1.J. Information Technology and Computer Science, 2021, 1, 1-17 =
Published Online February 2021 in MECS (http://www.mecs-press.org/) | ModemEducton
DOI: 10.5815/ijitcs.2021.01.01 | PRESS

Duration Estimation Models for Open Source
Software Projects

Donatien Koulla Moulla'?

! Faculty of Mines and Petroleum Industries, University of Maroua, Maroua, P.O. Box 46, Cameroon
ZLaRlI Lab, University of Maroua, Maroua, P.O. Box 814, Cameroon

E-mail: moulladonatien@gmail.com, donatien-koulla.moulla@univ-maroua.cm

Alain Abran

Department of Software Engineering and Information Technology, Ecole de Technologie Sup&ieure, 1100, rue Notre-
Dame Ouest, Montré&l, Québec, Canada H3C 1K3

E-mail: alain.abran@etsmtl.ca

Kolyang
The Higher Teachers’ Training College, University of Maroua, Maroua, P.O. Box 46, Cameroon
E-mail: kolyang@cde-saare.de

Received: 28 April 2020; Revised: 11 June 2020; Accepted: 04 July 2020; Published: 08 February 2021

Abstract: For software organizations that rely on Open Source Software (OSS) to develop customer solutions and
products, it is essential to accurately estimate how long it will take to deliver the expected functionalities. While OSS is
supported by government policies around the world, most of the research on software project estimation has focused on
conventional projects with commercial licenses. OSS effort estimation is challenging since OSS participants do not
record effort data in OSS repositories. However, OSS data repositories contain dates of the participants’ contributions
and these can be used for duration estimation. This study analyses historical data on WordPress and Swift projects to
estimate OSS project duration using either commits or lines of code (LOC) as the independent variable. This study
proposes first an improved classification of contributors based on the number of active days for each contributor in the
development period of a release. For the WordPress and Swift OSS projects environments the results indicate that
duration estimation models using the number of commits as the independent variable perform better than those using
LOC. The estimation model for full-time contributors gives an estimate of the total duration, while the models with
part-time and occasional contributors lead to better estimates of projects duration with both for the commits data and the
lines of data.

Index Terms: Data Repositories, Duration Estimation, Estimation Models, Open Source Software Project Estimation,
Regression Models.

1. Introduction

Open Source Software (OSS) provides significant technical and economic benefits for a multitude of organizations,
large and small, that rely on OSS to develop customer solutions and products [1,2,3]. Estimation, in particular, is
challenging for OSS projects due to the collaborative nature of OSS, which is developed and maintained by distributed
communities of contributors from all over the world. According to Asundi [4], planning and delivering projects based
on an Open Source (OS) distributed community is challenging since resource allocation and budgeting lack a rigorous
basis: there is generally no formal project management, budget or schedule. For this reason, he argues that using
existing effort estimation models for OSS projects has many disadvantages and therefore, new models are needed. In
particular, he notes that information about when functionalities will be available is of major interest to organizations
that have adopted OSS as their business strategy.

There is a large number of studies on software effort estimation but very few discuss effort and duration in OSS
projects. Effort data is not available in OSS repositories and the categorization of contributors and the size and choice of
the datasets also present a challenge for research on OSS projects estimation. To date, in OSS effort estimation studies
researchers have had to use substitutes for the missing effort variable, which substitutes had a very weak
methodological basis. However, for the duration estimation, this variable can be directly computed from projects
calendar dates. Therefore, this research investigates exclusively OSS duration estimation models.

An OSS source code management repository is an online community platform that makes project history data
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available to IT practitioners and researchers, enabling developers to host and review code, manage projects, share
knowledge and work together to build OSS. There is no direct information in the OSS code repository to identify
whether the contributors are working full-time, part-time or occasionally on the OSS project, and therefore no direct
information on the total effort of any specific project. Due to the amount and diversity of the raw data (such as commits,
contributors, LOC, etc.), extracting and processing the data for either effort or duration estimation is a challenge. These
repositories usually contain the following information:

Delivered software source code with corresponding dates.
Commits of the contributors who submitted their codes to a project.
Meta-data (commit 1D, date of commitment, release tag, etc.).
Contributor performing the commit.

All of this information can be used directly as independent variables, or through derived variables, to develop
duration estimation models.

In this paper, we focus on the design and evaluation of duration estimation models for OSS projects using
statistical regression analysis with four measures of activity as independent variables:

(1) the number of changes to source code (commits) per contributor in each release.

(2) the number of active days per contributor in each release, where an active day correspond to the day in which a
contributor performs at least one commit to the code base.

(3) the number of lines of code added per contributor in each release. We define LOC as the total number of lines
of code, not including blank spaces and comments.

(4) type of contributors, where the type of contributors is an indirect variable defined within our research
methodology.

Data of WordPress and Swift projects, extracted from the source code management repository GitHub, were used
to design the duration estimation models. A decade after GitHub’s official launch, its community has grown to 27
million of developers working all over the world on more than 80 million projects [5]. The rationale behind selecting
the WordPress and Swift projects is related to their OSS economic model, data availability and their significance within
the Open Source community:

e WordPress is one of the most used Content Management System (CMS) open source software in the world
and its economic model is based on service and hosting.

e Swift is an Apple Project: it is a programming language created by Apple for building apps for iOS, Mac,
Apple TV, and Apple Watch. It has been available in Open Source under Apache license since December 3,
2015. In addition to the data availability, Swift has attracted many OSS contributors.

For software organizations that rely on OSS to develop customer solutions and products, it is important to estimate
how long it will take to deliver the expected functionalities. This paper analyzes historical data on WordPress and Swift
projects to design duration estimation models of OSS releases using either commits or lines of code (LOC) as the
independent variable. This will allow to quantify the impact of ‘commits’ and ‘LOC’as an important variable for
estimating the project duration, thereby providing a decision support model for organizations that use OS in software
development.

This paper is structured as follows. Section 2 presents related work on OSS effort and duration estimation. Section
3 presents the research approach. Section 4 presents the duration estimation models built using data from the WordPress
project and, Section 5, using data from the Swift project. Section 6 concludes with a summary of the key findings, the
study limitations and directions for future work.

Supporting documentation is provided in an Electronic Appendix.

2. Related Work

This section presents related work on effort and duration estimation with a focus on OSS projects.

Traditional effort estimation models are generally used by organizations in the early stages of a project to estimate
total effort, number of developers and time (e.g., duration) needed to develop the software. Software effort estimation is
an important step for developing software projects, and is of interest for researchers and software organizations [6,7].
However, most research to date on effort and duration estimation has focused on projects based on proprietary
commercial licenses, while few studies have taken into account the characteristics of software built using OS. An
example of the latter is the study by Qi et al. [8] who provided a method which can be used to collect sufficient data for
solving the problem of lack of training data when building an effort estimation model. In their work, they proposed a
method to alleviate the data deficiency problem by using GitHub data. Although their method can be used to collect
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sufficient data for solving the problem of lack of training data when building an effort estimation model, it is subject to
certain threats to validity. They only used the java open source projects of GitHub to calculate effort as a derived
variable. To identify an active contributor within their study, they adopted the following definition: in a period of
consecutive active days (with a of default 30 days), if a contributor has an average of one committing record per active
day, and whose total contributions exceed the average contributions of the project, they call him as active contributor,
otherwise they call him an inactive contributor.

Shihab et al. [9] performed an empirical study on four OSS projects (namely JBoss, Spring, Hibernate and Mule)
and compared the use of LOC to other code variables (in particular code complexity). To obtain code complexity, they
required the source code of the changed files. They used the list of file names to download the corresponding revisions
of files from JIRA database. They used correlation tests and linear regression models to investigate the categories of
variables as a substitute to effort. Since effort was available in their dataset, they investigated the used code complexity
and LOC as a substitute measure of effort, a unique feature of this study. However, in their dataset the effort data were
at the “issues” level but the variables used for statistical analysis were at another level (e.g., at the “files” level). A
number of assumptions had to be made to assign effort across levels (eg., from issues to files): of course, doing so
introduces a number of unknown distortions without being able quantify them and analyze their impact on the findings
reported. While the authors report that there are correlations between the indirect effort-measures with actual effort,
such results reported are so low, this provides little support on the relevance of the indirect measures of effort in other
related works for OSS effort estimation purposes.

Robles et al. [10] present an approach using data from repositories of OS code. In their study, they proceed by
identifying contributors as full-time, part-time or occasional, and evaluating their activity using, for each contributor,
the following criteria:

e Number of commits merged into the code base during a given period.
o Number of active days during a given period, considered as days in which a contributor performs at least one
commit to the code base.

Their model is based on finding a threshold value for the number of commits (or active days) and whether
contributors are full-time, part-time or occasional. For the calculation of a threshold, they used a survey and data from
over a hundred OpenStack developers. They assume that full-time contributors devote to the project around 1 person-
month (around 40h / week) and those contributors who devote less than 40h / week are considered as part-time /
occasional contributors. In this study the OSS contributors are categorized as full-time, part-time or occasional, based
on the total number of active days by each contributor in the release duration.

Amor et al. [11] proposed approximating the total effort in a project by characterizing the activity of developers by
the versioning system, mail, bug tracking system, etc. In their study, effort is an indirect measure of effort derived
through the approximation of revision control data, participation in mailing list and bug tracking activity. Kalliamvakou
et al. [12] replicated the study and included the developer contribution to the software development process, based on
data acquired from software repositories and collaboration infrastructures.

Capiluppi et al. [13] determined for the Linux kernel developers the average hours worked per day by the time of
the day when the commits were observed in the repository and when the author carried out the commits most frequently.
They divided a working day into traditional office hours (from 9am to 5pm), after office hours (5pm to 1am) and late
hours (from 1lam to 8am). The authors found that within the Linux kernel community the effort derived from the day
when the commits were carried out was relatively the same throughout the week, which suggested the need for different
estimation models from the ones traditionally used in industrial settings, where the work schedule is presumed to be
9am-5pm, Monday to Friday. When they proposed their methodology, it could not be applied in a software
configuration management (SCM) repository such as the concurrent versioning system (CVS) since, although the time
the commit was submitted is stored, the time when the author changed the source code is not. CVS is now seldomly
used. They focused their analysis only on the Linux Kernel community and their results cannot be generalized to other
OSS projects.

Mockus et al. [14] showed that of the nearly 400 programmers in the Apache project, only 15 of them contributed
88 per cent of the total lines of code (LOC). They compared these 15 Apache developers to programmers using LOC in
five other commercial projects. They defined code productivity as the mean number of lines of code per developer per
year (KLOC / developer / year). Koch [15,16] reported that in OSS projects, the distribution of lines of code between
participants (programmers) is skewed as in Mockus et al. [14]: indeed, the majority of code was written and most of the
contributions to the code base done only by a few contributors.

Moulla et al. [17,18] applied the COCOMO model to the TRIADE (version 7a) OSS project using LOC [19] and
regression models with COSMIC Function Points as the independent variable [20,21]. They reported that in terms of
effort, development of software based on OSS has advantages over development from scratch. Here, in contrast to
other studies, ‘effort” data was directly collected and available.

Fernandez-Ramil et al. [22] used linear regression models to estimate effort and duration for OSS projects with
LOC as the independent variable. Effort was derived based on the number of active committers per month. To
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operationalize effort variable, they determined the number of different person ids contributing to its repository over a
given month. This number of ids was assumed to be the number of person-months in a given month. They studied the
relationship between LOC on the one hand, and derived effort, duration and team size on the other hand for 11 OSS
projects. Their study compared OSS projects to proprietary systems and may help understanding and plan better the
evolution of OSS communities and their projects.

Yu [23] also used linear regression models with LOC as the independent variable to predict indirectly maintenance
effort in free and OSS projects: the lag time to perform maintenance task and source code change was used as a
substitute measure of maintenance effort.

Anbalagan et al. [24] used bug reports corrected by developer as a substitute measure of effort in corrective
maintenance of free and OSS projects. Their study focused on 72,482 bug reports from nine releases of Ubuntu, a Linux
distribution system. They used a linear regression model with ‘number of participants’ as the independent variable to
predict indirectly the effort taken to correct bugs.

In contrast to Kalliamvakou et al. [12], who considered only LOC, in our study the contribution of developers was
derived from either LOC or commits. Moreover, we propose in our study reported here to estimate duration while [11]
and [12] attempted to indirectly approximate effort using developer activities. We used linear regression models as in
Fernandez-Ramil et al. [22] but while they estimated effort and duration using LOC as the independent variable, we
also estimated duration using commits as the independent variable.

In summary, some studies are available on software effort estimation but few discuss effort and duration in OSS
projects. The categorization of contributors and the size and choice of the datasets also present a challenge for research
on OSS projects estimation. The keys findings of these specific studies show that the related works suffer from a lack of
data on effort itself and have to approximate it indirectly through other variables and without knowing their variability
and the impact of such variability on the estimation models themselves.

To date, studies by researchers for estimating effort based on substitute variable do not rely on reliable
methodological bases [9] and, as long as reliable substitute of effort measures are not available, it is not wise to build
estimation models based on these very weak substitutes.

However for the duration estimation, this variable is directly calculable from direct data of calendar dates, and our
research relates exclusively to duration estimation models.

3. Research Approach

This paper investigates the contribution of the number of commits and LOC in the estimation of the duration of
OSS releases using linear regression. The rationale behind the use of linear regression models is that in the software
estimation literature, they are widely used [22], [25, 26, 27, 28]. In addition, linear regression models are more suitable
for models that use one independent variable. Also, it is easier for management to understand and much easier to
represent the findings graphically.

It has been observed that contributions to OSS projects are not equally distributed across contributors: a few are
responsible for the majority of the commits, while a large number contribute only a few [14], [16]. In our study, instead
of using a threshold [10], we propose an improved approach by using the total number of active days for each
contributor in the release duration for classifying the contributors as full-time, part-time and occasional.

The data were extracted from the GitHub repository using a program written in C including GitHub commands.
For the purpose of estimating OSS project duration, we defined the following:

i) Active day for a contributor: it is defined as a day in which the contributor performs at least one commit to the
code base.

ii) Release duration is calculated from the time it took to develop each release, that is, duration = (end date of the
release) — (beginning date of the release).

iii) Approach for classifying contributors:

a) Occasional: any contributor who has been active at most one third (1/3) of the release duration.

b) Part-time: any contributor who has been active more than one third (1/3) and at most two thirds (2/3) of the
release duration.

c) Full-time: any contributor who has been active more than two thirds (2/3) of the release duration.

After identifying the different contributors per category in each release according to the above definitions, the total
number of commits per category of contributors per release is obtained by adding all the commits of the different
contributors for each category. For example, if a category of full-time contributors consists of three contributors who
made, respectively, 10, 20 and 30 commits over respectively 8, 13 and 16 active days, the release duration for this
category of contributors is 16 days and the total number of commits for this category of contributors in this release is 60.
In summary, the release duration of this category corresponds to the largest number of active days of this category.

To analyze the relationships among the variables in estimation models built from a dataset, Conte etal. [29]
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recommended a number of criteria:

e The coefficient of determination (R5: it describes the percentage of variability explained by the independent
variable. An R=close to 1 indicates that the variability of response to the independent variable is consistent
with the model (e.g., there is a strong relationship between the independent and dependent variables).

e Magnitude of relative error (MRE): gives an indication of the divergence between values estimated by the
model and the actual values, expressed as a percentage. MRE is given by the relation MRE=|RE|=|(Actual-
Estimate)/Actual|. Perfect estimates would give an MRE of 0%. RE is the relative error. This relative error can
be either positive or negative, representing either an overestimation or an underestimation by the model.

¢ MMRE: is the mean magnitude of relative errors across all the data points.

o  Prediction level of the model: is given by PRED(I) = k/n where k is the number of projects in a specific sample
size n for MRE <. For example, PRED (20%) = 80% means that MRE (Mean Relative Error) is within & 20%
for 80% of the data points.

The selected research approach is the engineering approach. To build duration estimation models, our research
approach is based on:

e Observation of past projects and quantitative data collection;
e Analysis of the impact of individual variables, one at a time;
e Selection of relevant samples, and of samples of sufficient size from a statistical viewpoint.

4. Model of Duration Estimation from the WordPress OSS project Repository

This section presents the duration estimation models built using data from the WordPress project repository.
4.1. Source of data

The WordPress Open Source Content Management System (CMS) has been widely adopted and is used for
creating and managing most of the websites in the world [30]. The first version (0.7) was published on May 27, 2003.
For the development of our OSS duration estimation models, a statistical analysis of historical data, from February 2015
to May 2019, was carried out on 21 releases of the WordPress project based on data extracted on June 23, 2019 from
the GitHub repository (available online from https://github.com/WordPress/WordPress).

Three measures of activity, as presented in the Introduction section, were used for the analysis: number of
contributors, total number of commits and LOC per contributor. These data were extracted from the GitHub repository
using a program written in C including GitHub commands. These data are presented in the Electronic Appendix.

4.2. Duration estimation models with commits as independent variable

The linear regression models for duration estimation in terms of active days (the estimated dependent variable)
were constructed using as the independent variable:

A. The total number of commits per contributor per release.
B. The total number of commits per category of contributors per release.

A. Twenty one (21) linear regression models corresponding to the 21 releases of the WordPress project were
constructed using the total number of commits per contributor per release as the independent variable.

B. Next, three linear regression models were constructed using the total number of commits by category of
contributors for each release as the independent variable. The three models correspond to the estimation models for
full-time, part-time and occasional contributors of the WordPress project.

A. Data preparation and descriptive statistics

Three major steps are recommended for building estimation models based on historical data: data preparation,
application of statistical tools, and data analysis. The models built using simple parametric regression techniques require
[31]:

e a normal distribution of the input variables (for both the dependent variable (e.g., project duration) and
independent variable (e.g., number of commits, number of LOC));

o no outlier that may unduly influence the model;

e a dataset large enough (e.g., typically 20 to 30 data points for each independent variable included in the
model).
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Values of input data that are significantly far from the average of the dataset population (e.g., the candidate outliers)
must be verified [31]. Here, we focus on the quality of the data, not on their quantity. In order to build good models, we
must have good input values: that is the rationale to remove outliers for all categories of contributors to avoid
potentially biasing the findings (see the discussion on outliers in chapter 5 in Abran [31]). The presence of outliers in
each release was analyzed using the Grubbs test for both the independent variable ‘commit’ and dependent variable
‘duration’ and the statistical tool R was used to carry out the Grubbs test. The key parameters of the Grubbs test used to
remove outliers were: a significant level (p-value) equal to 0.05 and a removing rate equal to 5%. Outliers for the
independent variable ‘commit per contributor per release’ were identified and removed in 11 releases (4.2.6, 4.2.7, 4.2.8,
4.3.1, 433, 4.6, 4.8, 4.9, 5.0, 5.1 and 5.2). For the descriptive statistics, we took into account the number of
contributors per release, the total number of commits per release, the total duration per release in calendar days of work.
The descriptive statistics of the 11 releases that contained an outlier are presented in electronic appendix to this article.

The total number of commits per category of contributors per release, excluding outliers and the maximum
duration per category of contributors per release, where duration is expressed in calendar days (work days) are also
given in the electronic appendix. There were full-time contributors in 10 releases, part-time contributors in 15 releases
and occasional contributors in 21 releases. According to the definitions in the research approach section, there were:

e no full-time contributors in releases 4.2.6, 4.2.8, 4.3.4,4.5,4.6,4.7,4.8,4.9,5.0, 5.1 and 5.2.
e no part-time contributor in releases 4.6, 4.8, 4.9, 5.0, 5.1 and 5.2.

To analyze for the presence of outliers by category of contributors in these new subsets (commits per category of
contributors and duration per category of contributors), we applied the Grubbs test on both the independent variable
‘total commits per category of contributors per release’ and the dependent variable ‘maximum duration per category of
contributors per release’:

e There were no statistical outliers for total commits per category of full-time, part-time and occasional
contributors.

e There was one statistical outlier for maximum duration per category of occasional contributors in the release
4.8.

B. Estimation models without outliers

This section introduces the experiment expectations, environment and process. The proposed duration estimation
models are intended to serve as a decision support tool for any organization developing software systems based on
Open Source. Our duration estimation models can be applied for projects similar to those in the case study and are
intended for both practitioners and industry. To ensure the accuracy and reliability of the results, we used the criteria
recommended by Conte et al. [29], mentioned in the “Research Approach” section, paragraph 5 (page 4). The data, the
models themselves, and their performance are available. The duration estimation models built on the WordPress
datasets can be considered as white-box models, since all the detailed data used to build them are documented and
available for independent replication studies. There is no model today that can perfectly replicate the size—duration
relationship, and there remains uncertainty in the duration estimation model itself. The MMRE of the duration models
are given in the Table 1.

The input variables to the linear regression model for each release are the independent variable (total number of
commits per contributor) and the dependent variable (active days per contributor), while the output is the linear
equation. Figure 1 presents the graph of the best results with the ‘commits’ for Release 5.2, and Figure 2, for release
4.2.4 which is not very good.
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Fig.1. WordPress project: Duration estimation model for release 5.2 (N=20)
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Fig.2. WordPress project: Duration estimation model for release 4.2.4 (N=11)
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Table 1 gives the equation of the model related to each release and the corresponding criteria recommended by
Conte et al. [29] of each model.

Table 1. WordPress project: estimation models based on commits per release (excluding outliers)

Total number of

Release con;sr:fﬁsaaggrer[eilr; ase contributor per  Equation of the model R= MMRE ?2%%/5)
release
424 [1,78] 11 y = 0.0496x + 2 0.37 2.10 36
425 [2, 326] 15 y =0.0683x + 6 0.53 0.90 67
426 [1, 28] 12 y =0.2585x + 0 0.79 0.36 67
427 [1,51] 18 y=0.18x+1 0.71 0.28 61
428 [1,171] 15 y =0.0839x +5 0.61 0.62 73
43 [2,161] 17 y =0.0982x + 5 0.57 0.55 82
431 [3, 80] 15 y=0.1712x + 2 0.87 0.35 80
432 [1,330] 15 y =0.046x + 5 0.77 0.55 67
433 [7, 206] 16 y =0.1154x + 2 0.85 0.45 69
434 [1,83] 29 y =0.1412x + 2 0.60 0.71 72
441 [1,63] 21 y =0.2156x + 2 0.82 0.58 86
442 [1,94] 20 y =0.0794x + 3 0.34 0.82 70
443 [1,171] 21 y=0.1215x + 2 0.90 0.44 81
45 [1, 76] 24 y =0.1442% + 2 0.71 0.56 75
46 [1,30] 23 y=0.6452x + 1 0.92 0.25 9
47 [1,116] 32 y = 0.3563x + 3 0.81 0.63 78
48 [1,82] 30 y = 0.4532X + 2 0.92 0.52 83
49 [1,35] 26 y=0.593x + 1 0.90 0.37 9
5.0 [1, 49] 29 y=0.5352x + 1 0.95 0.33 93
5.1 [1,29] 20 y=0.3442x + 1 0.62 0.57 75
5.2 [1,18] 20 y =0.6339x + 0 0.84 0.11 50

The mean MMRE =57%
The median MMRE = 55%

The second column in Table 1 indicates, for each release, the size ranges of the data from which the regression
model was built and for which the model is valid: that is, the range of values for the independent variable ‘x’ in terms of
minimum to maximum. Table 1 shows that the estimation models:

o for nine releases have both an R=ver 0.7 and a PRED (20%) for over 70% of the data points.

o for eight of the releases, an increase in the commits explains over 80% of the increase in duration (e.g., R?
over 0.80), and

e for 5 of these releases, 90% or more.
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The MMRE:

o for 5 of these is < 57% for 14 releases, and is greater than 57% for seven releases.

4.3. Estimation models with commits by categories of contributors

A. Estimation models

Table 2 presents the duration estimation models built on commits per category of contributors for each release and
the performance criteria for each model, respectively, for full-time, part-time and occasional contributors:

The MMRE for full-time, part-time and occasional contributors were 24%, 30% and 49%, respectively.

In terms of RZMMRE and PRED (20%), the estimation model for full-time contributors was better compared
to the models for part-time and occasional contributors. For instance, the PRED value obtained for full-time
contributors is excellent (PRED (20%) = 90%): this means that MRE was within 220% for 90% of the data
points.

Table 2. WordPress project: estimation models based on commits per category of contributors

Full time (N=10) Part-time (N=15) Occasional (N=20)

Equation
of the y =0.0151x +14 y =0.0375x +5 y =0.0392x +2
models
R= 0.36 0.33 0.60
MMRE 0.24 0.30 0.49
PRED
(20%) 90 93 75

However, it has to be noted that the model with full-time contributors gives an estimate of the total duration, while
the other two models give an estimate of their respective dependent variable of either part-time or occasional
contributors which, by definitions correspond, to at most 2/3 and 1/3 of the total duration, respectively. For example, for
the 4.3.1 release, the actual duration is 20 work days (see Table 3):

o the model for full-time contributors estimates the total duration which is 20 days;
o the models for part-time contributors predict at most 2/3 of the total duration which is 20 x 2/3 days;
o the models for occasional contributors predict at most 1/3 of the total duration which is 20 x 1/3 days.

Therefore, these models (equations y =0.0392x+2 and y = 0.375x +5 from Table 2) are useful in practice for
estimation of total duration of the release provided that an extrapolation is made to represent the full release duration:

o for occasional contributors the extrapolation is determined by multiplying the estimated duration by 3 (e.g., 3
X equation y =0.0392x+2 - from Table 2),

o for the part-time contributors the extrapolation is determined by multiplying the estimated duration by 3/2 (e.g.,
3/2 x equation y = 0.375x +5 - from Table 2).

It is to be noted also that the relationships between the equation of the model column of Table 1 and the equation
of the models of full-time, part-time and occasional columns in Table 2 is that the ‘x’ variable in the equations of Tables
1 and 2 represents the number of commits.

B. Comparison with actual duration — for models with full-time contributors

Table 3 presents a comparison between the actual duration per release and the estimated duration by the model for
full-time contributors. The independent variable is the total commits for all full-time contributors per release. The
estimated duration for each release is obtained by replacing the variable X’ in the equation y =0.0151x+14 (from

Table 2) by the total number of commits for all full-time contributors for this release.
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Table 3. WordPress project: actual and estimated duration for full-time contributors (N=10 releases)

Total commits for all full- Actual duration Estimated
Release time contributors per . duration IRE|
release (in work days) (in work days)

424 95 8 15 0.93
425 554 33 22 0.32
4.2.6 - 14 14 0.00
4.2.7 35 19 15 0.24
4.2.8 - 24 14 0.42
43 251 31 18 0.43
431 218 20 17 0.14
432 905 19 28 0.46
433 500 26 22 0.17
434 - 24 14 0.42
441 94 21 15 0.27
442 51 19 15 0.22
443 287 23 18 0.20
4.5 - 27 14 0.48
4.6 - 90 14 0.84
4.7 - 79 14 0.82
438 - 132 14 0.89
49 - 114 14 0.88
5.0 - 280 14 0.95
51 - 55 14 0.75
5.2 - 53 14 0.74

The MMRE for the model = 50%
The median |RE| = 43%

Since releases 4.2.6, 4.2.8, 4.3.4, 4.5,4.6, 4.7, 4.8, 4.9, 5.0, 5.1 and 5.2 have no commit for full-time contributors,
the estimate is the same for each model: here, the estimated duration corresponds to the constant of the estimation
equation (e.g., 14 days). Of course, this means that when there is no full-time contributor, such a model does not predict
well. The estimation model per category of full-time contributors had an MRE < 50% for 13 releases (4.2.5, 4.2.6, 4.2.7,
4.2.8,4.3,43.1,43.2,433, 434, 44.1, 442, 443 and 4.5) where 50% represents the MMRE of the estimation
model per category of full time contributors. The median estimation error = 43%. For only the releases with full-time
contributors, the estimation per category of full-time contributors had an MRE < 34% for 7 releases (4.2.5, 4.2.7, 4.3.1,
43.3,4.4.1,4.4.2 and 4.4.3).

C. Estimation models per category of occasional contributors

The estimation models for occasional and part-time contributors predict at most 1/3 and 2/3, respectively, of the
total duration since these two categories of contributors are defined as such (see section 3). However, these models (e.g.,
equation y =0.0392x +2 and equation Yy = 0.375x+5 from Table 2) are still useful for the estimation of total duration

through the following extrapolation: For occasional contributors: using equation Yy =0.0392x +2 from Table 2 and

multiplying the estimated project duration by 3.

The comparison between the actual duration per release and the estimated duration in the model for occasional
contributors with extrapolation is given in the electronic appendix to this article. The estimated duration for each release
is obtained by replacing the ‘x’ variable in the equation y =0.0392Xx+2 (from Table 2) by the total number of commits

for all occasional contributors corresponding to this release and multiplying the estimated duration by 3.

The estimation model with extrapolation has an |RE| < 42% for 11 releases (4.2.5, 4.2.6, 4.2.7, 4.2.8, 4.3, 4.3.1,
4.3.3,434,4.4.1,4.4.3 and 4.7) where 42% represents the MMRE of the estimation model for occasional contributors
with extrapolation. The median |RE| = 38%. The estimation model for occasional contributors with extrapolation gives a
better estimate than the model for full-time contributors per release presented in section 4 —from Table 2. It should be
noted that our duration estimation model with only one independent variable lead to better estimates than those in Qi et
al. [8] - from table 7, with many additional variables. These additional variables in Qi et al. [8] might provide either
noise or distortions due to approximations and incorrect assumptions for these variables.
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D. Estimation models per category of part-time contributors

The estimation model for part-time contributors was extrapolated by multiplying the estimated duration of the
project by 3/2 using equation y = 0.375x +5 from Table 2. The comparison between the actual duration per release and

the estimated duration in the model for part-time contributors with extrapolation is given in the electronic appendix to
this article. The estimated duration for each release is obtained by replacing the ‘x’ variable in the equation
y =0.375x +5 (from Table 2), by the number of total commits for all part-time contributors corresponding to this

release and multiplying the result by 3/2 (e.g. the required extrapolation for part-time contributors). For these models,
the [RE| <44% for 11 releases (4.2.4,4.2.5,4.2.6,4.3,4.3.2,4.3.3,4.3.4,4.4.1,4.4.2,4.4.3 and 4.5): 44% represents the
MMRE of the estimation model for part-time contributors with extrapolation. The median |[RE| is 31%. For only the
releases with part-time contributors, the estimation per category of part-time contributors had an MRE < 25% for 10
releases (4.2.4,4.2.5,4.2.6,4.3,4.3.2,4.3.3,4.3.4,4.4.1,4.4.2 and 4.4.3).

In summary, the single linear regression duration estimation model for occasional contributors (with the required
extrapolation) gives the best estimation results compared to the models for full-time contributors and part-time
contributors.

4.4. Estimation models with LOC

Twenty one (21) linear regression models were constructed using the total number of LOC added per contributor
per release as the independent variable. Next, twenty one linear regression models were built with the total number of
|[LOC net| added per contributor per release as the independent variable.

Estimation models per release with LOC added per contributor per release are given in the electronic appendix.
The performance criteria show that the duration estimation models with LOC added as independent variable do not
produce good estimates compared to models with commits as the independent variable (from Table 1).

The independent variable parameter used to build the next set of estimation models was ‘|[LOC net| added per
contributor per release’ and the dependent variable ‘active days per contributor per release’. These estimation models
are given in the electronic appendix. The performance criteria show that the duration estimation models with ‘|LOC net]|
added per contributor per release’ as the independent variable do not produce good estimates compared to models with
commits as the independent variable (from Table 1).

Three linear regression models were built next with the total number of |[LOC net| added per category of
contributors per release as the independent variable for full-time, part-time and occasional contributors — see electronic
appendix. The MMRE for the full-time, part-time and occasional contributors are 0.25, 0.42 and 0.69, respectively
while the MMRE for full-time contributors is better than for part-time and occasional contributors. The PRED for full-
time contributors is excellent (PRED (20%) = 89%) compared to the two other models (e.g., the RE is within £20% for
89% of the data points). We concluded that the estimation model with [LOC net| added per full-time contributors gave
the best estimates compared to the models of the part-time and occasional contributors in terms of R?, MMRE and
PRED.

The actual and estimated duration per release by the model with [LOC net| added for full-time contributors is
presented in the electronic appendix.

The estimation models for occasional was extrapolated using equation Y =0.005x+2 and multiplying the

estimated project duration by 3. The comparison between the actual duration per release and the estimated duration in
the model for occasional contributors with extrapolation is given in the electronic appendix.

The estimation model for part-time contributors was extrapolated by multiplying the estimated duration of the
project by 3/2 using equation y =0.0008x +11. The comparison between the actual duration per release and the

estimated duration in the model for part-time contributors with extrapolation is given in the electronic appendix.

The estimation model for part-time contributors with extrapolation gives a better estimation than the model for
full-time contributors and occasional contributors with extrapolations using [LOC net| as independent variable.

In conclusion, the estimation models for occasional contributors with extrapolation and for part-time contributors
with extrapolation produced the best estimation results compared to the model for full-time contributors for each release
on both commits and [LOC net| data.

4.5. Discussion of the estimation models based on commits and LOC

This section compares:
e The estimation models for each release:
1) With ‘commit’,

2) With ‘LOC added’, and
3) With [LOC net]’.
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e The estimation models per category of contributors for each release with:

1) ‘commit’, and
2) ‘|LOC net|’.

Table 4 presents the performance criteria of the duration estimation models with independent variables ‘commits’,
‘LOC added’ and ‘|LOC net|’ for each release.

In Table 4:

e The highlighted numbers indicate the most accurate results (e.g., good estimate), and
e The bold numbers indicate the least accurate results (e.g., worst estimate) for the same release.

Table 4 shows that:

A. The duration estimation models for each release with ‘commits’ as the independent variable give good
estimates in terms of the R, MMRE and PRED criteria for 9 releases (4.3.1, 4.4.1, 4.5, 4.6, 4.7, 4.8, 4.9,
5.0 and 5.1). These models also gave good estimates in terms of two criteria (R? and MMRE) for releases
4.26,42.7,4.2.8,4.3.3,4.3.4,44.3and 5.2.
B. The duration estimation models for each release with [LOC net| as the independent variable give poor
estimates in terms of most of the three criteria in 15 releases (4.2.7, 4.2.8, 4.3, 4.3.1, 4.3.3, 434, 4.4.1,
442,443,4.5,4.6,4.8,4.9,5.0and 5.2).
Therefore, the duration estimation models for each release with ‘commits’ as the independent variable and the
‘duration’ as the dependent variable produced the best duration estimation results compared to the models using ‘LOC
added’ and ‘|LOC net|’.

Table 4. WordPress project: Performance of estimation models based on commits LOC and |LOC net|

Data | Criteria | 4.2.4 | 4.25| 4.2.6 | 4.2.7 428 | 4.3 431 4.32| 433 434|441 (44244345 |46 | 47 |48 |49 [ 50| 51 |52

Rz |037 053] 079 071061057087 ]077]085] 06 [082]034] 00 [0.71]092]081]|0.92]090]0.95]0.62]0.84

Commits | MMRE | 210 | 0.90 | 0.36 | 0.28 | 0.62 | 0.55| 0.35 | 0.55 | 0.45 | 0.71 | 0.58 | 0.52 | 0.44 | 0.56 | 0.25| 0.63 | 0.52| 0.37| 0.33 | 0.57| 0.11

?f(fyg 36 | 67 | 67 | 61 | 73 | 82| 80 | 67 | 69 | 72 | 8 | 70 | 81 | 75 | 96 | 78 | 83 | 96 | 93 | 75 | 50

Rz |059 059 0.14 [ 026 | 0.41 [0.59] 049 [ 0.61 | 0.11] 0.5 [ 0.68 | 0.53 [ 0.70 [ 0.42|0.33] 0.06]0.458] 0.40] 0.35] 0.29] 0.78

LOC | MMRE | 031 |1.05 | 0.87 | 0.48 | 0.72 | 0.62| 0.55 | 0.38 | 0.59 | 1.02 | 0.59 | 0.77 | 0.71 | 0.59 | 1.96 | 2.35 | 1.15| 1.21 | 0.93 | 1.32| 0.74
added PRED

(20%) | 67 | 71| 75 | 65| 67 | 82| 67 | 62| 80 | 86 | 70| 74 |84 | 70| 7967|7360 | 70 74|72

R: | 047|058 |0.004] 0.10 | 0.40 | 0.28 | 0.28 | 0.57 | 0.01 | 0.35 | 0.30 | 0.16 | 0.54 | 0.22 | 0.17| 0.24 | 0.39| 0.20] 0.12 ] 0.33 | 0.12

ILOC | MMRE | 0.66 | 0.94 | 0.84 | 0.73 | 0.74 | 0.47 | 0.59 | 0.54 | 0.64 | 1.18 | 1.21 | 1.02 | 0.71 | 0.67 | 2.56 | 2.18 | 1.50| 1.30 | 1.56 | 0.78 | 1.64
net] PRED

(20%) | 83 | 73| 70 | 8L | 67 | 67 | 64 | 62 | 80 | 51| 71| 71 |78 | 67 |69 | 67| 77| 65|76 | 73|73

Table 5 summarizes the performance criteria resulting from the duration estimation models per category of
contributors for each release with commits and [LOC net|.

Table 5. WordPress project: Performance of the estimation models based on category of contributors per release, commits and |[LOC net|

Category of contributors
Variables Criteria Full-time Part-time Occasional
Contributors Contributors Contributors
R=2 0.36 0.33 0.60
Commits I\élg/lERDE 0.24 0.30 0.49
(20%) 90 93 75
R=2 0.70 0.11 0.23
ILOC net I\élg/lERDE 0.25 0.42 0.69
(20%) 89 79 72

In Table 5 the highlighted numbers indicate the most accurate estimates among the three categories of contributors
by type of data. In Table 5, the estimation models:

e For full-time contributors give a good estimate in terms of the MMRE criterion with commits as the
independent variable.
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e For full-time contributors give the best estimate in terms of the R2ZMMRE and PRED criteria with |[LOC net|
as the independent variable.

Therefore, the models with ‘commits’ as the independent variable produce the best estimate compared to models
with ‘| LOC net |” as the independent variable.

5. Models of Duration from the Swift Project

To develop the estimation models, statistical analyses of Swift historical data were carried out on 9 releases from
March 2016 to Jun 2018 extracted from the GitHub repository. Three measures of activity were used:

1) The number of changes to source code (commits) per contributor for each release.

2) The number of active days per contributor for each release, considered as days in which the contributor
performs at least one commit to the code base.

3) The number of |LOC net| added per contributor for each release (e.g., |[LOC net| = [LOC added - LOC deleted|).

Data for the number of contributors, their total commits and |[LOC net| were extracted on June 27, 2019 from the
GitHub repository (available online from https://github.com/apple/swift) using a program written in C including GitHub
commands. These data are provided in the Electronic Appendix.

5.1. Models per release with ‘commits’

The linear regression model was used to construct the duration estimation models by considering the number of
commits per each contributor for each release as the independent variable and duration (active days) as the dependent
variable.

A. Data preparation and descriptive statistics

The presence of outliers in each release was analyzed with the Grubbs test on both the independent variable
‘commits per contributor per release’ and dependent variable ‘duration per contributor per release’.

Since these outliers may unduly influence the models, they were removed from the samples being analyzed. For
the descriptive statistics of the releases, we took into account the number of contributors per release, the total number of
commits per release, and the total duration per release in calendar days of work.

B. Models per release without outliers

Here, the independent variable was ‘commit per contributor per release’ and the dependent variable, ‘duration per
contributor per release (active days)’. The linear regression model is given by: Duration = a < commit + b where a
represents the slope of the linear regression line and b represents the point at the origin (that is, when the independent
variable is = 0). Figures 3 and 4 present the graph of the best results with the ‘commits’ and another one that is not very
good.
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Fig.3. Swift project: Duration estimation models for release 2.2
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Fig.4. Swift project: Duration estimation models for release 4.0

y =0.3827x+3 4

Table 6 presents the equation of the model and corresponding R2MMRE and PRED (0.20).

Table 6. Swift project: Estimation models per release

Size range [in Total duration . PRE
Release ~ commits] per per . Equation of the R=2 MMRE D
release release (in model (20%
work days) )
2.2 [1,270] 91 y=0.3125x + 1 0.93 0.36 81
2.2.1 [1,97] 31 y = 0.2984x + 2 0.88 0.61 82
3.0 [1,136] 95 y = 0.4465x + 2 0.91 0.79 88
3.0.1 [1,42] 33 y=0.4473x +1 0.85 0.36 79
3.1 [1,186] 107 y =0.4093x + 2 0.93 0.7 88
4.0 [1,308] 126 y =0.3827x + 3 0.91 0.98 86
4.03 [1,75] 54 y=0.4735x + 1 0.92 0.36 85
4.1 [1,211] 83 y =0.3848x + 3 0.92 0.97 82
4.2 [1,135] 48 y =0.3716x + 2 0.90 0.65 82

Mean MMRE = 64%
Median MMRE = 65%

From Table 6 we observe that the estimation models for the nine releases all have very high R=2and PRED (20%)
over 79%, while releases 2.2; 3.0.1 and 4.0.3 have by far a much better MMRE = 36%.

5.2. Models per release with ‘|LOC net|’

The next models are constructed using the number of |LOC net| per contributor per release as the independent
variable and duration (active days) as the dependent variable.
A. Data preparation and descriptive statistics

The presence of outliers in each release was analyzed with the Grubbs test on both the independent variable ‘[LOC
net|” per contributor and dependent variable ‘duration’. Since these outliers may unduly influence the models, they were
removed from the samples being analyzed. The descriptive statistics of the releases are presented in the electronic
appendix.

B. Models per release (without outliers)

The independent variable is ‘|LOC net| per contributor per release’ and the dependent variable ‘duration per
contributor per release’. Table 7 gives the equation of the model and the corresponding RZMMRE and PRED (0.20).
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Table 7. Swift project: Estimation models per release - N =9

Total
duration
i i er
Release Size range [in |LOC P Equation of the model R= MMRE PRED
net|] per release release (20%)
(in work
days)
2.2 [1,178] 91 y = 0.0406x + 2 0.15 0.93 75
221 [1,1213] 31 y =0.0107x + 5 0.24 1.62 71
3.0 [1,1491] 95 y =0.0207x + 3 0.47 1.43 71
3.0.1 [1,476] 33 y =0.0248x + 3 0.31 1.07 78
31 [1, 2201] 107 y =0.0163x + 4 0.43 1.59 84
4.0 [1, 9349] 126 y =0.0092x + 7 0.57 2.64 79
403 [1,2712] 54 y=0.0121x + 4 0.41 1.75 76
41 [1,1582] 83 y=0.021x + 3 0.38 1.65 82
42 [1,1184] 48 y =0.0184x + 4 0.33 1.32 84

Mean MMRE = 156%
Median MMRE = 159%

5.3. Comparison between models with ‘commits’ and '|LOC net|'

Table 8 presents a comparison of the performance criteria of the duration estimation models using ‘commits’ or
‘ILOC net|” for each release.

Table 8. Swift project: Comparison between models using commits or |LOC net|

Releases

Data Criteria 2.2 221 3.0 3.0.1 31 4.0 4,03 4.1 4.2

R= 0.93 0.88 0.91 0.85 0.93 0.91 0.92 0.92 0.90

Commits MMRE 0.36 0.61 0.79 0.36 0.7 0.98 0.36 0.97 0.65
PRED

(20%) 81 82 88 79 88 86 85 82 82

R=2 0.15 0.24 0.47 0.31 0.43 0.57 0.41 0.38 0.33

|LOC net| MMRE 0.93 1.62 1.43 1.07 1.59 2.64 1.75 1.65 1.32
PRED

(20%) 75 71 71 78 84 79 76 82 84

In summary, the duration estimation models built from the Swift project data built by release with ‘commits’ as the
independent variable produce the best estimates in terms of R2, MMRE and PRED compared to models using |LOC
net|” as the independent variable.

Even though the number of data points of WordPress project (21 releases) is greater than for the Swift project (9
releases), we can also observe in Table 4 and Table 8 that duration estimation models built from WordPress project data
gave the best estimates in terms of R2, MMRE et PRED compared to models built from Swift project data.

6. Conclusion

6.1. Summary of findings

While a number of issues in software projects estimation have been investigated over the years, most have focused
on the construction of software effort and duration estimation models for conventional software projects with
commercial licenses, not on Open Source projects. This paper has addressed specifically the estimation of duration of
OSS projects and a number of duration estimation models have been constructed using data from the WordPress and
Swift OSS projects. Statistical regression techniques were used to construct models using two types of data as variables:
the number of commits and the number of LOC per contributors and categories of contributors. We proposed an
improved approach by using the total number of active days for each contributor in the release duration for classifying
the contributors as full-time, part-time and occasional.

First, duration estimation models for each release were constructed using the number of commits per contributor.
Next, duration estimation models per category of contributor for each release were developed with total commits per
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category of contributor per release.
Next, duration estimation models were built with the following independent variables:

e L OC added per contributor per release,
o total |LOC net| per contributor per release, and
o total |LOC net| per category of contributors per release.

For the WordPress OSS project, the duration estimation models with ‘commits’ gave better estimates than models
with ‘LOC added’ and ‘|[LOC net|’. More specifically in this WordPress project:

e The estimation models for full-time contributors gave better estimates in terms of MMRE and PRED with
commits as the independent variable than part-time and occasional contributors.

e The estimation models for full-time contributors gave the best estimates in terms of R2 MMRE and PRED
with |[LOC net| as the independent variable.

e  While it appears that models with ‘commits’ as the independent variable produce better estimates than models
with | LOC net |” as the independent variable, when extrapolations are made from 1/3 and 2/3 of the estimated
duration, respectively, for the models for occasional and part-time contributors, the estimates are good
compared to the model for full-time contributors both for the commit data and the |[LOC net| data. The
extrapolation models produce estimates close to the actual duration of the release (MRE close to 0).

The statistical analysis of historical data of the Swift project validated next the estimation results obtained for the
WordPress project: indeed, for both OSS projects, the duration models built with commits as the independent variable
gave better estimates than the models with LOC added and |LOC net|.

The research objective of this paper is to build duration estimation models for Open Source Software projects.
Information about when functionalities will be available is of a major interest to organizations that have adopted OSS as
their business strategy: our duration estimation models estimate how long it will take to deliver the expected
functionalities. One of the most interesting findings of our study is that, commits variable could be used for the
estimation of project duration in Open Source Software projects. This research is also of interest to researchers and the
proposed duration estimation models are intended to serve as a decision support tool for any organization developing
software systems based on Open Source. All our estimation models can be considered white-box models since all the
detailed data used to build them are documented and available for independent replication studies.

6.2. Study limitations

All empirical studies, such as those reported here, are subject to certain threats to validity.

The recommended size of dataset sample required for meaningful statistical regression results is between 20 to 30
data points. The sample size used to construct the estimation models per category of contributors, with commits as the
independent variable, was relatively small (10, 15 and 20 data points, respectively). This does not mean, however, that
these models are meaningless and not useful to organizations. To the contrary for organization using their own data,
even such small samples can provide them with an objective and quantitative view of the performance of their
development processes from which they can derive insights into productivity performance about what can be reasonably
expected of subsequent projects. In this paper, we used a program written in C and GitHub commands to extract data
from the repositories. Other techniques related to extraction and manipulation of data can be also used. The dependent
variable is active days (workday’s duration unit). The classification of contributors was made for each release into three
groups: full-time, part-time and occasional. We proposed criteria for an objective classification to categorize
contributors as full-time, part-time or occasional as described in the research approach’s section of our paper. However,
some assumptions have been made in the design of our estimation models: for instance, we assumed that the time spent
by each contributor in a release corresponds to the number of days in which the contributor performs at least one
commit to the code base. For example, a contributor can perform one commit in two minutes but this time is considered
as one active day.

6.3. Future work

Further studies may be done using two independent variables (occasional contributors and part-time contributors)
using our study as a baseline for comparison purposes. In this paper, we used an approach for classifying contributors.
More studies on the classification of contributors should be done. We also plan to build duration estimation models
using different statistical techniques and analyze additional OSS projects. In future work, we plan to use some
additional factors as independent variable, such as application domain, type of system, development platform, type of
language, etc. We also plan to take into account outliers for a more in-depth analysis. Subsequent research could also
explore other variables for the estimation of project duration such as algorithm complexity and code quality, but all
these variables together will only help to predict the part of the duration not explained yet by the commits. We also plan
to build estimation models per category of contributors with Swift project data.

Volume 13 (2021), Issue 1 15



Duration Estimation Models for Open Source Software Projects

Electronic Appendix

The electronic appendix containing the supporting documentation for this article can be accessed from

http://research.univ-maroua.cm/share/Moullaetal2020 Appendix.pdf.
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