSS Project: projects containing a minimum of 5 contributors and sparse

participation with >5K stargazer rating on Github.com

Successful OSS Project: projects containing a minimum of 10 contributors and high

participation with = 1 sponsor (Kohn, 2017)

xXvii



Chapter 1: Introduction

1.1 Background

Open-source software (OSS) is being adopted by an increasing number of
companies and other organizations in the world (Spinellis & Giannikas, 2012). These
organizations and companies often use OSS hosted on Github.com. As the largest online
source code repository in the world, Github.com has over 10 million software project
repositories, with 50% consisting of OSS (Gousios, Vasilescu, Serebrenik, & Zaidman,
2014). OSS is attractive to companies and other organizations because OSS generally
allows developers to enhance the software for their purposes (with some limitations
depending on the license). As a result, the user of the software may be able to save
thousands of dollars in licensing fees and labor by using the software directly. Examples
of some of the most popular OSS include Linux, Kubernetes, Chromium, Visual Studio

Code, and React.

OSS often results from large and mid-size Internet companies, such as Google,
Facebook, and Amazon, sharing their software with the world. Their reasons for doing
so include capitalizing on opportunities to obtain external contributions to their software
in the form of enhancements, to recruit highly talented external contributors, and to
improve their reputation in the eyes of the OSS community (Gousios, Vasilescu,
Serebrenik, & Zaidman, 2014). External contributors are users of the software and are
not employees of these large and mid-sized Internet companies, whereas core

contributors are paid, employees. External contributors are critical to a thriving OSS



project and are typically attracted to the opportunity to contribute to successful OSS

projects.

In this study, large Internet companies are defined as those that have annual
revenues exceeding $1 billion per year. Mid-size Internet companies are those that have
annual revenues between $10 million and $1 billion. Large and mid-sized Internet
companies have the resources to sponsor OSS through paid software enhancements and
maintenance, marketing campaigns, and partnerships with other companies that promote
the OSS project through paid support services (Asundi, 2005). These companies may
also offer paid support for their Software enhancements and maintenance include feature
development, bug fixes, documentation, respond to questions posed by users of the
software, and to release new software versions. An example of this is Google’s

Kubernetes (free), which can be run on Kubernetes Engine (paid).

The decision to open-source a software project involves evaluating the effort.
Forecasting the effort associated with continuing to maintain the software post-open-
sourcing is difficult and time-consuming. First, enhancements made by external
contributors may result in more bugs than anticipated, resulting in a higher effort to fix
the bugs. Second, enhancements from external contributors may not materialize,
resulting in minimal to zero effort savings. Last, partnerships with other companies for
paid support services may fall through, resulting in minimal or zero saving in effort. Asa
result, open-sourcing a software project may yield higher effort than what was expected,
resulting in a low or negative estimated effort savings percentage (ESP). ESP is the
percentage of maintenance effort saved through external contributions, which are

contributions by non-employees in the OSS community.

2



1.2 Research Motivation

Currently there are no easy approaches for forecasting the effort of a proposed or
existing open-source software. The lack of an efficient approach is a significant problem
due to the difficulty of discontinuing an OSS project—once a large or mid-size Internet
company realizes that ESP is low or negative. The company may find that there is also
effort associated with deciding to discontinue the OSS project. The company may be
involved in a multiyear, multimillion-dollar partnership with paid support service
companies, which, if canceled early, would result in high monetary penalties. The
anticipated public relations fallout of a company such as Google or Facebook
discontinuing a popular OSS project due to a low ESP may jeopardize their reputation
and brand. Another key downfall is that prospective engineering talent may choose to

contribute to competing OSS projects and accept jobs with other companies.

The ability to forecast the effort of a proposed or existing open-source software
project can potentially save a large or mid-size Internet company hundreds of thousands
of dollars (if not millions) in increased maintenance and partnership effort. Effort
forecasting can also help avoid penalties such as a damaged reputation or missed hiring
opportunities. A large or mid-size Internet company’s best interest would, therefore, be
to perform a multiyear effort forecast before committing to open-sourcing a software
project. A large or mid-size Internet company’s best interest would also be to forecast

the effort of continuing to invest in their OSS projects.



1.4 Problem Statement

Large or mid-size Internet companies are unable to efficiently assess whether to
open-source a closed source project or to continue to invest in their existing open-source

project, which results in higher operating costs.

Investing in this context refers to the decision to allocate human resources

towards maintenance task contributions.

1.5 Thesis Statement

Large or mid-size Internet companies need an ESP forecasting model to assess

the estimated effort of their existing or proposed open-source project.

The effort estimation model proposed herein, the iOSSEstimator, can enable a
decision-maker to specify the Github.com web address of the software project and the
number of years into the future to perform the forecast. The iOSSEstimator then fits a
prediction and forecasting model using the effort history of the project. These models are
then used to forecast ESP. The distinction between prediction and forecasting is the
following: effort are predicted using inputs known in advance, such as the number of
bugs or features that a software development team is planning to contribute; forecasting

is a look into the future of how many bugs or features a team will contribute.

The i1OSSEstimator also itemizes effort by the type of task. Effort is measured in
the number of lines of code (LOC) or files that have been added, modified, or deleted in
the specified forecast period. The maintenance tasks are bug fixes, documentation,

refactoring, testing, feature, upgrade, release, support, and other. In contrast to closed-



source effort prediction models that measure effort in effort-hours, many OSS effort
prediction models do not measure effort in effort-hours for various reasons such as

unavailability of recorded hours.

The 10SSEstimator will assist decision-makers employed by large or mid-size
Internet companies to make one of three decisions. These decisions are do not open-
source the software (ESP is negative), open-source with increased effort (ESP is zero),
and open-source with current effort (ESP is positive). Likewise, if the software is already
open-source, then the decisions would be stop (ESP is negative), increase effort (ESP is

zero), and sustain current effort (ESP is positive).

An additional byproduct benefit of iOSSEstimator is that it can also be used by
decision-makers in the companies that are users of the OSS to determine whether to use
the OSS as a component of a larger software project. A positive ESP is a sign to either

incorporate the OSS in a new product or to continue with the existing usage of an OSS.

1.6 Research Objectives

RO1: Determine if existing OSS effort prediction models can be improved and

used in a variety of OSS projects.

RO2: Determine if improved OSS effort prediction models can be used when

filtering by contributor type or task type.

RO3: Develop a model that can be used to help forecast ESP for a proposed or

existing open-source project hosted on Github.com.



1.7 Research Questions and Hypotheses

RQ1: Can existing OSS effort prediction models be improved and applied to a

wide range of large OSS projects?

RQ2: How well do improved OSS effort prediction models perform when

filtering by contributor type (core contributor or external contributor)?

RQ3: How well do improved OSS effort prediction models perform when

filtering by task type?

RQ4: Do the models forecast the same estimated effort when using LOC vs

Files?
RQS5: What percentage of successful OSS projects have a positive ESP?
RQ6: What percentage of popular OSS projects have a positive ESP?

Answering the research questions requires one research hypothesis (H1) to ensure
that the model works and can be generalized to other large OSS projects. The remaining
hypotheses, H2—HS, are supportive hypotheses aimed to determine if the model is useful.
Note that H5 and H6 are testing for positive ESP; however, the presence of negative ESP
is equally compelling. A decision-maker may be accountable for the high effort and low
savings and may want to act. Note that for H3, the task type can be one of the following:

bug, documentation, refactoring, testing, feature, upgrade, release, support, and other.

H1: The proposed effort estimation model has equal or greater prediction

performance than existing models.



H2: The proposed effort estimation model has similar performance when

filtering by contributor type (core contributor or external contributor).

H3: The proposed effort estimation model has similar performance when

filtering by task type.

H4: The proposed effort estimation model will forecast the same estimated effort

when using LOC vs. Files within a 4% threshold.

HS: The proposed effort estimation model will forecast a positive ESP in at least
90% of successful OSS projects (please see glossary for definition of successful OSS

projects).

H6: The proposed effort estimation model will forecast a positive ESP in at least

50% of popular OSS projects (please see glossary for definition of popular OSS projects).

1.8 Scope of Research

This Praxis focuses on forecasting the future ESP exclusively from source code
change measures in an OSS project. The source code change is recorded in code
repositories such as Github.com, SourceForge.net, and others. No additional effort is
needed by a software development team for this recording to occur. Examples of source
code change measures include the number of lines of code (LOC) and the number of files
that have been added, modified, or deleted between one software version in a project to

another.



1.9 Limitations

The OSS projects in this research are representative of large-scale software
development efforts by large or mid-size Internet companies. Specific filters used to
select the projects are described in detail in chapter 3. Applying these filters resulted in
1,095 projects. Of these 1,095 projects, 64 OSS projects were sampled. This filtering
was necessary because it is important to have a consistent pattern of contributions to OSS

software projects over their lifetimes.

The models developed in this Praxis are intended to simplify the decision
regarding the maintenance effort. This Praxis does not focus on other factors that may
impact the decision such as the effort associated with marketing campaigns, creating
partnerships, intellectual property concerns, competitive advantages, and the software

quality.

1.10 Organization of Praxis

Chapter 1 presents an introduction to iOSSEstimator. The background,
motivations, problem, and thesis statements, scope, and research limitations provide the
context for why an ESP estimation model is useful for decision-makers in large or mid-

size Internet companies looking to open-source software.

Chapter 2 provides a broad overview of the research that has been done to date on
the topic of OSS effort prediction models. Existing OSS effort prediction models are the
foundation for the model introduced in this Praxis. Research gaps are explained to give

context for why OSS effort prediction remains a difficult task.



Chapter 3 discusses the strategy used to validate existing effort prediction models
in a subset of 64 OSS projects. The data sources selected for the study are introduced.
The extract, transfer, and load process used to create the dataset used in this Praxis are
presented. Data analysis techniques are presented, including how the techniques were
used to extend the existing OSS effort prediction models. Additional project attributes
are introduced that improve OSS effort prediction model performance. ESP forecasting

is implemented using time-series methods.

Chapter 4 presents the prediction performance results of the OSS effort prediction
models. An explanation for ESP forecast outliers is given along with characteristics of

the projects where those outliers were found.

Chapter 5 assesses the objectives, draws conclusions, and identifies threats to
validity. This Praxis concludes with a call to action for future researchers to carry this
research forward in the hope that breakthroughs may benefit the OSS ecosystem,

organizations, and companies of all sizes.



Chapter 2: Literature Review

2.1 Introduction

The process of forecasting effort for an existing or proposed OSS project consists

of three main tasks:

1. Determining the appropriate inputs for effort prediction models

2. Calculating and forecasting effort several years into the future

Here is an overview of the relevant research that has been done to date,
specifically on predicting effort and approximating effort and savings, which is the basis
for forecasting ESP. Table 2-1 depicts a literature storyboard outlining the categories of

effort prediction techniques:

Table 2-1

Literature Review Areas

Software Change Developer Productivity Task/Project Similarity
e Source code e Experience and e [ssue lifetime
difference analysis expertise classification
e Change impact and e Programmer e [ssue fix time
propagation participation classification
e Software entropy e Contribution types e Issue management

These are natural groupings based on the various approaches to effort prediction
found during the literature review (Wu et al., 2016). The categories are not meant to
distinguish between techniques exclusively; instead, the categories are intended to group
techniques based on the focus. Consequently, there is some overlap between these
categories. Each of the software effort prediction techniques and approaches is discussed

in turn to set the stage for the introduction of the effort prediction modeling approach
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introduced in Chapter 3 of this Praxis. For clarity, “effort” in this chapter refers to effort

hours unless otherwise specified.

2.2 Review of Software Change Techniques

Software change—based techniques address the relationships between source code
attributes and effort prediction. Software change—based techniques focus on the number
of lines of code (LOC) that have changed from one software version to another, the
impact of change in source code files, and the ability of the software to be maintained
(software entropy). These source code attributes are usually extracted from software

repositories such as Github.com or SourceForge.net.

2.2.1 Anchor Research

Promising research has been conducted to develop effort prediction models for
closed-source projects and applying those models to OSS projects. In the research paper
“Indirectly predicting the maintenance effort of open-source software” (Yu, 2006), Yu
published the findings from two studies performed to understand the relationships
between lag time, source code changes, and effort. Lag time is the amount of time taken
to resolve an issue, and source code change is the process of adding, deleting or updating

LOC and code files.

The motivation for these studies was to construct an OSS effort prediction model
based on a closed-source model (Yu, 2006) due to the absence of recorded effort hours

in OSS projects. The lack of recorded effort hours is problematic for many existing effort
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prediction models that rely on this data to make future predictions. Very few OSS

projects have recorded effort hours.

Yu (2006) used 22,000 maintenance records from over 200 NASA Software
Engineering Laboratory (SEL) software projects. His studies concluded that there was a
strong positive correlation between changes in LOC and effort in a software version. A
strong positive correlation was also observed between the number of files changed and
effort in a software version. There was a weak correlation between lag time and effort.
Yu was able to construct two linear regression models that used the number of LOC, and
the number of files changed as an indirect proxy for effort hours. Yu chose not to create
a model that used lag time as an indirect proxy for effort due to a weak correlation

between lag time and effort.

The models were then successfully used to predict indirect effort in terms of the
number of LOC, and the number of files changed in 121 recent subversions of the
popular Linux OSS operating system. The model had a prediction accuracy of up to 64%
PRED>s and 87% PREDso. PRED:s is the percent of predictions within 25% of the
observed value, while PREDs is the percent of predictions within 50% of the observed

value (Kitchenham, Pickard, MacDonell, & Shepperd, 2001).

Yu’s research builds on an earlier study (Pompella & Stefanucci, 2001), which
validated several multivariate regression models against five closed-source projects with
recorded effort-hours using similar independent variables. A key motivation for this
study was maintenance planning, including assessing the effort and benefits of specific
tasks. These five projects were diverse, representing industries such as

telecommunications, banking, insurance, and government. Researchers extracted 144
12



project attributes across five projects. The extracted project attributes included the size of
the system measured in thousands of lines of code (KLOC), the number of tasks requiring
software modification, the number of tasks requiring fixing of data misalignment, the
number of other tasks (i.e., user misoperation, problems out of contract), and the total

number of all tasks.

A diagnostic plot yielded a correlation matrix that indicated strong correlations
between the total number of all tasks and two components: the number of tasks requiring
fixing of data misalignment and the number of other tasks. As a result, the researchers
were able to create and validate three well-performing ordinary multivariate least squares
regression models. Results were validated using leave-one-out cross-validation, which
yielded reasonably good prediction performance (up to 82% PREDso) when used against

the test dataset.

In a study done in 2015, a model based on source code change slices (the amount
of source code that changes between one version and the next) was developed and used to
estimate effort for 900 versions of the GNU Linux Kernel (Alomari, 2015). Data from
several slices were extracted, including the number of source code files and the number
of functions changed, lag time (elapsed time from one software version to the next), and
slice coverage (slice size relative to the total size of the system measured in LOC).
Alomari hypothesized that effort, measured in days, can be estimated as a function of
changes in the number of source code files, the number of functions, and the total number
of source code changes between two versions of an OSS project. The number of source
code changes is referred to as the slice size, and the changes themselves are referred to as

slices.
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Alomari observed a strong correlation between slice coverage and effort. As a
result, a linear regression model was constructed that included the number of source code
files changed, and the number of LOC changed between two versions. The prediction
performance of the model was measured at 64.9% PREDs (effort days) when applied
against 191 versions of Linux (since version 2.6). The study concludes by stating the
possibility of building an indirect effort prediction model with only source code metrics.
Further research is needed to determine if this type of model can be applied to other

projects.

Researchers in Japan performed a similar study to Alomari’s. This study explored
the relationship between fine-grained micro-processes of maintenance activity and
program slicing (Kula et al., 2012). Micro-processes are state changes in the lifecycle of
a task recorded in an issue tracker. Maintenance activity herein is defined as the change
impact to the source code in terms of the number of lines of code, functions, and files that
have changed. Three OSS projects were used in this study: FileZilla (file transfer
protocol application), WxWidgets (C++ graphical user interface development kit), and
Lighttpd (webserver). These were downloaded from a source code management system.
Two versions of the software for each project were used in the analysis. Upon analyzing
the duration of the recorded issues and the corresponding change impact to program
slices (lines of code, functions, and files), it was confirmed that there is a significant
statistical correlation between recorded effort (derived from duration of the tasks) and the
change impact to the source code (program slices). The results suggested that there is a

higher impact on source code with higher recorded effort.
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Predicting the effort to fix bugs in an existing OSS project is highly challenging.
Researchers in Austria focused on this challenge by first creating an effort data set of
approximately 93,600 bug reports from the Mozilla project. Next, these researchers
created an effort prediction model using the multiple linear regression, support vector
machine, neural network, classification rule, and decision tree methods (Ahsan, Ferzund,
& Wotawa, 2009). Fifteen measures were extracted, including standard source code
measures, such as the number of files changed and LOC, which were then compared to
bug fix duration. Other measures include the age of the source file, the expertise of
developers, and the cyclomatic complexity. Cyclomatic complexity is the number of
linearly independent paths through the source code. The researchers observed that the
classification rule model had the best prediction performance (using the mean magnitude
of relative error) and the best correlation value (Pearson’s correlation) between actual and

predicted effort hours at 56%.

2.2.2 Additional Supporting Research

Other studies have concluded that multivariate linear regression models could be
improved by taking into account the types of tasks executed in software projects (Lucia,
Pompella & Stefanucci, 2004). A common theme in this area of research is the definition
of source code change measures, which include the number of files, modules, and screens
(for user interface projects) changed (Niessink & Vliet, 1998). The exploration of how
these measures vary across releases is also prevalent in the literature (Gonzalez-Barahona
et al., 2003). Such research is usually done by downloading a software repository or
dataset onto a researcher’s computer; some researchers have learned to do this efficiently

using remote tools (Robles, 2003).
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Research concerning these measures and how the measures relate to the effort has
also been focused on OSS projects (Fernandez-Ramil, Izquierdo-Cortazar, & Mens,
2008). Some researchers have argued that how software evolves in OSS (Fernandez-
Ramil, Lozano, Wermelinger, & Capiluppi, 2007; Herraiz, Robles, & Gonzalez-
Barahona, 2006) should be factored into any correlation analysis, which often is used to

predict effort.

Many source code change models focus on higher-level attributes of the files—for
instance, LOC and modules, whereas others have investigated properties of object-
oriented programming such as class inheritance, dependencies between classes, and the
number of methods (Binkley & Schach, 1996; Herraiz et al., 2009). In similar research,
the relationship between cyclomatic complexity and effort has been investigated (Kafura
& Reddy, 1987). Attributes of programming languages such as the property of strong
typing have appeared to lead to better maintainability of software, and these could

potentially be used as an input to an effort prediction model (Rombach, 1987).

2.3 Review of Developer Productivity Techniques

Developer productivity—based approaches study the relationships between
software developer characteristics and effort prediction; such approaches focus on the
experience level, and role of a software developer and the contributions said developer
makes in a software project. These developer characteristics are usually derived from
software repositories (e.g., Github.com, SourceForge.net) and issue trackers (e.g.,

Bugzilla, JIRA).
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2.3.1 Anchor Research

In 2008, Stefan Koch created two models based on the participation of software
developers and output cost drivers, such as reliability, programming experience, and
LOC. Participation-based models result in the identification of the maximum
participation or human resources at a certain point in a project that is in progress,
typically right before the first version is released. Output metrics—based models, usually

use cost drivers of the team to estimate effort at various points in the project lifecycle.

The performance of the participation-based effort prediction model based on the
standard Norden—Rayleigh curve, nonlinear regression, and adaptive Norden—Rayleigh
curve was applied to a subset of projects in a dataset of roughly 8,000 OSS projects
hosted on SourceForge.net (Koch, 2008). The adaptive models were modified to account
for the participation of external contributors in OSS (Norden—Rayleigh assumes full-time

employees working on commercial projects).

The output metrics—based models used included COCOMO I, COCOMO II, and
the function point method. These models were used to estimate effort for the same set of
projects in SourceForge.net. This study concluded that participation-based models
provide similar prediction performance, at least when applied to the first version of the
software. After the first version of the software, prediction performance is lower,
potentially due to the characteristic of OSS, where the software does not have a strictly
managed process for development. The second conclusion was that participation-based

models consistently predicted lower effort compared with their output metrics—based
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counterparts, likely because of external contributions being a more efficient means of

software development.

In another study, the tradeoffs between development, maintenance effort, and
software entropy (the tendency for software to become difficult to maintain over time)
were explored. A linear regression model was developed to estimate effort in the number
of days that had elapsed from one project version to the next. The model took into
account the percentage of time that external contributors were actively contributing
maintenance effort, the number of external contributors, and the type of external

contributor—administrator or developer (Capra, Francalanci, & Merlo, 2010).

The model was applied to 4,289 versions of OSS projects corresponding to 393
graphical user interface applications hosted on SourceForge.net. Surveys were
administered to determine the percentage of time that external contributors were actively
contributing to maintenance tasks. The results of the study indicated no significant
difference between the amount of time spent contributing to the projects by
administrators (6.21 hours average/week) and developers (6.63 hours average/week).

The model was determined to have a good coefficient of determination at R> = 0.461.

Another compelling research effort explored the relationships between
contribution time slots (daily, weekly, monthly) and contributor type (core vs. external)
in 23 major versions of the Linux kernel project (Capiluppi & Izquierdo-Cortazar, 2011).
Two models were created: one that took into account contribution slots of commercial
(core) contributors and one that took into account contribution slots of OSS (external)
contributors. The effort prediction model built for external contributions used a weighted

approach that divided an 8-hour day into three timeslots based on the observed
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distribution of contributions throughout the day. The study concluded that although the
effort prediction model was appropriate for the Linux project, the models would have to
be modified when applied to other individual projects because of the weights placed on

contribution levels in three-time slots that may have been unique to the projects.

The successful ability to leverage multiple types of data analysis in OSS effort
prediction models was described in a paper that analyzed effort levels across 11 OSS
projects, each with at least 0.6 to 5.3 million LOC (Fernandez-Ramil, Izquierdo-Cortazar,
& Mens, 2009). Relationships between the effort (contributor years), project duration
(years), number of files, and team size (distinct contributors) and the relationship to LOC
were explored. Sixteen linear regression models were either enhanced or created. The
best model was observed to have a coefficient of determination of 0.797 (involving effort
as a function of the number of files). The results of the comparisons of the 16 models
indicated that models should be created for projects of different sizes, project types, and

particular technology to provide better prediction performance.

Researchers in Spain hypothesized that an improvement to existing OSS effort
prediction models could be made by leveraging information from source code
repositories, mailing lists, and bug repositories (Amor, Robles, & Gonzalez-Barahona,
2006). This study is notably distinct from the research discussed thus far, which
primarily focused on source code change metrics. Although no conclusions were drawn,
the article offered a framework that future researchers can use. This framework allows
researchers to enter their existing effort prediction model and supplement the model with
additional variables, such as the type of maintenance activity that a contributor may have

worked on—for instance, bug fixing or feature development. This study highlighted a
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significant research gap concerning the unavailability of most mailing lists and bug

repositories for OSS projects.

The Ubuntu OSS project was used in a study that built six linear regression
models to predict the time to fix bugs (Anbalagan & Vouk, 2009). The dataset included
72,500 bug reports over nine releases. Researchers in North Carolina observed a strong
positive correlation between the number of participants involved in fixing the bug and the
fix time. The model was found to have a prediction accuracy of up to 22% (PRED»s) and
included the number of unique participants and the total number of times that developers
participated in the bug fix. Participation included activities such as commenting on the
bug or contributing source code. Researchers concluded that 95% of the bugs were fixed

with 1-8 developers.

A team of researchers from Norway and Spain sought to create an issue fix time
prediction model using human factors such as the past performance of stakeholders and
the number of comments regarding an issue (Anh, Cruzes, & Ayala, 2011). Past
performance varied according to the type of stakeholder (reporter or assignee). For
example, a reporter’s experience was defined as the number of issues previously reported
by the reporter, and the assignee’s experience was defined as the number of previous
issues fixed by the assignee before a specified time. The model leveraged machine
learning classification and multivariate statistical methods to predict issue fix time. In
three OSS projects (Qt, Qpid, and Geronimo), 25,500 issues were analyzed, and

prediction accuracy ranged between 75.56% to 91%.
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2.3.2 Additional Supporting Research

Several studies have focused on improving existing parametric estimation
techniques such as COCOMO II (Boehm et al., 1995). These studies explored the
relationships between effort and variables such as fragmentation (amount of development
time spent across source files), team size, intensity (degree of schedule compression), and
concurrency (the degree to which team members work together or separately; Smith,
Hale, & Parrish, 2001). The study found that decreased effort correlated with finer-
grained break down of tasks, limiting the number of concurrent tasks, and a shorter
schedule to complete work. Other studies defined additional cost drivers such as
magnitude (a measure of software size accounting for functionality and problem
complexity) and gradient (a measure of system dimensions), which improved prediction

performance for a set of projects (Hastings & Sajeev, 2001).

Cost-driver driven models, such as COCOMO and COCOMO 11, have yielded
low prediction performance when trained on internal company datasets and then applied
on datasets outside of those companies. At the same time, the models tend to perform

well when used on other company datasets (Emam et al., 1999).

A replication study in 2010 by a group of researchers (Bhattacharya & Neamtiu,
2010) challenged the validity of several prior studies performed to predict bug fix time.
The replication results indicated a low correlation between reputation and bug fix time in
OSS projects. The original studies on which the replication studies are based on did

result in a strong correlation between reputation and bug fix time observed in closed-
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source projects. Bhattacharya and Neamtiu’s research concluded that more predictors are

needed to improve bug fix time in OSS projects.

A similar study classified the types of questions asked by users of the software
project and then evaluated the relationship between collaboration activity in the issue and
issue response time (Breu, Premraj, Sillito, & Zimmermann, 2010). The study concluded
that certain types of question categories yielded faster response times. An open question

remains in how this relationship can be used to predict effort for issues.

2.4 Review of Task Similarity Techniques

Task similarity-based techniques classify similar tasks by various criteria, such as
issue type, title, and description. This criterion is then used in data analysis techniques
that establish relationships between these groupings and predict effort. These tasks are
usually derived from repositories such as Github.com and SourceForge.net and issue

trackers such as Bugzilla and JIRA.

2.4.1 Anchor Research

Classification methods such as naive Bayes have been used to classify bugs into
“very fast” and “very slow” bugs. The motivation for doing so is to allow software
development teams to prioritize bugs based on estimated fix time automatically.
Researchers in Egypt created a naive Bayes—based model that was used to classify 36,600
bugs found in four major OSS projects: Eclipse JDT, Mozilla Firefox, Gnome
GStreamer, and Gnome Evolution (Abdelmoez, Kholief, & Elsalmy, 2012). Seventeen

bug attributes were extracted for each project from the Bugzilla defect tracking system.
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Out of the four projects, the model for the Gnome GStreamer performed the best, with a
precision of 0.76 and recall of 0.99, successfully classifying most of the bugs that should
have been classified as “very fast,” meaning the bugs had an expected fix time of <18
hours. Future work here should focus on improving the performance of the models,
given that for three projects, the model had a recall of <0.50 (not being able to classify

bugs that should have been classified as “very fast”).

Another model that focuses on specific types of maintenance tasks, such as fixing
bugs, aims to predict the number of bugs that can be fixed within a given month, the total
fix time for a given set of bugs, and the fix time for a single bug. Researchers in Canada
developed Markov-, Monte Carlo-, and k-nearest neighbor (KNN)-based models in a
replication study of prior research to enable decision-makers to allocate appropriate
resources when a surge of reported bugs is expected (Akbarinasaji & Bener, 2017). The
study used 158,800 logged/fixed bugs collected over 15 years by the Mozilla Firefox
project. The KNN-based model was reported to have a prediction accuracy (F-measure)

0f 62.69%.

Another compelling research effort studied the relationship between the person
reporting, triaging, and fixing the bug and the time to fix the bug. A total of roughly
11,700 fixed bugs from the Eclipse JDT and Eclipse Platform projects were analyzed.
Models were created using logistic regression to categorize bugs into four time periods
(day, week, month, or exceeds; Ohira, Hassan, Osawa, & Matsumoto, 2012). The models
were able to predict time to fix a bug with a precision of 76.67% (month), 67.90%
(week), and 68.14% (day). The factors that contributed the most to prediction included

the number of users that might be interested in the bug report, the time to assign a bug to
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a developer to fix, and the bug management pattern used (e.g., whether the reporter or the

person that triages fixes the bug).

A prediction model for bug fix times was created using 131,600 fixed bugs in the
FreeBSD OSS project (Bougie, Treude, German, & Storey, 2010). Researchers in
Canada classified bug fix times into ten-lifetime bins of equal frequency using 0-R and 1-
R algorithms. The “bug category” attribute was used for classification. In the second
step, C4.5 decision trees, naive Bayes, and logistic regression methods were used to
predict fix times. The C4.5 decision trees—based model resulted in the best prediction

accuracy at 19.49% followed by naive Bayes (18.45%) and logistic regression (16.53%)

Another KNN-based model was used to predict fix times in a set of 567 issues
logged in the JIRA issue tracking system (Weil}, Premraj, Zimmermann, & Zeller, 2007).
These issues were fixed in the JBoss OSS project. The title and description of the bug
were used as input into a distance function that grouped similar past issues to derive a
weighted average prediction for fix time. This prediction formed the basis for predicting
future issue fix times. The model was able to predict issue fix times with an average
effort of 15.9 hours and a standard deviation of 32 hours. When the model was applied to
individual issue types (bug, feature, task), the standard deviation was lower for issues of

bug type (£6.3 hours) and task type (£29.9 hours).

KNN models often group similar issues together to predict bug fix time; however,
the models may be subject to misleading similarity scores, as is the case with
autogenerated bugs filed in bug or source control repositories. A researcher in Canada
improved standard KNN-based models by introducing a composite model that leverages

data enrichment, majority voting, adaptive threshold, and binary clustering (Hassouna,
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2008). Two datasets (JBoss and Codehaus) were extracted from the JIRA issue tracking
system and used. The model improved prediction accuracy at PREDso by roughly 50%

compared with the base models.

Random forest techniques were used successfully in another study of the Mozilla
and Eclipse OSS projects to correctly classify 65% of fix times for bugs in the datasets
(total of 149,000 bugs). The relationships between bug attributes such as the location of
the bug in the software, reporter, description, and bug fix time were studied (Marks, Zou,
& Hassan, 2011). The result was that 76% of Eclipse bugs were found to be fixed in less
than three months, whereas for Mozilla, only 46% were fixed in a similar amount of time.
The attribute that influenced fix time the most in both projects was the reporter fix time,

which was the fix time for bugs logged by a reporter in the past.

In another study, 75,700 bug reports from three OSS projects (Eclipse, Mozilla,
and Gnome) were analyzed. Bug attributes such as the time and date that the bug was
opened, bug priority and severity, and others were used to classify bugs as “fast” or
“slow” in terms of bug fix time (Giger, Pinzger, & Gall, 2010). This study was motivated
primarily to prioritize bug-fixing and the duration to fix the bugs. Decision trees were
used to classify between 60 % and 70 % of bugs correctly. The study concluded that
attributes such as the assignee, the reporter, and the bug open time had the most
substantial influence on the bug fix time. The prediction accuracy was improved by 5—
10% by including updated attributes. These attributes were updated after the bugs were

logged in the issue tracking systems.

Decision trees, naive Bayes, and logistic regression were used to correctly classify

up to 34.9% of bugs in the Eclipse OSS project into seven bins representing the time to
25



resolution (Panjer, 2007). The dataset included 118,400 bugs in the “resolved” state,
meaning the bugs had been fixed. Basic information known at the beginning of a bug’s
lifetime was used in the analysis, such as priority, severity, and platform. The motivation
for classification was resource allocation for maintenance work on OSS projects. The
study determined that commenting activity on the bug, severity level, version, and

product component had the most influence on the lifetime of the bug.

A two-step prediction model leveraging well-known weighted similarity
algorithms such as Cosine, Jaccord, and TFIDF was able to achieve a 91% prediction
performance (Nagwani & Verma, 2010). The dataset used in the analysis consisted of
12,000 bugs from the popular MySQL OSS project. The first step involved determining
the similarity between two issues by using a weighted similarity algorithm that matched
the title and description of the bug to other titles and descriptions of bugs in other OSS
projects. The second step grouped all similar bugs to calculate the average fix time,
which was then used to predict the fix time for bugs having not yet been fixed. The study
concluded that additional bug attributes could potentially improve the prediction accuracy

of the model.

2.4.2 Additional Supporting Research

Surveys of estimation methodologies used in industry have been studied to
determine the effectiveness, familiarity, and practicality of estimation being done in
companies. In one study, 1,850 individuals in 10 companies were surveyed. The results
indicated that estimation using intuition and experience was reported in 85% of

responses, whereas 13% used model-based estimation techniques, and 12% used other
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techniques (Herraiz et al., 2002). This study concluded that using intuition and
experience involved estimation by analogy (comparison of past projects based on
personal memory) was the most frequent type of estimation used by the individuals

surveyed.

Association rule mining is often used to group similar issues and predict issue
effort. A large dataset (200 projects over 15 years) from NASA’s SEL was used in a
study that leveraged several analytic methods (C4.5 and naive Bayes) to predict issue
effort with a prediction performance of 94.69% (Song, Shepperd, Cartwright, & Mair,

2006).

Task-based similarity techniques most often rely on incomplete issue data (title,
description, priority), which can have a significant impact on the prediction performance
of these models due to issue bias. One study concluded that building task-based
similarity models trained on a subset of a much larger issue dataset can lead to severe

problems in making inferences concerning effort prediction (Bird et al., 2009).

To enhance the accuracy of issue effort predictions based on task-based similarity
techniques, researchers in Canada sought to create models to predict the delay that occurs
before a software developer begins work (Zhang, Khomh, Zou, & Hassan, 2012).
Researchers concluded that the most influential factor leading to a more prolonged delay
was the severity of the issue. The amount of change in terms of LOC came in as the
second most influential factor in more prolonged delays. This research is notable because
neither issue trackers nor source code repositories alone can be used to detect this delay.
An organization that is interested in this delay would have to use both data sources to

derive these insights.
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2.5 Challenges Regarding Usage of Techniques

This literature concludes in determining that practical effort prediction
methodologies for closed-source software greatly outnumber those that focus on effort
prediction for OSS. Effort prediction methodologies were observed to be applied in OSS

projects rarely. There are several reasons for this.

First, applying closed-source effort prediction models to OSS would require
having the recorded effort hours available to validate the model. Effort hours are not
always recorded in closed-source software and even more rarely so in OSS projects.
Many companies do not require their software developers to record effort data at all, and
the open nature of OSS provides few incentives for core contributors to do so. Evidence
in prior research suggests that indirect measures of effort, such as source code change,
have a strong positive correlation with effort hours (when available). In this praxis,
source code change measures are used as a proxy for effort hours and used
interchangeably in specific cost formulas (such as ESP), where units end up being

relative (percentages).

Second, maintenance records such as feature requests and bugs often live in
separate databases and may have different access control lists (ACL). These ACLs
define access policies for the software repositories containing the code and the issue
management systems containing the maintenance records. Consequently, researchers
may not have all the data needed to use in their models due to the inaccessibility of these
databases. This praxis overcomes this by obtaining most of the measures required in the

models through free and open datasets and publicly accessible source code repositories.
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Third, current tools do not incentivize software developers to record other useful
data, such as the issue type, issue priority, issue estimate, and effort hours. The absence
of this data leads to OSS effort prediction methodologies that simply cannot be validated
as proxies for effort hours unless these tools have also been validated on projects where
effort hours are available. This praxis builds upon models that have been validated on
closed-source projects, which contain effort hours. These models have also been
validated on open-source projects. The use of these validated models increases

confidence in extending and applying the models to other OSS projects.

2.6 Summary and Conclusion

A survey of the literature indicates that there are three different effort prediction
techniques (software change, developer productivity, and task/project similarity) -

various factors influence which techniques researchers and companies adopt.

Forecasting models based on software-change are appropriate when companies
only have access to source code repositories or would like to combine this technique with
developer productivity and task/project similarity techniques. When source code
repositories are available, the software change—based technique is appropriate and was

reported to have a prediction accuracy as high as 87% PREDS50 (Yu, 2006).

Developer productivity techniques are necessary when companies wish to account
for software developer productivity in effort prediction models. Companies that employ
full-time software developers and paid external developers may be interested in how

productivity from different contributors affects overall effort. When this is the case,
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developer productivity—based approaches work well (or a hybrid of task-based similarity

and source change techniques) for effort prediction.

Task/project similarity techniques are appropriate when companies have access to
issue trackers such as JIRA, Bugzilla, and others. Effort hours are often recorded in these
systems, as are the tasks logged against the project, which helps with validation. This
praxis concludes from the literature review that when issue trackers and source code
repositories are available, task/project similarity and developer productivity—based
techniques are optimally useful because those models can achieve a prediction accuracy

as high as 91% (Anh, Ayala, & Cruzes, 2011; Nagwani & Verma, 2010).

The literature review indicates the possibility of predicting indirect measures of
effort using software change, developer productivity, and task similarity—based
techniques. These techniques built on prior research (secondary research), focused on
numbers and statistics (quantitative), and aimed to validate cause and effect
(experimental) to make predictions. A majority of the research leveraged a rich set of
existing OSS project data in software repositories and issue trackers such as Github.com
and Bugzilla that was easily accessible. As a result, this praxis builds on a subset of prior

work in the literature review to develop the iOSSEstimator model.
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Chapter 3: Methodology

3.1 Introduction

The methodology consists of leveraging two existing effort prediction models
(Yu, 2006), and then extending the models using both multivariate linear regression and
decision tree regression. Time-series effort forecasting was implemented using
SARIMA and Facebook Prophet methods. Decision tree regression and Facebook
Prophet time-series methods were selected due to their improved prediction performance

and robustness to missing data.

The analysis dataset is prepared by extracting raw data from three data sources,
GHTorrent.org, Libraries.io, and Github.com, using several tools: Git, SQL, Z Shell,
Jupyter Notebook, Anaconda, Python, Google Cloud Platform (GCP) BigQuery, and
GCP Compute Engine. The data analysis approach consisted of three steps and was
performed for each project in the dataset. Finally, hypothesis tests are introduced along

and with the statistical tests and the assumptions around their use.

The effort prediction and forecasting models are used in the iIOSSEstimator,
which is a command-line interface (CLI) program that executes effort prediction and
forecasting. From here on, the iOSSEstimator CLI program is referred to as merely “the
CLI” for short. The CLI is written using the Python programming language. A
description of how the CLI would be used in practice to predict effort and forecast the

effort savings percentage (ESP) follows.
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3.2 iOSSEstimator Command Line Interface Program

The CLI allows a decision-maker to evaluate a software project hosted on
Github.com in terms of its expected ESP over several years. A project should be a
publicly accessible project on Github.com since the project data needed to build the
models resides in public datasets. This project could be an existing OSS project that a
decision-maker is looking to evaluate the merits of ESP. Please see sections 5.2.4 and
5.3 for more info on the validity and future research opportunities for private Github.com

repositories.

3.2.1 Critical Inputs

Figure 3-1 depicts a block diagram illustrating the critical inputs that a decision-
maker supplies to the CLI. Table 3-1 describes each of the critical inputs indicated in the
white boxes. Once the critical inputs are supplied, the CLI reads in 9 flat files (one for
each task) as input. Note that the “effort units” input is optional and defaults to ‘Files.’
If a decision-maker would like to predict effort in lines of code (LOC), this input can be
changed to ‘LOC.” Section 3.2.1.3 introduces the two models that can be used by the

CLL
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576 Flat Files (.csv)
(9 for each project in our analysis)

Effort Units

iOSSEstimator
Python CLI Program

/y/GitHub Repository URL

Analysis Years (AY)

Decision Maker

Figure 3-1 10SSEstimator Critical Inputs

Table 3-1
iOSSEstimator Critical Input Descriptions

Input Description
Effort Units The unit of measurement to use for predicted effort. This input can
be one of two values: Files or LOC. The default is Files.
GitHub The web address where the project resides, e.g.,

Repository URL | https://github.com/angular/angular. The CLI accepts the URL stem
for convenience, e.g., “angular/angular”

Analysis Years The # of years into the future to perform an ESP analysis, e.g., 3
(AY)

3.2.2 Outputs

Figure 3-2 illustrates the output from the CLI. The yearly effort by task is
approximated using Equation 3-9 (introduced in section 3.5.2). In this Praxis, the ESP
forecasts were calculated using source code change measures. These source code change
measures are measured in lines of code (LOC) or the number of files added, modified, or

deleted. Table 3-2 describes the outputs.
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576 Flat Files (.csv)
(9 for each project in our analysis)

Effort by Task

Effort Saved by Task

Total Effort

iOSSEstimator
Python CLI Program Total Effort Saved

Net Effort Savings

Effort Savings Percentage

Annualized ESP

Figure 3-2 10SSEstimator Outputs

Table 3-2
iOSSEstimator Critical Output Descriptions

Output Description

Effort by Task The total effort from core contributors over the period AY.
Effort is measured in either number of LOC or Files

Effort Saved by Task | The total effort from external contributors over the period AY.
Effort saved is measured in either number of LOC or Files

Total Effort The total effort for all tasks. Effort is measured in either
number of LOC or Files
Total Effort Saved The total effort saved for all tasks. Effort saved is measured in

either number of LOC or Files

Net Effort Savings The difference between the total effort and the total effort
saved. Net effort savings is measured in either number of

LOC or Files
Effort Savings The ratio of the total effort to the total effort saved. Effort
Percentage Savings Percentage (ESP) is measured as a percentage
Annualized ESP The geometric average amount of effort saved each year
(based on analysis years). Annualized ESP is measured as a
percentage

Please refer to Appendix I for sample CLI output. A task can be one of the
following: bug, documentation, refactoring, testing, feature, upgrade, release, support,

and other. A positive ESP and Annualized ESP is a good signal for a decision-maker,
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indicating that from a net savings perspective, this project would be an excellent
opportunity to open-source or to continue to invest in if the project is already open-
source. A positive ESP is a signal that the project is receiving enough external
contributions to offset the contributions from the sponsoring company. In the rest of this

chapter, the research approach and methods used to develop the CLI are discussed.

3.2.3 Effort Savings Percentage (ESP)

The effort savings percentage (ESP) is inspired by the return on investment (ROI)
measure. Whereas ROI refers to monetary investment performance, ESP measures effort
savings performance as a percentage. In this praxis, effort is represented using indirect
approximations using either the lines of code (LOC) or the number of lines changed. The
approximations/substitutions are based on conclusions of Yu (2006) and the confirmed
relationship between recorded effort and source code change impact by Alomari (2015),

and Kula et al. (2012).

3.2 Research Approach and Methods

3.2.1 Research Methods—Regression

The CLI described in section 3.2.1, and 3.2.2 extends Yu’s (2006) two models
(Equation 3-1 and Equation 3-2 below), which achieve a prediction performance of 33%
PRED>s and 53% PRED:s, respectively. These two models were selected as a foundation
for the effort prediction models because the models’ prediction performance was
validated against 200 NASA SEL projects (with recorded effort hours). Additionally, the

prediction results were closely replicated on 121 subversions of the popular Linux OSS
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operating system. These models leverage multivariate linear regression to predict effort
measured in source code change (number of LOC or Files added, modified, and deleted

in a software version). Table 3-3 describes each of the variables for Yu’s models.

ELine = alNC + azNO
Equation 3-1 LOC Effort Prediction Model (Yu, 2006)
Eyvoauie = @1Tyoaute + 2Kuoauie + asNC + a4NO

Equation 3-2 Module Effort Prediction Model (Yu, 2006)

Table 3-3
Effort Prediction Model Variable Descriptions (Yu, 2006)

Variable Description

ELine Predicted effort measured in the number of LOC. ELine 1s the total LOC
added/modified/deleted from one software version to another.

EModule Predicted effort measured in the number of files. Ewmodule 1S the total of files
added/modified/deleted from one software version to another. “Module” is
used to remain consistent with Yu’s research.

TModule The total size of the software measured in the number of files.

NC The total number of corrective tasks completed in a software version, e.g.,
10. Corrective tasks are generally bug fixes.
NO The total number of other tasks completed in a software version, e.g., 100

KModule The total size of the software kernel measured in the number of files.

3.2.1.1 Replication Study
Yu’s study was replicated in this praxis twice to verify the applicability of his
models to recent versions of the Linux operating system and potential applicability to
other OSS projects. The prediction efficacy of the independent variables towards the
dependent variable was also a priority to confirm. The rationale for replicating Yu’s
study twice was to determine if the models can also be used for unreleased versions (Yu’s
study focuses on released versions only). The ability to use and extend Yu’s models on

all versions would make the application of the models much more useful.
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The first replication study was performed on 638 versions of Linux released from
2005 to 2020. These 638 versions include unreleased versions such as beta, alpha, and
release candidates (RC). The second replication study was performed on 76 released
versions of the project. Both datasets were extracted using the process illustrated in
Figure 3-4, with two differences: 1) the dataset was not split by core and external
contributors, and 2) the dataset was not split by task. Both of Yu’s models were fit to the
datasets and goodness of fit tests were conducted (homoscedasticity, linear relationship
between the independent and dependent variable, independence of variables, normality of
residuals). The independent variables and dependent variables were natural log-
transformed in order to remove positive skew in the dataset. Please see Appendix H for

the assumptions of linearity test results.

The results of the first study were inconclusive (Equation 3-1 and Equation 3-2).
There were 40 ELine, 46 Emodule, 75 NC, and 11 NO outliers that made it difficult to obtain
normal residuals. The outliers lying outside the 1.5 * interquartile range were then
filtered, which then resulted in normal residuals. This did, however, reduce the dataset
size to 466 observations. After filtering, there was evidence of homoscedasticity, linear
relationships, independence of variables, and normality of residuals with the
aforementioned adjustments. It is quite possible that there is linearity, however more

research would need to be done into the nature of the outliers.

The results of the second study concluded that there is linearity in the variables
used in Equation 3-1 and Equation 3-2. There is evidence of homoscedasticity, linear
relationships, independence of variables, and normality of residuals. No outliers were

removed in the second study.
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Table 3-4 summarizes the results of each study. Given that study 1 was
inconclusive, the first conclusion is that both models may or may not be applicable when
used across all versions, including unreleased versions such as beta, alpha, and release
candidates (RC). Further research to determine the root cause of the outliers found in this
dataset. The second conclusion is that both models can be used across released versions
of the software, which is consistent with Yu’s findings. Furthering adding to this
conclusion, PRED»s, the performance measure used to validate the usefulness of Yu’s

effort models was quite high (80-90% of predictions were within 25% of the observed

values).

The research methods in this praxis primarily focus on the prediction efficacy of
the independent variables with the dependent variable. Please note the p-value for NC in
the first study for Equation 3-2 and the p-value for NO in the second study for Equation
3-1 (Table 3-4). Yu’s dataset totaled 121 versions, which included versions 2.4.1 —
2.6.14. These versions are not present in either of the datasets used in this replication
study. This difference may explain the high p-values. Perfect replication was not

expected due to the differences in data in Yu’s dataset and the one used in this praxis.

Table 3-4
Results of Replication Study

Study 1 (n=466) Study 2 (n=76)

Model Measure | Equation 3-1 | Equation 3-2 | Equation 3-1 | Equation 3-2
PRED>s 1.0 1.0 0.8 0.9
PREDsg 1.0 1.0 1.0 1.0
MAE 0.463 0.123 1.45 0.78
Durbin-Watson 2.194 2.108 2.333 2.405
Residuals Mean | 0.001 -0.0031 0.627 0.355
Coef p-values NC=0.003 NC=0.337 NC=0.000 NC=0.000

NO=0.000 NO=0.000 NO=0.674 NO=0.004

TModuleZO-OOO TModulc::O-OO2
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3.2.1.1 Feature Selection and Correlation Analysis
The first objective of this research is to “determine if existing OSS effort
prediction models can be improved and used in a variety of OSS projects.” Yu’s study
was replicated with satisfactory results when applying the models to released versions of
the software. However, this study requires Yu’s models to work when the datasets are
split between contributor type (core and external) and task type (bug fix, features
development, software releases, support, dependency, testing upgrades, documentation,

and other).

The results of exploratory data analysis in other OSS projects studied in this
praxis determined that PRED»s was not as high as desired. Please see section 3.6 for
those results. As a result, this praxis sought to extract additional independent variables or
“features” that can be used to augment Yu’s models. The additional features were
expected to make up for the lack of predictive power across all OSS projects used in this

praxis.

Here, the Ansible project is shown as an example from the dataset. Ansible is a
popular OSS project sponsored by Red Hat, a company known for its distribution of
Linux. Correlation plots using both the Pearson and Spearman methods were primarily
used to identify two additional independent variables with strong correlation with Erine
and Emodule. Figure 3-3 describes the features (independent variables) that were analyzed

along with a correlation plot for each:
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Correlation Plot - ansible Project
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Figure 3-3 Feature Correlation Plot for the Ansible Project

The dark blue areas in Figure 3-3 indicate areas of strong to moderate positive
correlation. This correlation plot was constructed for the task type = bug. The
conclusion is that T Module is not strongly correlated with either Emodute OF ELine.

T Module was dropped from Models 1 and 2. T Line was included in both models since

it had a moderate positive correlation.

One new feature extracted was the total number of unique contributors involved
in the task (T_Contributors). Before this data analysis, a hypothesis was that the number
of unique contributors involved in a task would correlate with effort (in the graph
indicated as Emodutle and Evine) in open-source software (OSS) projects. The observed
correlation between the unique number of contributors and the effort was based on the
findings of Anbalagan and Vouk (2009). The correlation plot confirms the findings of

Anbalagan and Vouk (2009).
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The results of the correlation analysis allowed two additional independent

variables to be used (T Line and T_Contributors), and one to be removed (T _Module).

3.2.1.2 Feature Scatterplots
After correlation analysis, visual inspection of the relationships between each of
the features and the corresponding effort was performed. Figure 3-4 illustrates a linear
relationship between NT, NO, and T Line with Emodule. Although not shown here, a

similar relationship was observed with Epine.
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Figure 3-4 Feature Regression Plots for the Ansible Project

3.2.1.3 Regression Model Extension
The first objective of this research is to “determine if existing OSS effort
prediction models can be improved and used in a variety of OSS projects.” As a result,

Yu’s models described in Equation 3-1 and Equation 3-2 were extended. Equation 3-3
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and Equation 3-4 overlays the extension terms on Yu’s models, which are placeholders
for additional independent variables expected to help improve the prediction performance
of Yu’s models. These new models are the basis for the hypothesis tests, introduced in

section 3.6.

Table 3-5 describes each of the variables in Yu’s models in addition to the
features used to extend Yu’s models based on the correlation plot analysis in section
3.2.2. Note the elimination of the a2Kmodule term, as this variable is only applicable to the
Linux project. The elimination of the a2Kmodule term was necessary to create a model that
would apply to other OSS projects. The a;Kmodule term was replaced with the Tcontributors
term described in Table 3-5. From here on, Equation 3-3 is referred to as “Model 1,” and

Equation 3-4 is referred to as “Model 2” for brevity.

Erine = &NT + a;NO + a3Tpine + asTcontributors
Equation 3-3 LOC Effort Prediction Model (Model 1)
Emoaute = @NT + a;NO + asTyime + asTcontributors

Equation 3-4 Module Effort Prediction Model (Model 2)

Table 3-5
Effort Prediction Model Variable Descriptions (Model 1 and Model 2)

Variable Description
ELine Predicted effort measured in the number of LOC. ELyi. is the total
LOC added/modified/deleted from one software version to another.
EModule Predicted effort measured in the number of files. Emodule 1s all files

added/modified/deleted from one software version to another.
“Module” is used to remain consistent with Yu’s research.

NT The total number of specific tasks completed in a software version,
e.g., 10. Tasks can be of the following types: bug fix, features
development, software releases, support, dependency,

testing upgrades, documentation, and other.

NO The total number of other tasks completed in a software version, e.g.,
100.
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TLine The total size of the software measured in the number of lines of
code.

Tcontributors The total number of unique contributors that participated in NT

Frtodute The total size of the software measured in the number of files.

Kodute The total size of the software kernel measured in the number of files.
This term is eliminated to generalize the model.

Table 3-6 is a toy example showing a set of software versions of a hypothetical
project along with its characteristics (independent variables) and predicted effort. A toy

example is used here for simplicity. For real data, please reference Appendix B.

Table 3-6 illustrates how effort (green) is predicted for a version of a software
project using its historical record of tasks completed (blue) and source code change
(grey). The Line and Module variables are the recorded number of LOC and number of
files added/modified/deleted between a consecutive base version (such as v1.0.1) and an
evolved version (such as v1.5.3). ELine and Emodute are the predicted number of LOC, and
the number of files added/modified/deleted for that version. Note the second to the last

column with ellipsis indicates that there could be more software versions.

In this toy example, ELine is observed to be within PRED»s of Line. Likewise,
EModule 18 observed to be within PRED»s of Module. This result is ideal and indicative of
excellent prediction performance, with most predicted values being within 25% of the

observed values (Pompella & Stefanucci, 2001).

Table 3-6
Source Code Change History for a Toy Example OSS Project

Version v1.0.1 |vl153 |[vl.63 |vl.74 |v238 |v3.64 ... | v6.7.8
Line 100 200 150 300 250 500 350
Module 10 30 20 25 23 50 30
NT 8 6 7 19 10 20 23
NO 10 g 11 8 5 15 17
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TLine 1,678 1,688 1,718 1,738 1,763 1,786 1,836
T Contributors 5 10 15 20 8 25 10
ELine 102 198 145 290 240 458 .. 347
EModule ) 29 17 22 19 46 e 28

3.2.2 Research Methods—Time Series

To be able to forecast ESP into the future, a forecast was performed for the
individual independent variables over the specified time frame specified in the Analysis
Years (AY) critical input. These forecasted values were then used in the effort prediction
models (Model 1 and Model 2) to predict Emodule and ELine. Once effort prediction is
performed for both core and external contributors, the values of Emodule and Erine were
used to calculate ESP (Equations 3-21 and 3-22). Two time-series methods were
evaluated: seasonal autoregressive integrated moving average (SARIMA) and Facebook

Prophet.

SARIMA is a univariate time-series analysis method for forecasting future values
of the independent variables. Equation 3-5 describes the general equation for SARIMA,
and Table 3-7 explains the variables needed to configure a forecast. The equation is used

indirectly by configuring the appropriate variables in the SARIMA software library.

Vexp = ARIMA(p,d,q) * (P, D, Q)

Seasonal

Equation 3-5 SARIMA Forecast Model

Table 3-7
SARIMA Forecast Model Variable Descriptions

Variable Description
Ve xp) Stationary time series for each forecasted independent variable X;
p # of autoregressive terms
d # of nonseasonal differences
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# of moving-average terms

# of seasonal autoregressive terms

# of seasonal differences

QT TR

# of seasonal moving-average terms

Facebook (FB) Prophet is also a univariate time-series analysis method

forecasting future values of the independent variables. FB Prophet is novice-friendly and

does not require extensive expertise in time-series analysis. FB Prophet was created at

Facebook to allow “1) a large number of people making forecasts, possibly without

training in time series methods, and 2) a large variety of forecasting problems with

potentially idiosyncratic features” (Taylor & Letham, 2017). Equation 3-6 is the general

equation for FB Prophet. Equation 3-6 is used indirectly by configuring the appropriate

variables in the FB Prophet software library. Table 3-8 explains the functions used in the

forecast.

Table 3-8

Yexp = 9(€) +s(@) + h(t) + €

Equation 3-6 FB Prophet Forecast Model

FB Prophet Forecast Model Parameter Descriptions

Variables Description

Vexy) Time series for each forecasted independent variable X;

g Nonperiodic change trend function

s(t) Periodic change trend function. Captures effects of daily, weekly,
monthly, and yearly trends

h(t) Holiday function. Captures the effects of holidays and irregular schedule
effects

€ Changes not captured by the other functions. €;is the error term
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3.3 Tools and Materials

The following is a brief introduction of the various tools that were used to collect,
prepare, analyze, and share the results. Google Cloud Platform (GCP) software as a

service (SaaS) and platform as a service (PaaS) was used.

1. Structured Query Language (SQL): a query language that helps query the
dataset to collect and prepare the dataset

2. Git: a distributed version control system (DVCS) hosted on Github.com that
contains data for the dataset

3. Z Shell: a scripting language used to collect data for the dataset from Git

4. Jupyter Notebook: an OSS web application used to analyze the dataset, perform
hypothesis tests, and share the results

5. Anaconda: a set of data analysis packages used in Jupyter Notebook

6. Python: a programming language used for data analysis in Jupyter Notebook

7. GCP BigQuery: a cloud-based data warehouse containing the data sources

8. GCP Compute Engine: a cloud-based computer used to perform data analysis

3.5 Data Analysis

Data analysis entails a three-step process with several sub-steps. Figure 3-5 is a
block diagram illustrating the steps, inputs, and outputs of the iOSSEstimator models. In

the next few sections, the activities in each of these steps are discussed in detail.
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Figure 3-5 Data Analysis Steps

3.5.1 Step 1: Extract Software Characteristics from Project Versions

The data preparation step required an extract, transfer, and load (ETL) task for the
raw values in the GHTorrent.org, Libraries.io, and Github.com data sources, resulting in
severable flat files suitable for analysis. Several tools were used to filter and prepare this
dataset. Figure 3-6 describes the data sources, data preparation, and output (flat files) of

the ETL process for each OSS project.
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Figure 3-6 Step 1: Data Preparation

The Github.com source code repositories of each of the 64 projects were
downloaded onto a laptop (or onto a GCP Compute Engine Virtual Machine). Once
those repositories were downloaded, a Python/Z Shell script was executed against each of
the repositories. Tasks were extracted using a technique inspired by a well-known
technique that uses keyword matching to group tasks (Fischer et al., 2003). This
Python/Z Shell script extracted project characteristics such as task/commit messages,
LOC and # Files added/modified/deleted for each task, and the total size of the system for
a software version (measured in LOC or # Files). The output of this Python script was
three flat files for each project (e.g., “angular commit_msgs.csv,”

“angular commits.csv,” and “angular _version_metrics.csv”), resulting in 192 flat files.
Each of these flat files was then uploaded to GCP Cloud Storage, which was followed by

the importation of these flat files into GCP BigQuery database tables.
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GCP BigQuery was used to filter OSS projects meeting the following criteria:
>100 released versions, Github.com stargazer rating >5000 stars (an indication of
popularity), and sponsorship by at least one large or mid-size Internet company or
software foundation using an ETL. This filter resulted in 1,095 projects. Of those 1,095
projects, 64 OSS projects were sampled. Twenty-six of those 64 projects were widely
known successful OSS projects according to an article written in 2017 by the Linux
Foundation, titled “What Do the Most Successful Open Source Projects Have in

Common?” (Kohn, 2017). The full list of projects is available in Appendix F.

The filter was applied to both Libraries.io and GHTorrent.org datasets. After
applying the filter, several database tables were created in GCP BigQuery with only the
filtered database records to help minimize query and storage costs (the entirety of
GHTorrent.org and Libraries.io datasets consume terabytes of data, and only a subset was

needed).

Finally, all raw data from GHTorrent.org, Libraries.io, and Github.com were
consolidated in GCP BigQuery, and several datasets suitable for this analysis were
created. Several SQL scripts were executed that resulted in the following actions: 1)
identification of core and external contributors, 2) classification of each task against one
of nine task types (bug, documentation, refactoring, testing, feature, upgrade, release,
support, and other), and 3) calculation of totals for project attributes (e.g., number of
tasks completed). The output of these SQL scripts was nine flat files for each project
(e.g., “angular dataset BUG.csv,” angular dataset FEATURE.csv”), resulting in 576
flat files. Sample data for the “angular dataset BUG.csv” and a link to all 576 flat files

is available in Appendix A.
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Table 3-9 describes each of the projects’ attributes in these 576 flat files. The

data source from where the attributes were retrieved is also specified. The attributes

Module, Line, NT, NO, and total unique contributors (T _CC and T EC) are repeated in

each of the flat files for core contributors and external contributors.

Table 3-9

Data Descriptions

EC | External Contributors

Attribute Description Data Source
Project The URL stem of the project, e.g., angular/angular | GHTorrent.org
Version A version of the software, e.g., 2018-12-16 Libraries.io
Date The date the version was released, e.g., 2018-12-16 | GHTorrent.org
Task Type of task, e.g., bug, documentation, feature, Github.com

other, release, support, testing, and upgrade
T Module | Total number of files in the software project Github.com
T Line Total number of LOC in the software project Github.com

NT EC Total number of tasks Github.com
NO_EC Total number of other tasks (excluding NT) Github.com
Module EC | Total number of added, modified, deleted files Github.com
Line EC Total number of added, modified, deleted LOC Github.com
T EC Total unique contributors GHTorrent.org

3.5.1.1 Libraries.io Data Source

Libraries.io hosts a large subset of OSS software project data derived from

various software repositories. Table 3-10 shows sample data used to filter the population

of OSS projects hosted on Github.com down to 1,095 projects. SQL was used with GCP
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BigQuery to filter the OSS projects. The ‘version’ field is used in the flat files, which are

described in Table 3-9.

Table 3-10

Libraries.io Sample Data

repository_url created_timestamp version versions_count repository_stars_count
https://github.com/facebook/react 2015-01-29 6:19:26 16.4.0-alpha.0911da3 140 90383
https://github.com/vuejs/vue 2015-01-29 8:12:12 2.5.15 228 86409
https://github.com/d3/d3 2015-01-29 1:24:13 5.0.0-rc.4 197 73226
https://github.com/socketio/socket.io 2015-01-29 7:08:29 2.0.4 108 39816
https://github.com/webpack/webpack 2015-01-29 8:16:41 4.1.1 493 38539
https://github.com/jekyll/jekyll 2015-01-28 17:12:38 3.7.3 118 33586

3.5.1.2 Github.com Data Source
Github.com is the largest online OSS software repository in the world. The
source code for each of the 64 OSS projects in this study was downloaded onto a GCP
Compute Engine machine. Once each project was downloaded, Python and Z Shell were
used to extract the fields described in Table 3-11. These fields were then uploaded into
database tables located on GCP BigQuery which then creates the flat files described in

Table 3-9.

Table 3-11
Github.com Sample Data

Task T_Module T_Line NT_CC NO_CC Module_CC Line_CC NT_EC NO_EC Module_EC Line_EC

BUG 627 174918 226 234 476 6414 12 142 49 478
BUG 625 176390 137 239 329 3692 17 178 53 535
BUG 769 224142 170 325 384 4094 21 236 57 551
BUG 763 218807 249 280 515 6684 14 176 51 482
BUG 758 218471 297 367 589 8004 14 237 51 482
BUG 773 229667 250 472 1026 24403 26 332 63 581
BUG 828 221436 462 813 1899 84806 41 555 119 922
BUG 762 219848 424 543 1256 63690 38 344 327 27232
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3.5.1.3 GHTorrent.org Data Source

GHTorrent.org hosts an extensive archive of OSS software project data derived

from Github.com. The data from GHTorrent.org was used for two purposes: filter tasks
by contributor type (core and external) and to calculate the number of unique contributors
for a task. Table 3-12 shows sample data extracted using SQL and GCP BigQuery.

These fields are used in the flat files, which are described in Table 3-9.

Table 3-12
GHTorrent.org Sample Data

Project Date T_CC T_EC
angular/angular.js 2013-02-20 6
angular/angular.js 2013-02-20
angular/angular.js 2013-04-03
angular/angular.js 2013-04-04
angular/angular.js 2013-05-22
angular/angular.js 2013-05-22
angular/angular.js 2013-08-13

0 © N NN
W AW WA Ww

angular/angular.js 2013-08-22

3.5.2 Step 2: Predicting Effort for Existing Project Versions

The next task was to fit a model against each of the 576 datasets and subsequently
predict effort Erine and Emodule fOr each version in a project. First, a correlation analysis
between the independent variables and dependent variables was performed. Feature
extraction techniques such as principal component analysis and one-hot encoding
(converting categorical values into features) were explored to identify additional

predictive variables from the dataset.

Next, model fitting and effort prediction were performed one project at a time

using the variables in Table 3-5 for both multivariate linear regression and decision tree
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regression. Figure 3-7 illustrates how each of the 576 datasets was analyzed by a Jupyter

notebook program individually or as part of an automated Python program.

REFACTOR | TESTING || FEATURE J| UPGRADE 9 Flat Files Per
Project (.csv)
RELEASE J| suPPORT ] OTHER | DOCS | BUG

e Independent

... i
T.Modde T_tne M nofc e Mkt i Variables

Jupyter Notebook & Python Mo.dc.el
Training

Effort
Prediction

10-Fold Cross
Validation

Figure 3-7 Step 2: Effort Prediction

The Jupyter notebook and Python program were used to fit the models and make
predictions for each of the datasets. The goodness of fit tests (statistical and visual) was
performed (homoscedasticity, linear relationship between the independent and dependent
variable, independence of variables, normality of residuals). Statistical tests included the
p-value of linear model coefficients, R?, and Durbin-Watson (to ensure the residuals were
not correlated). Visual tests included scatterplots (assessing linear relationships),
histograms of residuals (ensuring the residuals were randomly scattered with a mean
approaching zero), and a plot of the residuals versus the predicted values (to assess
homoscedasticity). Please see Appendix H for an example of the visual goodness of fit

tests used.
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Supervised machine learning methods were eventually used (please see section
3.6 for the rationale). For supervised machine learning methods such as decision tree
regression, the predictive power of the independent variables was assessed twice. First,
the Pearsons correlation was calculated for all projects, task types, and contributor types.
Second, “feature importance,” was calculated for each predictor. “Feature importance”
is a capability of the decision tree regression library in Python. “Feature importance” is
a score given to each independent variable. The score is highest for the independent
variables contribute the most to the prediction capability of these models. Overfitting of
the model was mitigated by limiting the tree depth and configuring a minimum number of

samples to split (ten) helped to prevent overfitting.

Finally, 10-fold cross-validation was performed to assess the prediction
performance of the models on unseen data. 10-fold cross-validation further helped to
prevent overfitting. Table 3-13 describes sample input, and Table 3-14 describes
placeholder output for the predictions. Sample predictions for the Angular project and a

link to predictions for all 64 projects are available in Appendix B.

Table 3-13
Data Analysis Step 2 Sample Data

AT T Independent Variables
Core Contributor External Contributor
Project Version Date Task T_Module T_Line NT_CC NO_CC Line_CC Module_ CC T CC NT_EC NO_EC Line_EC Module_EC T_EC
angular/angular 2.0.0-alpha.14 03/23/2015 BUG 570 53111 5 30 13 190 2 2 20 10 96 1
angular/angular 2.0.0-alpha.15 03/24/2015 BUG 571 53185 1 10 2 7 1 0 0 0 0 0
angular/angular 2.0.0-alpha.16 03/26/2015 BUG 577 54371 3 26 8 130 2 4 22 8 162 1
angular/angular 2.0.0-alpha.17  03/27/2015 BUG 580 54993 1 19 1 5 1 0 0 0 0 0
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Table 3-14
Data Analysis Step 2 Predictions

Effort Predictions

Core Contributor External Contributor
E_Line_CC E_Module_CC E_Line_EC E_Module_EC
? ? ? ?

? ? ? ?
? ? ? ?
? ? ? ?

3.5.3 Step 3: Forecast Effort Over X Years and Calculate ESP

The last step in the data analysis was to predict effort over some time, such as 2,
3, or 5 years. The critical input AY from Figure 3-1 was used to determine how many
years into the future to forecast. Figure 3-8 illustrates a summary of each of the sub-
steps. Each of the independent variables from Models 1 and 2 had their values forecasted
into the future. For both SARIMA and FB Prophet, a monthly interval for forecasts was
used. Thus, for an AY = 3, the result is 36 monthly forecasts for each of the independent
variables. Monthly intervals were selected due to the observance of 1 release/month on

average for most of the 64 OSS projects.
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Measure E_Line E_Module
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Annualized ESP 2% % .
Total Effort (CC) 2 2 Calculations
Total Effort Saved (EC) ? ?
Net Effort Saved ? ?

Figure 3-8 Step 3: Forecasting of Costs and ESP Calculation

Before effort could be forecasted and calculated, seasonal or trend components
needed to be detected in the independent variables. If the independent variables
contained seasonal influences (for example, NT increases and decreases every year in a
specific month) or trend influences (for example, T Module continues to increase over

the last two years), the dataset would need to be made statistically stationary.

Statistical stationarity is the process of manipulating each series of independent

variables to obtain a constant variance, mean, and autocorrelation. Stationarity is a
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prerequisite for most time-series methods since removing some of the “noise” in the
series makes the model easier to train and fit on a time-series. The technique used to

transform the time-series into a stationary series was the Box-Cox transform.

The variables described in Table 3-5 were then estimated. Determining the
variables that establish the best model fit is a manual and highly time-consuming process.
The process was automated using a library called “auto_arima,” which determines the
best values for each of these variables. “Auto arima” also selects the variables that
minimize performance measures, such as the Akaike information criterion goodness of fit

metric. Finally, “auto_arima” fits the model to a subset of the data.

Estimating configuration variables do not have to be done with FB Prophet
because FB Prophet works well with the default settings. FB Prophet does have
additional variables that can be configured if necessary, such as setting the Fourier order,
which accounts for high-frequency changes in seasonality (e.g., multiple end-of-year
launches). FB Prophet also can configure a saturating forecast (also known as logistic
forecast), which is a forecast that has a maximum achievable growth. For these purposes,
the independent variables in Models 1 and 2 do not have a maximum. As a result, the

default configuration of linear growth was used.

Next, once the model was fit for each independent variable using all observations
in the dataset, “out of sample” forecasts (Equation 3-7) were performed for several
months into the future. For example, if the critical input AY was equal to 3, the fitted

model generated “out of sample” forecasts for the next 36 calendar months.
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Table 3-15 shows placeholder forecasts for the independent variables (indicated
by the °?”). After obtaining monthly forecasts for each of the independent variables,
effort (ELine and Emodute ) was predicted for each month. Table 3-16 illustrates

placeholders for the predicted Evine and Emodule (indicated by “?”).

# of Out of Sample Forecasts = Analysis Years * 12

Equation 3-7 Analysis Years to Calendar Months

Table 3-15
Data Analysis Step 3 Sample Data

) Predictions & Calculated Costs
Common Attributes
Core Contributor External Contributor
Project Date Task T_Module T_Line NT_CC NO_CC T_CC NT_EC NO_EC T_EC
angular/angular 01/01/2020 BUG ? ? ? ? ? ? ? ?
36 Month Forecast angular/angular 02/01/2020 BUG ? ? ? ? ? ? ? ?
angular/angular 03/01/2020 BUG ? ? ? ? ? ? ? ?
angular/angular 04/01/2020 BUG ? ? ? ? ? ? ? ?
angular/angular 01/01/2023 BUG ? ? ? ? ? ? ? ?
Table 3-16
Data Analysis Step 3 Predictions
Effort Predictions
Core Contrit .
Date E_Line_CC E_Module_CC E_Line_EC E_Module_EC
01/01/2020 ? ? ? ?
02/01/2020 ? ? ? ?
03/01/2020 ? ? ? ?
04/01/2020 ? ? ? ?
01/01/2023 ? ? ? ?

Once Evine and Emodule Were predicted and calculated for each month, for each
contributor type, and each task, a summation was performed to obtain a yearly total for
each. Equations 3-8 and 3-9 express the summation for Erine and Emodaute. See Appendix
D, which charts these totals across task types and contributor types for the Ansible
project.
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12
ELine (Year) = z ELine
1

Equation 3-8 Yearly Total of Epine

12
Eymoaute (Year) = z Evodute
1

Equation 3-9 Yearly Total of Evoduie

Once ELine and Emodule forecasts were aggregated by year, grand totals were
calculated. These grand totals were needed to calculate ESP. Table 3-17 illustrates an
example of the flat file converted into a forecast. The question marks indicate the effort

values that are calculated in this step.

Table 3-17
Data Analysis Step 3 Grand Totals

Effort Predictions
Core Contributor External Contributor
Year E_Line_CC E_Module_CC E_Line_EC E_Module_EC
1 ? ? ? ?
2 ? ? ? ?
3 ? ? ? ?
? ? ? ?

Total

Table 3-18 illustrates the expected output after calculating the effort savings
forecast for ErLine and Emodule. These are the values displayed in the i1OSSEstimator output
(Figure 3-2). A sample effort savings forecast for the “angular” project and a link to all

ESP forecasts for all 64 projects is available in Appendix C.
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Table 3-18
Data Analysis Step 3 Effort Savings Forecast

Effort Savings Forecast

Measure E_Line E_Module
ESP 7% ?%
Annualized ESP 7% ?%
Total Effort (CC) ? ?
Total Effort Saved (EC) ? ?
Net Effort Saved ? ?

Total effort is equal to the effort forecasted for core contributors (CC). Total
effort saved is equal to the effort forecasted for external contributors (EC). The net effort
saved is the difference between the total effort saved and total effort. Equations 3-10, 3-
11, and 3-12 are then used to calculate the effort savings percentage (ESP) and

annualized ESP.

If the decision-maker specifies an effort units input of “LOC” (see Figure 3-1),

then equation 3-10 is used to calculate ESP:

ELine_EC

ESP =
ELine_CC

Equation 3-10 ESP using Lines of Code (LOC)

If the decision-maker specifies an effort units input of “Files” (see Figure 3-1),

then equation 3-11 is used to calculate ESP:

ESP = EModule_EC

EModule_CC

Equation 3-11 ESP using # of Files (Module)

Once ESP has been calculated using LOC or Files, Equation 3-12 is used to

calculate the annualized ESP over the period AY.
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Annualized ESP = [(1+ ESP)"/av — 1]+ 100%

Equation 3-12 Annualized ESP

3.6 Regression Model Fitting and Selection

Multivariate linear regression was performed with the excluded and added
features (described in Table 3-5) using each of the extended Models (Equations 3-3 and
3-4). The results for each of the 64 OSS projects indicated that the mean absolute error
(MAE) metric was high (on average). Ensuring that the MAE metric was as low as
possible was vital for most predictive models. Because the objective was to build an
effort prediction model that can generalize well for OSS projects, other regression

options were explored as well.

Other regression models evaluated included variants of linear regression (e.g.,
Ridge, Lasso), and machine learning—based regression models (e.g., k-nearest neighbor,
decision tree, quantile, and random forest). After evaluating roughly ten regression
models applied to the datasets, the conclusion was that decision tree regression yielded
the best balance of prediction accuracy, run-time performance, and use of the predictive

features selected.

Ultimately, the replication of Yu’s model performance (PRED»s and PREDs) in
all 64 projects in the study using multivariate linear regression proved difficult.
Assumptions of linearity in 64 discrete datasets did not always hold. As a result,
supervised machine learning methods such as decision tree and random forest regression
were evaluated in addition to multivariate linear regression to capture nonlinear

relationships between Emodule / ELine and the independent variables. These methods were
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evaluated based on the PRED;s performance measure. The method that yielded the
highest average PRED»s was selected and used in the effort prediction model. That

method ended up being a decision tree regression.

Table 3-19 shows a comparison of various metrics of importance between the
linear regression model and decision tree model across all task types and models. Notice
that while PRED»s and MAE metrics are similar, there is a significant difference in R
Squared and MAE metrics, highlighted in green. Because the objective was to create a
model that generalizes well, the variance (MAE SD) and bias (increase R Squared Mean

and SD) needed to be minimized; the optimal values are highlighted in green.

Table 3-19

Regression Model Results and Comparisons

Linear Regression Decision Tree Regression
PRED>s Mean 0.89 0.90
PRED»s SD 0.14 0.13
MAE Mean 23.97 22.25
MAE SD 49.38 45.35
R Squared Mean 0.50 0.70
R Squared SD 0.77 0.35

The results reflect the application of decision tree regression to the selected OSS
projects. Figure 3-9 is the output for a decision tree regression model based on the

selected features (for Emodute) for the “bug” task type in the Ansible project.
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NT <=330.5
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samples = 303
value = 384 865
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Figure 3-9 Decision Tree Regression Output for the Ansible Project

NT<=75 T_Contributors <= 138088.5 NT <=246.5 T_Contributors <= 1491663.5 NO <=579.0 T Ccnmbu(ors <= 503353 0 =
[mse : 309,456] [ mse = 3161.731 } [mse 7537 959} [ mse = 11270.571 ] {mse 30239.71 9] [ mse = ] ["‘" =] '97'032] [""" mzw]

For simplicity, only four levels of the tree are shown. The decision tree was
configured with mostly defaults to keep things simple (e.g., max depth of ten and a
minimum number of samples to split configured to ten). Tenfold cross-validation was
used on the fitted model to help prevent overfitting. As evident, NT, the highest
correlated feature with Emodute, serves as the root node, and all further splits are performed

on the rest of the features.

3.7 Time Series Model Fitting and Selection

Time-series analysis must be performed to forecast multiple years into the future.
Doing so assumes there is a relationship between each of the selected features and time.
The seasonal autoregressive integrated moving average (SARIMA)-based model was
anticipated to suffice for time-series forecasting; however, SARIMA had difficulty
detecting seasonality and trend needed for the forecast. When attempting to perform a

forecast for T Line, SARIMA would forecast nothing more than a simple average.

Other time-series models were evaluated, including simple smoothing,

exponential smoothing, Holt—Winters, and Facebook Prophet. Each of these time-series
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models has strict assumptions around the underlying datasets. For example, SARIMA,
exponential smoothing, and Holt—-Winters require that the dataset follows a strict
periodicity, meaning that the interval between each of the released versions should be the

same (daily, monthly, quarterly, or yearly).

SARIMA’s strict requirements made creating a generalized model that would
work with all 64 OSS projects difficult. Each of the selected projects had different
periodicity in their releases, resulting in having to choose a time-series model that was
more robust. FB Prophet was chosen, which is a time-series package that was released in

2017 by Facebook.

FB Prophet is very robust to missing dates (of which there were many in the
dataset) and does not have a strict requirement to know the time interval in advance.
Additionally, FB Prophet worked out of the box, detecting trend and seasonality for the
features without having to manually tune each of the variables as in models such as

SARIMA.

Visual inspection of trend and seasonality via component plots assisted in the
selection of FB Prophet for use in the forecasting model. Seasonal and trend effects are
essential to capture as effort may vary by business quarter, increase over time, or
fluctuate due to government effects (e.g., tax season). See Appendix E, which

demonstrates FB Prophets capability to detect trend and seasonality components.

Figures 3-10 and 3-11 are time-series plots illustrating the relationship of two of

the variables plotted against time for the Angular.js project for the “bug” task type. The
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Angular.js project is a successful OSS project owned by Google. The black dots are the

observed values, and the dark blue line is the forecast.
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Figure 3-10 Time-Series Forecast for NT 3 Years into the Future

A forecast was performed for three years into the future for NT and T Line.
Notice that in Figure 3-10, seasonality was detected starting in late 2012: Roughly every
1.5 years, there appears to be an uptick in contributions by core contributors. There are

four upticks (one in each year) in 2014, 2015, 2016, and 2017.

FB Prophet does a satisfactory job using this information to provide a forecast
into the future using a 90% confidence interval, indicated in the light blue background.
The seasonality is used to perform a forecast for the years 2020, 2021, and 2022. Notice
that the forecast is for “bug” fixing to trend down, which is consistent with many users of
Angular.js switching to the new version of the software called Angular 2 (or merely

Angular) in that timeframe.

Figure 3-11 illustrates a plot of T Line, which shows the growth of the total size
of the system in LOC over time. Although bug fixing appears to trend down, the size of

the system is expected to continue to grow, most likely due to other task types such as
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features and documentation. Based on this graph, the total size of the system is expected

to increase by 20 KLOC over the next three years.
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Figure 3-11 Time Series Forecast for T Line 3 Years into the Future

This forecast is repeated AY years into the future for each of the four selected
features. FB Prophet automatically detects the time interval to use for the fitting of the
model; however, any time interval could be configured to be applied for the forecast. In
this praxis, monthly forecasting was chosen due to the prevalence of large companies
using automated release processes to release frequently to Github.com. Finally, each of
the monthly forecasted values was then used as input in the fitted decision tree regression

model to predict Emodule and ELine.

Figure 3-12 shows a visual time-series cross-validation for T Line over a time
horizon of 12 months. The gray dots are the residuals and the blue line is the median
absolute percentage error (MDAPE), which gives us the trend in accuracy over a period
of 12 months for T Line. The MDAP ranges from 4% early in the year and gets less
accurate towards the end of the year, which is typical for forecasts in general. See

Appendix J for sample cross-validation residual plots for 4 variables.
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Figure 3-12 Time Series Cross Validation for 12 Months Horizon

3.8 Hypotheses Test Setup

Statistical tests were performed to validate that the iIOSSEstimator models can
estimate effort reliably and subsequently forecast ESP several years into the future.
Several additional tests were performed to confirm that a percentage of several popular
OSS projects were associated with a positive ESP. The hypothesis tests, statistical
technique, level of significance, and validation strategy are now presented for each test.
H1, H2, and H3 were focused on the PRED»s metric, a popular metric used for measuring
prediction performance in effort models and the metric used in Yu’s models

(Kitchenham, Pickard, MacDonell, & Shepperd, 2001).

H1: The proposed effort estimation model has equal or greater prediction
performance than existing models.

The i1OSSEstimator models extend Model 1 and Model 2 with additional
independent variables to improve prediction performance. The expectation is that the

model can successfully predict effort for recent versions of Linux (v2.4—v2.6) and other
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successful OSS projects, as was done in Yu’s research. Tenfold cross-validation was
used to split the training and testing of the models.

Next, the models were fitted, and predictions made. PRED»s was calculated for
each OSS project. Finally, the sample mean of all PRED»s derived from the dataset is
calculated. Table 3-20 describes the test setup for H1. HI tested to ensure that the
sample means of all PRED»s were at least as high as a baseline. The baselines used in
these tests are those from the foundational models (Equation 3-1 and Equation 3-2).
Normal distribution was expected; therefore, a z-test and a level of significance a = 0.05

were anticipated. Please refer to section 4.3.1 for the results of this test.

Table 3-20
H1 Null and Alternate Hypothesis

Test 1 / Model 1 Test 2 / Model 2
Hy: n > 0.33 Hy: > 0.53
H;:u <0.33 H;:u <0.53

H2: The proposed effort estimation model has similar performance when
filtering by contributor type (core contributor or external contributor).

The effort of core contributors and external contributors was predicted separately
(as in H1) and then used to calculate ESP. Tenfold cross-validation was used to split the
training and testing of the models. PRED,s was calculated for each OSS project. Table
3-21 describes the test setup for H2. H2 tests to ensure there was not a difference in
prediction accuracy when running the model separately for core and external
contributors. Normal distribution was expected; therefore, a two-sample z-test and a
level of significance a@ = 0.05 were anticipated. Please refer to section 4.4.1 for the
results of this test.
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Table 3-21
H2 Null & Alternate Hypothesis

Test 1 / Model 1 Test 2 / Model 2
Hy: pec = Uec Hy: ee = Hec
Hy: pee # Ugc Hy: pee # Ugc

H3: The proposed effort prediction models have similar performance when
filtering by task type.

The effort for all tasks was predicted separately (as in H1) and then compared to
observed effort values before calculating ESP. Tenfold cross-validation was used to split
the training and testing of the models. PRED»s was calculated for each OSS project. For
reference, the task types are bug, documentation, refactoring, testing, feature, upgrade,
release, support, and other. Table 3-22 describes the planned tests to ensure the
prediction accuracy when running the model separately for each of the task types was
similar. Normal distribution was expected; therefore, ANOVA and a level of
significance a = 0.05 were anticipated. Please refer to section 4.5.1 for the results of this

test.

Table 3-22
H3 Null & Alternate Hypothesis

Test 1 / Model 1

Test 2 / Model 2

Hot py = Yy ... = Uo

Ho: py = Yy ... = Ug

Means not all equal

Means not all equal

H4: The proposed effort estimation model will forecast the same estimated effort
when using LOC vs. Files within a 4% threshold.
First, ESP is calculated using Equation 3-5 and Equation 3-6 for each project in

the sample of projects. A fixed AY = 3 years was used. Next, the variance of the
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annualized ESP for both models and for each project was calculated. Sample variance of
0 < s? < 4 s used as the threshold level. Table 3-23 describes a proportions test, which
ensured that the percentage was >.50. At least 50% of projects in the population were
expected to have a threshold level of less than four. A level of significance o = 0.05 is

used. Please refer to section 4.6.1 for the results of this test.

Table 3-23
H4 Null & Alternate Hypothesis

Test
Hy:m > 0.50
H;: T < 0.50

HS: The proposed effort estimation model will forecast a positive ESP in at least
90% of successful OSS projects.

Note that H5 and H6 tests for positive ESP; however, the percentage of negative
ESP is equally essential. A negative ESP demonstrates further supports RO3: “Develop
a model that can be used to help forecast ESP for a proposed or existing open-source

project hosted on Github.com.”

Using the calculated ESP’s measures from H4, HS tests to ensure that each of the
two ESP measures was positive in 26 successful projects (“What Do the Most Successful
Open Source Projects Have in Common?”’; Linux Foundation, 2017). The average of the
two Annualized ESP measures for each project was taken. Table 3-24 describes a
proportions test, which ensured that the percentage was >.90. At least 90% of projects in
the population was expected to have a positive Annualized ESP. A level of significance

a = 0.05 is used. Please refer to section 4.7.1 for the results of this test.
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Table 3-24
HS5 Null and Alternate Hypothesis

Test
Hy:m = .90
Hy: T <0.90

H6: The proposed effort estimation model will forecast a positive ESP in at least
50% of popular OSS projects.

Using the calculated ESP’s measures from H4, tests were performed to ensure
that each of the two ESP measures was positive in 38 popular, successful projects. These
are projects that have a minimum of 5 contributors and a Github.com stargazer rating of
>= 5K stars. The average of the two Annualized ESP measures was taken for each
project. Table 3-25 describes a proportions test, which ensured that the percentage was
>.50. At least 50% of projects in the population was expected to have a positive
Annualized ESP. A level of significance @ = 0.05 is used. Please refer to section 4.8.1

for the results of this test.

Table 3-25
H6 Null and Alternate Hypothesis

Test
Hy:m > 0.50
H;: T < 0.50

3.7 Summary

The methodology consisted of leveraging two existing effort prediction models
(Yu, 2006), extending, and implementing the models using both multivariate linear
regression and decision tree regression. Time-series effort forecasting was implemented

using SARIMA and FB Prophet methods. The dataset was prepared by extracting raw

71



data from three data sources, GHTorrent.org, Libraries.io, and Github.com, using several
tools: Git, SQL, Z Shell, and Python. The data analysis approach consisted of three steps

and was performed for each project in the dataset.

Several hypothesis tests were conducted to confirm that existing effort prediction
models can be extended to predict effort for a contributor type (core or external) and task
type (bug fixes, documentation, features, testing, releases, refactoring, upgrades, support,
other). Additional hypothesis tests were performed to ensure that ESP predictions were
consistent between each of the two models. Lastly, validation was performed, ensuring
that ESP was positive for a percentage of 26 “successful” OSS projects mentioned in
“What Do the Most Successful Open Source Projects Have in Common?” (Linux
Foundation, 2017). This same validation was performed on a sample of 38 “popular”

successful OSS projects.
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Chapter 4: Results

4.1 Introduction

In this chapter, the results of six hypothesis tests addressing the research
objectives are presented. Two models were used in the process. Models 1 and Model 2
were used to calculate effort in either thousands of lines of code (KLOC) or # of files
added/modified/deleted. The effort was forecasted three years into the future using time-
series methods. The effort savings percentage(ESP) was calculated with the output of

both models for comparison.

4.2 Descriptive Statistics for Effort Prediction Model

Figures 4-1 and 4-2 illustrate model performance statistics for Model 1 and Model
2. A total of 64 OSS projects representing 11,497 versions and nine task types were used
in the analysis. Furthermore, model performance characteristics were calculated for nine
task types x 64 projects x two models x two contributor types (core and external) for a
total of 2,304 model performance results. Figures 4-1 and 4-2 present descriptive
statistics for the “bug” task type prediction results after removing twenty-three outliers
that skewed MAE high (the interquartile range was used to filter MAE). T Records
represents descriptive statistics for the number of versions in the selected projects, and

P_NA is the percentage of empty values in each of the 64 datasets.
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Figure 4-1 Model 1 Prediction Performance Results
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Figure 4-2 Model 2 Prediction Performance Results

Research into the missing values was performed, and the SQL and Python scripts
were double-checked (see section 3.5.1 Step 1). The conclusion is that the missing data
mechanism was missing not at random (MNAR), which indicates a relationship between
the missing values and its other values. The sample of five of the datasets for the “bug”
task type was thoroughly investigated. The investigation determined that every time
EModule 01 ELine Wwas missing from the dataset, the corresponding independent variables

such as NT, NO, T Line, and T Contributors were also missing.
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A hypothesis was that there were no tasks contributed by core or external
contributors for a particular release, and thus, those values should be 0. This hypothesis
was validated by looking at a specific released version on Github.com for a project and
confirming that there were no contributions for a task type and a released version. After
validating the missing data mechanism of MNAR, the conclusion is that a value of 0
should be imputed for all the missing values. Imputing is the process of substituting one
value for another. This imputation results from the conclusion that there were no

contributions for a task type in a released version.

4.3 Can existing OSS effort prediction models be improved and applied to a wide

range of large OSS projects?

Chapter 3 proposed that the existing effort prediction models have equal or
greater prediction performance than existing models. Table 4-1 presents the results of
tests to confirm H1 (The proposed effort prediction models have equal or greater
prediction performance than existing models). These results take into account the
additional independent variables that were discovered to improve prediction performance

for each of the foundational models (Model 1 and Model 2).

For this test only, the hypothesis was tested against datasets, was the percentage
of imputed values (P_NA) was less than 50%. Filtering on P. NA < 50% ensures that the
prediction results reflect datasets with consistent contributions in every release. This
results in a maximum sample size of 276 performance results (PRED2s and task type =
“ALL”) for each of the models. A Shapiro—Wilk test and visual inspection of the

histogram were employed to confirm normality for the results of each model.

75



The results of the Shapiro—Wilk test (Model 1 p-value=5.755¢!¢ and Model 2 p-

value=1.996¢"'7) and visual inspection conclude that the distributions are skewed left, and

therefore the assumptions of normality did not hold. The planned z-test could not be

used. As aresult, a One-sample Wilcoxon Signed Rank test with a significance level of

0.05 was instead used to determine if the sample median (PRED:s) is at least as good as

the one observed in the base model.

4.3.1 H1 Results

Table 4-1
HI Results
Test Hp H; Md p-value Result
Model 1 Md > 0.33 | Md < 0.33 0.81 1.0 Fail to reject Ho
Model 2 Md > 0.53 | Md <0.53 0.87 1.0 Fail to reject Ho

4.3.2 Observations

Histograms for both Model 1 and Model 2 are skewed left with similar means and

medians (Figures 4-3 and 4-4). Both models appear to perform well with an average

PRED,s mean of 0.79, an average PRED»s median of 0.84, and a standard deviation of

0.18. A correlation between the percentage of missing values (P_NA, which were

assumed to be 0) and both PRED>s and MAE was observed. As P_NA goes up, PRED2s

goes up, and MAE goes down. As P_NA goes down, PRED»s goes down, and MAE goes

up.
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Figure 4-3 PRED»s Results Histogram for Enodule
PRED?25 Distributions for Line (task = ALL)
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Figure 4-4 PRED»s Results Histogram for Epine

The test failed to reject the null hypothesis for both Model 1 and Model 2. Ata
significance level of 0.05, evidence was insufficient to conclude that the models have a
mean/median PRED»s no worse than the baseline model. Model 1 exceeded baseline
prediction performance by 0.48 PRED>s, and Model 2 exceeded the baseline by 0.34
PRED3»s. The 95% confidence interval for Model 1 is 0.75-0.77, and Model 2 1s 0.80—

0.82.
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4.4 How well do improved OSS effort prediction models perform when filtering by

contributor type?

Another assumption made was that effort prediction for core and external
contributors could be performed separately and result in similar prediction performance.
Table 4-2 presents the results of H2 (The proposed effort estimation model has similar
performance when filtering by contributor type (core contributor or external

contributor)).

For this test, a sample of 64 performance results (PRED2s and task type = “ALL”)
was used for each of the models. A Shapiro—Wilk test and visual inspection of the

histogram were employed to confirm normality for the results of each model.

The results of the Shapiro—Wilk test (Model 1 p-value=0.0 and Model 2 p-
value=0.0) and visual inspection conclude that the distributions are skewed left, and
therefore the assumptions of normality did not hold. The planned two independent
sample z-test could not be used. To determine if the distributions were the same, a

Mann—Whitney test with a significance level of 0.05 was used.

4.4.1 H2 Results

Table 4-2
H?2 Results
Test Ho H, p-value Result
Model 1 Md.c = Mdg: | Md¢c # Mdg, 0.11 Fail to Reject Ho
Model 2 Md.c = Mdg: | Md.c # Mdg, 0.08 Fail to Reject Ho
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4.4.2 Observations

Both models had a similar PRED»s when used to predict Emodute (0.97) and Erine
(0.96) for external contributors and core contributors Emodute (0.96) and Erine (0.94). The
standard deviation was similar across the board, averaging approximately 0.12 for core
contributors and 0.15 for external contributors. Figures 4-5 and 4-6 present histograms

for each of the models, comparing PRED>s distributions for each model and each

contributor type.
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Figure 4-5 PRED»s Results Histogram for Core and External Contributors (Emodule)
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Figure 4-6 PRED»s Results Histogram for Core and External Contributors (Epine)

The test failed to reject the null hypothesis for both Model 1 and Model 2. Ata

significance level of 0.05, there is evidence to conclude that the models have the same
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median PRED»s values when used to predict effort for core and external contributors.
The 95% confidence intervals for Model 1 were 0.87-0.93 (core contributor) and 0.91—
0.95 (external contributor) and 0.89-0.95 (core contributor) and 0.93—-0.97 (external

contributor) for Model 2.

4.5 How well do improved OSS effort prediction models perform when filtering by

task type?

Hypothesis 3 proposed that prediction performance (PRED:s)between task types
would be similar. Table 4-3 presents the results of H3 (The proposed effort estimation

model has similar performance when filtering by task type).

A sample of 64 performance results (PRED>s) for all task types, and for each of
the models was used. A Shapiro—Wilk test for each task type and model was performed,
all had p-values <0 (not normal). A visual inspection of the histogram confirmed that the
distributions for each of the models were skewed left. Therefore the assumptions of
normality did not hold. The planned ANOVA could not be used. A Kruskal-Wallis test
with a significance level of 0.05 was used to confirm that at least one of the distributions
differed from the rest. Table 4-3 distinguishes each of the medians in the test with a
subscript, enumerating each of the nine task types: bug, documentation, refactoring,

testing, feature, upgrade, release, support, and other.
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4.5.1 H3 Results

Table 4-3
H3 Results

Test Ho H1 p-value Result

Modell | Md, = Md, ... = Md, Medians are not equal | 4.71e-26 Reject Ho

Model2 | Md, = Md, ... = Md, Medians are not equal | 1.81e-24 Reject Ho

4.5.2 Observations

Figures 4-7 and 4-8 show box plots for each task type and illustrate different
distributions between contributor types and task types. Examining the box plots with
consideration to the results from each of the Kruskal-Wallis tests suggests the presence

of differences in prediction capability across all tasks and contributor types.
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Figure 4-7 PRED»s Results Boxplot for All Tasks (Erinc)
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Figure 4-8 PRED»s Results Boxplot for All Tasks (Emodule)

Notice the presence of outliers across all task types. The “feature” task type has
one of the least amounts of outliers. Table 4-4 shows the OSS projects that fell outside
the interquartile range. Note that the release frequency was derived by looking at the last

two years’ worth of data for the “feature” task type.

Table 4-4
PRED:s Results for Sample of Eight Projects

Project Releases Release PRED»s | P_NA
Frequency
https://github.com/dotnet/roslyn 102 Quarterly 0.77 0.53
https://github.com/angular/angular 411 Weekly 0.58 0.27
https://github.com/NixOS/nixpkgs 93 Quarterly 0.77 0.56
https://github.com/Unitech/pm2 137 Monthly 0.79 0.54
https://github.com/karma-runner/karma | 201 Monthly 0.78 0.51
https://github.com/gitlabhg/gitlabhq 1153 Weekly 0.89 0.57
https://github.com/jekyll/jekyll 137 Quarterly 0.88 0.65
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The P_NA of these projects was substantially lower than that of the projects that
fell in the interquartile range. Fifty-seven projects had PRED»s predictions in the
interquartile range, with a P NA ranging from 0.21 to 0.75 and PRED»s ranging from
0.57 (one outlier) to 1.00 for the “feature” task type. The seven outliers were expected as
these seven projects are some of the most active projects on Github.com. Active projects

may lead to different patterns of contributions, resulting in a higher variance.

Although mean PRED»s was similar across most task types (excepting “bug,”
“testing,” and “other”), the conclusion that each of the models performs better in six of
the nine task types would be misleading. The root cause of the variance in the other three
task types is not known at this time. A task breakdown for some projects leads to the
belief that the “bug,” “testing,” and “other” tasks appear to be the most popular (see
Appendix D). There exists a possibility that noisy data may have potentially introduced a

higher bias to the decision tree regression model.

The reason for this noise could be due to several things. Three well-known
software development practices that may contribute to PRED»s outliers include the use of
squashing, the use of automation bots, and the use of mirroring. Squashing is the act of
compressing multiple source code commits for a task into one. Consistent low or high
numbers are ideal; anything in between could lead to an irregular distribution.
Automation bots are programs that perform everyday maintenance tasks in source code
repositories. Mixing human & automated source code contributions could lead to uneven
distribution. Mirroring is the act of copying incremental changes in a company’s internal

source code repository (not hosted on Github.com) to a repository hosted on Github.com.
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Appendix G lists a subset of projects that resulted in outlier PRED,s along with
counts of how often squashing, automated bots, and mirroring were used in these
projects. More research is needed to attribute these outliers to these software

development practices.

4.6 Do the models forecast the same estimated effort when using LOC vs Files?

Table 4-5 presents the results of testing H4 (The proposed effort estimation model
will forecast the same estimated effort when using LOC vs. Files within a 4% threshold).
H4 expects that there should be no more than a 4% variation in ESP between Model 1

and Model 2 ESP forecasts.

The variance was calculated for each pair of Annualized ESP predictions for all
64 projects in the sample. The predictions were compared to see whether the sample
variance for each of the samples was 0 < s? <4. A variance of 4% ESP was chosen as
the threshold as we expect the ESP forecasts from both models to be within 4%. 4% is
high enough (but not too high) to account for the effects that core and external
contributors may have on Annualized ESP. The proportion of projects with a variance of

<49%, was then calculated.

4.6.1 H4 Results

Table 4-5
H4 Results
Test Ho H1 Proportion | p-value Result
Both Models | 7 > 0.50 T < 0.50 44% 0.157 | Fail to reject Ho
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4.6.2 Observations

The results were roughly split, with thirty-six projects having a variance higher
than 4% and twenty-eight projects having a variance <4%. The projects with an
Annualized ESP <4% had a mean of 0.9% and range from 0% to 3.4% (with 3.4% being
the outlier). Figure 4-9 plots the variance for projects with a variance of <4%, including
Angular, Orleans, Node, and Ansible, which are sponsored by some prominent

companies and foundations such as Google and Microsoft.

Annualized ESP Variance <= 4
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Figure 4-9 ESP Boxplot for Variance <4

The projects with an Annualized ESP variance >4% had a much more skewed
distribution. These projects had a mean of 306% and a range of 4.2% to 520%.

Removing the four observed outliers yields the box plot in Figure 4-10.
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Annualized ESP Variance > 4
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Figure 4-10 ESP Boxplot for Variance >4

As an example of how substantial the differences were between Emodule- and Erine-
based ESP predictions, Table 4-6 lists the ESP predictions of the four outliers projects

that were removed to visualize the distribution better.

Table 4-6
Outlier Project ESP Predictions

Project Emodule ELine Absolute
ESP ESP Difference
https://github.com/openstack/neutron 213% 937% 724%
https://github.com/videojs/video.js 457% 134% 323%
https://github.com/swagger-api/swagger-ui | 158% 1,178% 1020%
https://github.com/datproject/dat 460% 933% 473%

This small sample suggests that Erine-based ESP forecasts are much higher than
Emodaule-based ESP forecasts. Refer back to Equation 3-21: an increase in LOC modified,
added, or deleted by external contributors would increase the net effort savings, which
would, in turn, yield a higher ESP. A substantially higher Erin.-based ESP estimate
would indicate that external folks tend to contribute more LOC compared to files in these

projects.
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The higher number of contributions is often related to extensive refactoring work.
The higher number of contributions is often also associated with large merges of software
forks (copies) back into the central software repository. The higher number of
contributions also occur when external contributors are more active than their core

contributor counterparts.

The history of commit activity on Github.com for the “neutron” project (Figure 4-
11) suggests that there is a periodic activity where large amounts of code are added,

modified, or deleted (around 25 KLOC/week in January 2020).
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Figure 4-11 Code Frequency Chart (source: https://github.com/openstack/neutron/graphs/code-frequency)

Due to roughly an uneven distribution (inferred from the sample of 64 OSS
projects) that Emodute- and Evine-based ESP forecasts may vary by more than 4%, and
because of outliers, the test concludes that neither model can be used alone. As observed
with projects with an ESP variance >4%, some OSS projects may simply have more
recent external contributions in the form of LOC, which can skew the forecasted ESP

much higher. An estimate should ideally be the mean of the two base ESP forecasts
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produced by each of the models to attain a more confident ESP estimate for OSS projects.
Thus, the more stable effort measure in Emodule 1S combined with the effort measure in

Evrine. HS5 and H6 test this assumption.

4.7 What percentage of successful OSS projects have a positive ESP?

Hypothesis 5 expects that the predicted ESP would be mostly positive for projects
sponsored by large or mid-size Internet companies and software foundations. Table 4-7
presents the results of HS (The proposed effort estimation model will forecast a positive
ESP in at least 90% of successful OSS projects). Given the observations concerning the
results for H4, HS, and H6 were tested using the mean predicted Annualized ESP of the

two effort prediction models.

For this test, a sample of 26 successful OSS projects was used. This test seeks to
calculate proportions of projects with positive ESP. The results help make inferences
regarding the larger population of successful OSS projects. The positive ESP

occurrences are counted and then used to calculate the positive percentage.

4.7.1 H5 Results

Table 4-7
H5 Results
Test Ho H1 Proportion | p-value Result
Mean of Both Models | 7 > 90 | 7 < 0.90 61.5% 0.001 Reject Ho

4.7.2 Observations

The actual proportion of projects that had a positive Annualized ESP over AY =3

was 61.5%, a difference of 28.5% from the null hypothesis of 90%. The result of this test
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was somewhat unexpected, however not surprising (90% is a high bar). Figure 4-12

illustrates the distribution of the ESP measures (each tick on the x-axis represents 100%).

Annualized ESP Distribution (26 Successful Projects)
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Figure 4-12 ESP Results for 26 Top Projects

The mean of this distribution is 83.7%, with a range from —57.2% to 496% ESP.

Ten of these projects had a negative ESP, with the majority still obtaining a positive ESP.

Table 4-8 lists a sample of five of the projects with a negative ESP.

Table 4-8

Negative Top Project ESP Predictions & Sponsors

Project Sponsor Annualized ESP
https://github.com/dotnet/orleans Microsoft —55.5%
https://github.com/odin-lang/Odin N/A —38.0%
https://github.com/NixOS/nixpkgs N/A —14.7%
https://github.com/vuejs/vue N/A —19.3%
https://github.com/cloudfoundry/cli Cloud Foundry —31.6%

Odin, Nixpkgs, and Vue are all not backed by major Internet companies or

foundations. However, these projects are each quite popular software packages

irrespective of their backing (in fact, Vue directly competes with Facebook’s React and

Google’s Angular). For this study (focusing on software backed by large or mid-size

Internet companies), these projects could be ignored.
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Microsoft’s Orleans and Cloud Foundry’s CLI were unexpectedly on the negative
ESP list. Microsoft’s Orleans competes with software frameworks with similar features

such as Akka (https://github.com/akka/akka) and Dapr (https://github.com/dapr/dapr).

Both Akka and Dapr frameworks provide similar capabilities in building highly scalable
distributed applications in the cloud. Both have similar stargazer ratings (aka, star
rating), which is a feature in Github.com that enables users to follow updates on a project

and is an indication of popularity.

Akka, in particular, has a higher number of contributors (700 compared with
Orleans 214). OSS external contributors may be gravitating to other OSS projects such
as Akka, potentially contributing to a lower number of external contributions to Orleans.
If Microsoft is unaware of Orleans’s negative ESP (according to the iOSSEstimator),
Microsoft may want to evaluate whether making increased contributions in critical areas

would result in increased external contributions.

The situation is similar for Cloud Foundry’s command-line interface (CLI), which
has many alternatives, such as CLI’s for Docker, Heroku, Kubernetes, and Amazon Web
Services Elastic Beanstalk. A manager evaluating whether to open-source a competing
software framework to Microsoft’s Orleans or Cloud Foundry’s CLI may want to do
additional research regarding the competitive landscape. The study should encompass
other reasons that may factor into a lower ESP, such as the level of investment in

developer relations (marketing) and the ecosystem of related tools.

Table 4-9 lists a sample of five projects with a positive ESP.
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Table 4-9
Positive Top Project ESP Predictions and Sponsors

Project Sponsor Annualized ESP
https://github.com/torvalds/linux Linux Foundation | 29.8%
https://github.com/tensorflow/tensorflow Google 30.3%
https://github.com/dotnet/roslyn Microsoft 44.9%
https://github.com/facebook/react/ Facebook 241.8%
https://github.com/elastic/elasticsearch Elastic 287.8%

These results are not unexpected. These five projects are some of the most
popular in open-source software development and on Github.com. Large or mid-size
Internet companies usually have large budgets for developer relations, online tutorials,
and supporting training and development that helps cultivate a healthy user base of
external contributors. A manager at another company evaluating whether to open-source
a competing software project may need to investigate additional required investments
such as developer relations, community building, tutorials, training. If a manager at
another company were considering open-sourcing their competing software, the manager
would be wise to study how these large or mid-size Internet companies cultivate a

community of external contributors to increase the likelihood of a positive ESP.

4.8 What percentage of popular OSS projects have a positive ESP?

Hypothesis six expects that the predicted ESP would be mostly positive for other
projects that were not necessarily sponsored by large or mid-size Internet companies and
software foundations. These are projects that are popular but may not always have the
backing of large or mid-size Internet companies and software foundations. Table 4-10
presents the results of H6 (The proposed effort estimation model will forecast a positive

ESP in at least 50% of popular OSS projects).
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For this test, a sample of 38 successful OSS projects was used. This test seeks to
calculate proportions of projects with positive ESP. The results help make inferences
regarding the larger population of successful OSS projects. The positive ESP

occurrences are counted and then used to calculate the positive percentage.

4.8.1 H6 Results

Table 4-10
H6 Results
Test Ho H1 Proportion | p-value Result
Mean of Both Models m > .50 | T <0.50 55.3% 0.743 Fail to reject HO

4.8.2 Observations

The actual proportion of projects that had a positive Annualized ESP over AY =3
was 55.3%, a difference of 5.3% from the null hypothesis of 50%. Figure 4-13 plots the

distribution of the ESP measures (each tick on the x-axis represents 100%).
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Figure 4-13 ESP Results for 38 Popular Projects

The mean of this distribution is 56.9%, with a range from —100% to 696% ESP.
Thirteen of these projects had a negative ESP, with the majority (25) still obtaining a
positive ESP. Table 4-11 lists four projects with a negative ESP. One or more

companies sponsors each of these projects; yet, ESP forecasting for these projects yields
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a lower ESP (on average —39.7%). A quick inspection of one of the projects (NPM) on
Github.com shows that a particular project has moved to a new location on Github.com
and is no longer being maintained (the last release appears to have been in July 2018).
Thus, repeating this analysis for NPM hosted at the new location

(https://github.com/npm/cli) may potentially lead to different results.

Table 4-11
Negative Other Project ESP Predictions and Sponsors

Project Sponsor Annualized ESP
https://github.com/npm/npm NPM —19.5%
https://github.com/nightwatchjs/nightwatch | Pine View —34.2%
https://github.com/NetEase/pomelo NetEase Inc. —58.9%
https://github.com/Unitech/pm2 Unitech —46%

Table 4-12 lists a sample of five projects with positive ESP. Jest (31,200 stars,
1,000 contributors, 2 million users) and Karma (11,200 stars, 321 contributors, 1.5
million users) are very popular web testing software frameworks. The 3-year ESP
reflects this. JSON-server is a popular web server that allows a software developer to
create a testing server quickly. One observation for Json-server is that unlike Jest and
Karma, several companies sponsor the project. Over the last four years, starting in 2016,
there has been a substantial increase in external contributions. A quick spot check of the
previous four years of contributions for Json-server indicates that external contributions

have outnumbered core contributions by a ratio of roughly 60:1.
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Table 4-12
Positive Other Project ESP Predictions and Sponsors

Project Sponsor Annualized ESP
https://github.com/typicode/json-server Several Companies | 400%
https://github.com/jekyll/jekyll Several Companies | 13.6%
https://github.com/facebook/jest Facebook 178%
https://github.com/karma-runner/karma Google 62.0%

4.9 Summary

The research hypothesis H1, “The proposed effort estimation model has equal or
greater prediction performance than existing models,” was confirmed by the finding of a
higher PRED>s (41% on average) for both models when compared with the baseline

PRED:>s.

H2, “The proposed effort estimation model has similar performance when
filtering by contributor type (core contributor or external contributor),” was confirmed.

The PRED>s between core contributors and external contributors varied only from 1-2%.

H3, “The proposed effort estimation model has similar performance when
filtering by task type,” was not confirmed. The average PRED»s was 0.96 across all
tasks. All tasks but one (other) reported a PRED>s of >0.9. Inspection of the datasets
reveal more effort outliers in bugs, testing, and other task types, contributing to the

differences.

H4, “The proposed effort estimation model will forecast the same estimated effort
when using LOC vs. Files within a 4% threshold,” was confirmed. 28 of the projects met
the threshold of <4% variance in ESP, whereas 36 of the projects had a variance of >4%
ESP. The 28 projects that reached the limit of <4% variance in ESP had a mean of 0.9%

and range from 0% to 3.4%. The 36 projects that had a variance of >4% ESP had a
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mean of 306% and a range from 4.2% to 520% (with four outliers that heavily skewed

these results higher).

HS, “The proposed effort estimation model will forecast a positive ESP in at least
90% of successful OSS projects” was not confirmed: 61.5% of these 26 projects had a
positive ESP, with the rest having a negative ESP (a difference of 28.5% compared with

the target proportion of 90% of projects with a positive ESP).

H6, “The proposed effort estimation model will forecast a positive ESP in at least
50% of popular OSS projects” was confirmed: 55.3% of the 38 projects had a positive
ESP, with the rest having a negative ESP (a difference of 5.3% compared with the target

proportion of 50% of projects with a positive ESP).
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Chapter 5: Discussion and Conclusions

5.1 Conclusions

This study demonstrated that an effort estimation model is needed to provide large
and medium-sized companies insights into the decision of open-sourcing closed-source
software or continuing with an existing open-source software. Software decision-makers
in large or mid-size Internet companies are encouraged to use the models developed in
this praxis as a critical input into their decision to open-source closed-source software.
The models may also be used to decide to continue sponsoring the software that is

already open-sourced.

The following are the key inferences this praxis makes from each of the

hypothesis results.

H1: This study concludes that an improved effort estimation model can be built and
applied more broadly to other OSS projects. The improved effort estimation model

performs well across a selected set of 64 successful and popular OSS projects.

H2: This study concludes that the improved effort estimation model has similar

estimation performance when estimating effort for core and external contributors.

H3: This study concludes that the improved effort estimation model has a higher
accuracy in 6 out of 9 task types. The three task types with lower accuracy are bug

fixes, testing, and other.

H4: This study concludes that the effort savings percentage (ESP) is the same when

the effort units input (Figure 3-1) is LOC or Files in 44% of projects. Therefore it is
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best to execute the model using both LOC and Files, calculate the ESP, and then take
the average of the result. The average ESP for a project accounts for projects that

have a higher frequency of change occurring in a small number of files.

HS and H6: This study concludes that a higher effort savings percentage (ESP) is
associated with software projects that have a large/mid-size Internet company or
software foundation sponsor. The proportion of positive versus negative ESP across
the selected sample of 64 OSS projects was approximately 58% positive versus 42%

negative.

5.2 Contributions to Body of Knowledge

The 10SSEstimator CLI and model was built on the foundations of several other
research papers in the areas of OSS software estimation. The following is a summary of

the praxis contributions to the body of knowledge.

5.2.1 Foundation for the Extraction of Source Code Change Measures

Nearly 85% of the effort during the data analysis phase was spent on data
extraction, task labeling, and data cleaning. This work was automated with SQL and
Python scripts that were created to extract source code measurements from the raw
datasets (GHTorrent.org, Github.com, and Libraries.io). Other researchers may reuse

these scripts for reproducibility and to build on this research.

5.2.2 Generalized Effort Estimation Model

The existing effort prediction models from prior studies by Yu (2006) and

Anbalagan and Vouk (2009) were extended to use additional predictors (T Contributors
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and T Line), additional maintenance task types and contributor types. These additional
predictors were used in a machine learning model (decision tree regression) to predict
effort for the eight additional maintenance task types: documentation, features, testing,
releases, refactoring, upgrades, support, and other and contributor types: core contributors
and external contributors. Additionally, this study extends the reach of these models to
forecast effort into the future using the Facebook Prophet time-series open-source library.
The combination of prediction and forecasting then allowed the effort savings percentage

(ESP) to be calculated for a public OSS project hosted on Github.com

5.2.3 Foundation for a Software Application

Once the data is extracted for an OSS project of interest, effort prediction, and
ESP were 100% automated through a Python program called the iOSSEstimator CLI. A
desktop or mobile application can be written to use the critical inputs (Figure 3-1), pass
the critical inputs on to the CLI program developed in this study, and then use the output
of the Python program to display the ESP output (Figure 3-2). These artifacts can be
reused in a practical application, allowing decision-makers to perform ESP forecasting on

their public software repositories quickly.

With additional feature enhancements, the CLI can also perform these analyses on
private software repositories hosted on Github.com. Although this study was conducted
on public repositories hosted on Github.com, all conclusions are expected to be valid
with private repositories hosted on Github.com that meet the filtering requirements
described in section 1.9. Private repositories were not used in this study due to the

condition of needing an Application Programming Interface (API) key to access and
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download the data required by the models. Private repositories are also not visible to

researchers unless the owner of the private repository has granted researchers access.

5.3 Threats to Validity

The raw datasets used in this research (GHTorrent.org and Libraries.io) were
third-party datasets that leverage the Github.com application programming interface
(API) to collect their data. The result may be that these raw datasets are missing
information, which may have influenced the outcomes in the research. A spot check of a

number of projects validated data consistency.

The GHTorrent.org and Libraries.io datasets are conveniently accessible via the
Google Cloud Platform BigQuery service, and the sponsors of both datasets appear to be
reputable (Microsoft, Google, and Tidelift). The GHTorrent.org dataset has been
referenced multiple times in papers written for the Mining Software Repositories

Conference (https://2020.msrconf.org/) and is associated with the IEEE and the

Association for Computing Machinery (ACM). Due to the high-profile sponsors and
reputable supporters in [IEEE and ACM, the conclusion is that the risk tradeoff to using

these third-party datasets was reasonable.

5.4 Recommendations for Future Research

The results of the study indicated differences in PRED,s across projects, task
types, and between core and external contributors. PRED»s could potentially be
improved with additional features/independent variables. The improvements in PRED»s

would come at the cost of the generalized application of the models. Increased prediction
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accuracy (and in turn, ESP forecasting) may be highly valuable to some decision-makers.
Researchers are encouraged to partner with decision-makers at specific companies to
spend additional time exploring project characteristics (available through Github.com or

another data source) to improve PRED>s.

The focus of this research was to create an ESP model based on source code
change measurements rather than an effort hour—based ESP model due to the lack of
recorded effort hours in most OSS projects. Future researchers should investigate new
methods that seek to derive effort-hours estimates from indirect effort approximations.
The ability to perform this derivation will allow decision-makers to also make use of the
return on investment (ROI) measure. The ROI measure can be used in conjunction with

the ESP measure to assess both investment performance and effort savings performance.
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Appendix A: Sample Input Dataset

Table A-1 contains sample records for the “angular dataset BUG.csv” dataset, which is the output of section 3.5.1 Step 1:
Extract Software Characteristics from Project Versions. The “angular dataset BUG.csv” dataset is one of 576 datasets used in the
data analysis to train the i1OSSEstimator effort prediction models. All 576 datasets can be found at the following URL.:

https://github.com/housemex408/i0OSSEstimator/tree/master/scripts/exports.

Table A-1

Sample Data from the angular dataset BUG.csv dataset

Version T Module T _Line Module_ CC Line CC TCC Module_EC Line_EC |

starting 2015- BUG 565 52641 14.0 72.0 21.0 213.0 5.0 2.0 53.0 4.0 22.0 1.0
03-23

2.0.0- 2015- BUG 570 53111 5.0 30.0 13.0 190.0 2.0 2.0 20.0 10.0 96.0 1.0

alpha.14  03-23

2.0.0- 2015- BUG 571 53185 1.0 10.0 2.0 71.0 1.0

alpha.15 03-24

2.0.0- 2015- BUG 577 54371 3.0 26.0 8.0 130.0 2.0 4.0 22.0 8.0 162.0 1.0

alpha.16  03-26

2.0.0- 2015- BUG 580 54993 1.0 19.0 1.0 5.0 1.0

alpha.17  03-27

2.0.0- 2015- BUG 580 54996
alpha.18  03-27

2.0.0- 2015- BUG 670 60362 46.0 141.0 186.0 2343.0 9.0 16.0 120.0 30.0 382.0 2.0
alpha.19  04-13
2.0.0- 2015- BUG 771 90288 18.0 105.0 75.0 2403.0 5.0 3.0 79.0 3.0 23.0 2.0
alpha.20  04-20
2.0.0- 2015- BUG 804 92564 31.0 74.0 88.0 796.0 6.0 6.0 46.0 8.0 52.0 1.0
alpha.21  04-27
2.0.0- 2015- BUG 853 95328 30.0 103.0 82.0 1104.0 8.0 6.0 80.0 9.0 72.0 3.0
alpha.22  05-07
2.0.0- 2015- BUG 888 98299 28.0 82.0 78.0 1649.0 8.0 5.0 65.0 11.0 307.0 2.0
alpha.23  05-12
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Appendix B: Sample Effort Estimation

Table B-1 contains sample predictions using Model 2 for the “angular” project, which is the output of section 3.5.2 Step 2:
Predicting Effort for Existing Project Versions. The data in Table B-1 can be found in the “prediction_results Module.csv” file. The
corresponding prediction results for Model 1 can be found in the “prediction_results Line.csv” file. Both files can be found at

https://github.com/housemex408/i0SSEstimator/tree/master/scripts/notebook/results/06_21 2020/Predictions.

Table B-1

Sample Data from the prediction_results Module .csv Dataset

NO T_Contributors Observed Predicted Difference Percent_Error
- angular  Module CC  DOCS 21 67 3 67 59.6 7.4 0.11
- angular ~ Module CC  DOCS 4 31 1 8 6 2 0.25
- angular ~ Module CC ~ FEATURE 12 72 3 83 76 7 0.08
- angular  Module CC ~ REFACTOR 12 22 3 101 82 19 0.19
- angular  Module CC  TESTING 2 33 1 24 30 6 0.25
- angular ~ Module EC ~ BUG 2 20 1 10 11 1 0.1
- angular Module EC TESTING 2 57 1 2 0 0
- angular  Module CC ~ RELEASE 4 16 1 4 0 0
- angular  Module CC ~ RELEASE 2 1 1 2 0 0
- angular ~ Module CC ~ FEATURE 27 157 8 290 255.86 34.14 0.12
- angular ~ Module CC ~ REFACTOR 14 177 6 174 166.29 7.71 0.04
- angular  Module CC  BUG 18 105 5 75 74 1 0.01
- angular ~ Module EC ~ DOCS 2 85 1 6 6.17 0.17 0.03
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Appendix C: Sample Effort Savings Percentage (ESP) Forecasts

Table C-1 contains calculated ESP using Model 2 for a subset of the projects. Table C-1 is an output of section 3.5.3 Step 3:

Predict Effort Over X Years and Calculate ESP. The data in Table C-1 can be found in the “ESP_measures Module.csv” file. The

corresponding prediction results for Model 1 can be found in the “ESP_measures Line.csv” file. Both files can be found at

https://github.com/housemex408/i0OSSEstimator/tree/master/scripts/notebook/results/06_21 2020/ESP. The units for Effort,

Effort Saved, and Net Effort Saved are in # of files added/modified/deleted in this example. ESP and Annualized ESP are in

percentages.

Table C-1

Sample Data from the ESP_measures _Module.csv dataset

Project Model

Module
orleans Module
tensorflow Module
roslyn Module
neutron Module
vue Module
moby Module
Module
angular Module
Module
angular.js Module

Effort
8827.82
7023.23
1313.75
7725.36
4571
24161.72
2341.51
95343.87
4125.56
398121.57
11667.38

Effort_Saved
7712.93
652.8
16588.93
54068.94
140420.3
34320

164
3011695.67
5360.46
113352.59
36379.72
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Net_Effort_Saved
-1114.89
-6370.43
15275.18
46343.58
135849.3
10158.28
-2177.51
2916351.8
1234.9
-284768.98
24712.34

ESP
-0.126
-0.907
11.627
5.999
29.72
0.42
-0.93
30.588
0.299
-0.715
2.118

Annualized_ESP
-0.044
-0.547
1.329
0.913
2.132
0.124
-0.588
2.161
0.091
-0.342
0.461



Appendix D: Sample Itemized Effort Forecast

Figure D-1 contains the forecasted amount of files added, modified, and deleted using Model 2 for the Ansible project. This
data used in these charts is an intermediate output of section 3.5.3 Step 3: Predict Effort Over X Years and Calculate ESP. The

forecast spans three years from 2020-03-23 to 2023-03-23. The effort in the year 2023 comprises effort from January to March 2023.
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Figure D-1 Forecasted Distribution of Tasks 3 years Into the Future for the Ansible Project
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Appendix E: Time-Series Trend and Seasonality Plots

Figure E-1 contains trend and seasonality time-series plots for the NT variable forecast in the Angular.js project. This analysis

is performed internally using FB Prophet as part of section 3.5.3 Step 3: Predict Effort Over X Years and Calculate ESP.
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Figure E-1 Trend and Seasonality Plots for the NT Variable (Angular.js)
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Appendix F: List of Popular and Successful Open-Source Projects

Table F-1 contains the full list of OSS projects used in this study. The criteria selected to filter these projects were the

following: are at least nine years old, >100 released versions, a Github.com stargazer rating >5,000 (an indication of popularity), and

sponsorship by at least one large or mid-size Internet company or software foundation. Applying these filters resulted in 1,095

projects. Of these 1,095 projects, a sample of 64 OSS projects was used. Twenty-six of those 64 projects are widely known and

successful OSS projects according to an article written in 2017 by the Linux Foundation, entitled “What Do the Most Successful Open

Source Projects Have in Common?” (Kohn, 2017).

Table F-1
List of 64 OSS Projects Used in The Study

https://github.com/Homebrew/brew
https://github.com/OfficeDev/office-js
https://github.com/odin-lang/Odin
https://github.com/dotnet/orleans
https://github.com/dotnet/roslyn
https://github.com/kubernetes/kubernetes
https://github.com/cloudfoundry/cli
https://github.com/moby/moby
https://github.com/apache/mesos
https://github.com/tensorflow/tensorflow
https://github.com/NixOS/nixpkgs
https://github.com/elastic/elasticsearch
https://github.com/cloudfoundry/cf-deployment
https://github.com/gitlabhg/gitlabhq
https://github.com/home-assistant/home-assistant
https://github.com/openstack/neutron
https://github.com/ansible/ansible

https://github.com/facebook/react
https://github.com/angular/angular.js
https://github.com/vuejs/vue
https://github.com/nodejs/node
https://github.com/auth0/lock
https://github.com/angular/angular
https://github.com/d3/d3
https://github.com/socketio/socket.io
https://github.com/webpack/webpack
https://github.com/jekyll/jekyll
https://github.com/kennethreitz/requests
https://github.com/lodash/lodash
https://github.com/typicode/json-server
https://github.com/Unitech/pm2
https://github.com/videojs/video.js
https://github.com/plataformatec/devise
https://github.com/facebook/jest
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https://github.com/Automattic/mongoose
https://github.com/visionmedia/superagent
https://github.com/keystonejs/keystone
https://github.com/yabwe/medium-editor
https://github.com/jgm/pandoc
https://github.com/swagger-api/swagger-ui
https://github.com/SeleniumHQ/selenium
https://github.com/BrowserSync/browser-sync
https://github.com/jhipster/generator-jhipster
https://github.com/karma-runner/karma
https://github.com/jsdom/jsdom
https://github.com/stylus/stylus
https://github.com/openstack/nova
https://github.com/openstack/cinder
https://github.com/webtorrent/webtorrent
https://github.com/npm/npm



Appendix G: Effort Savings Percentage (ESP) Outlier Analysis

Table G-1 contains a subset of projects that resulted in outlier PRED»s when testing H3. An ‘X’ is placed where tasks where
outliers were observed. Squash count is the number of times code contributions are compressed into multiple source code commits.
Bot count is the number of times automated programs contribute source code. Mirror count is the number of times code contributions

appear to be copied all at once into Github.com from other source code repositories.

Table G-1
A subset of Projects With PRED;s Outliers (H3 Results)

PRED?2S Outliers in Projects & Tasks Potential Outlier Reasons
Project/ DOCS TESTING REFACTOR UPGRADE SUPPORT RELEASE FEATURE Total Squash Bot Mirror
Versions Outliers Count Count Count
selenium / 123 X X X X X 5 6 278 18
angular /411 X X X X 4 0 385 30
angular.js / 204 X X X 3 0 75 0
neutron /203 X X 2 27 206 0
nixpkgs / 93 X X 2 60 647 381
nova /234 X X 2 110 392 95
tensorflow / 106 X X 2 20 379 409
ansible / 303 X 1 353 3005 110
cinder / 181 X 1 5 30 160
devise / 134 X 1 0 38 1
elasticsearch / X 1 133 627 9
270
generator- X 1 0 35 0
Jhipster /207
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Appendix H: Replication Study Data Analysis

Figure H-1 contains linearity assumption test results for Equation 3-2 (Yu, 2006) used in a replication study of 76 recent Linux

released versions developed between 2005 and 2020. Results for Equation 3-1 are also available on the published Jupyter notebook

available at https://github.com/housemex408/i10SSEstimator/tree/master/scripts/notebook/data_analysis.
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Figure H-1 Linearity Assumption Tests for Replication Study (Equation 3-2)
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Appendix I: iOSSEstimator CLI OQutput

Figure I-1 is sample output from the iOSSEstimator Command Line Interface (CLI), discussed in section 3.2. The
10SSEstimator CLI runs as a standalone Python CLI program. The Github.com repository for the CLI, datasets used in this praxis,
and the Jupyter Notebooks for each of the hypothesis tests is located at the following location:

https://github.com/housemex408/i10OSSEstimator

INFO:i0SSEstimator: - OUTPUT -

INFO:i0SSEstimator: BUG CC Forecasted Effort: 283.0 Files
i : BUG EC Forecasted Effort Saved: 300.0 Files
: DOCS CC Forecasted Effort: 74.0 Files
: DOCS EC Forecasted Effort Saved: 192.0 Files
: REFACTOR CC Forecasted Effort: 1,584.0 Files
: REFACTOR EC Forecasted Effort Saved: 1,408.0 Files
: TESTING CC Forecasted Effort: 696.0 Files
: TESTING EC Forecasted Effort Saved: 138.0 Files
: FEATURE CC Forecasted Effort: 584.0 Files
: FEATURE EC Forecasted Effort Saved: 1,838.0 Files
: UPGRADE CC Forecasted Effort: 277.0 Files
: UPGRADE EC Forecasted Effort Saved: 198.0 Files
: RELEASE CC Forecasted Effort: 132.0 Files
: RELEASE EC Forecasted Effort Saved: 250.0 Files
: SUPPORT CC Forecasted Effort: 66.0 Files
: SUPPORT EC Forecasted Effort Saved: 264.0 Files
: OTHER CC Forecasted Effort: 429.0 Files
: OTHER EC Forecasted Effort Saved: 772.0 Files
N ) S S T i e L O e T

INFO:i0SSEstimator: Total CC Forecasted Effort: 4,126.0 Files
i : Total EC Forecasted Effort Saved: 5,360.0 Files
: Net Effort Savings: 1,234.9 Files
: Effort Savings Percentage (ESP): 29.90%
INFO:i0SSEstimator: Annualized ESP: 9.10%

INFO:i0SSEstimator: - CRITICAL INPUTS -

:10SSEstimator: Github Repository URL: https://github.com/angular
0SSEstimator: Analysis Years: 3
INFO:i0SSEstimator: Effort Units: Files
(PRAXIS) » 1i0SSEstimator r) x I

Figure I-1 iOSSEstimator Command Line Interface (CLI) Output
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Appendix J: Time-Series Residual Analysis

Figure J-1 are residual plots for a 12-month time-series horizon of each of the predictor variables: NT, NO, Tcontributor, and
Trine. Facebook Prophet allows time-series cross validation to be performed by specifying an initial training period and forecast

horizon to perform validation. Here, a trend of the median absolute percentage errors (MDAPE) is shown for each of the predictors.
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Figure J-1 Time Series Residual Analysis for 12 Months Horizon

119



