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Abstract: This study aimed to identify the most beneficial attitudes adopted by enterprise participants
during their engagement in open-source software (OSS) activities. For this purpose, we selected
repositories from GitHub, featuring the top 10 with the highest stars and forks, classified the
participants according to their sentiment states, and compared their productivity. The results
indicated that participants with positive sentiments were more productive than those with negative
sentiments. Consequently, it can be inferred that encouraging organizations to express positive
sentiments towards their developers publicly may stimulate OSS community activities and enhance
productivity, thereby potentially leading to increased open innovation and sustainability.
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1. Introduction

Open-source software (OSS) is defined as code made publicly accessible, allowing anyone to
freely inspect, modify, and distribute it. Although some OSS projects are spearheaded by specific
companies, most are community-based, with companies contributing to these projects by participating
in the community [1]. Owing to the community-based nature of OSS, there is diversity in participants’
affiliations, and the development process is collaborative and involves collective intelligence. Linux
is a prime example of OSS, whereas Windows exemplifies closed-source software, the antithesis of
0SS [2,3]. Owing to the open nature of OSS, companies might be expected to shy away from it;
however, in recent years, IT-based companies have been actively supporting it. This is because OSS
plays a significant role in promoting open innovation in enterprises. OSS can be characterized as both
inward-looking in terms of user innovation and collective intelligence, and outward-looking in terms
of making internal projects public and encouraging external participation [4].

The UN Roadmap for Digital Cooperation partnered with GitHub, the world’s largest repository
of OSS projects, to highlight and promote the importance of OSS in reducing the digital information
divide and ensuring sustainability [5].

As part of these international efforts, the World Benchmarking Alliance (WBA), a coalition
established to realize the UN Sustainable Development Goals (SDGs) and strengthen companies’
environmental, social, and governance (ESG) initiatives, has been conducting the Digital Inclusion
Benchmark since 2020. This benchmark assesses how companies sustainably use digital technologies to
support and engage with society. One of the evaluation criteria is the extent to which the organization
is committed to OSS in innovation [6,7].

As OSS activities become increasingly important for open innovation and sustainability,
organizations need to understand software projects and community-based collaboration better, and
adopt appropriate strategies to increase productivity and efficiency. In general collaboration, building
trust is important, and the attitudes of collaboration participants play an important role in building
trust [8]. However, OSS collaboration differs from general collaboration in that the participants’
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affiliations and locations vary, they have the freedom to join and leave, and they operate within a
horizontal structure not bound by positions or titles.

However, the relationship between participant attitudes and productivity in collaboration in
the software field has mainly been studied indirectly, e.g., by examining bug fixing time and email
thread analysis [9-11], and studies that use metrics that can be directly related to productivity are
scarce. In this study, we collected comments made by participants during their OSS contributions and
categorized them into three groups: positive, neutral, and negative. We then conducted a productivity
comparison study for each group to reveal the relationship between the OSS participants’ attitudes
and productivity using direct indicators. Furthermore, we propose recommendations regarding the
attitudes that corporate participants should adopt in OSS activities to maximize the benefits for their
companies.

To achieve these objectives, this study addresses the following two questions.

* s there a significant difference in the productivity of each sentiment group (positive, neutral, and
negative)?
¢ Which groups are most conducive to community activation?

2. Theoretical Background and Review of Previous Studies

2.1. Collaboration Process in OSS

In OSS collaboration, a contributor typically copies the program source code from the
main repository (repository) to their own repository (fork), adds/deletes/modifies the code, and
subsequently requests that the altered source code be merged into the main repository upon the
completion of their work (pull). This sequence of actions is referred to as the fork-and-pull model, as
shown in Figure 1. In this process, the request for integration into the main repository is called a pull
request (PR), which serves as the unit of work [12].

Upon submission of a PR to the main repository, the reviewers scrutinize the modified source
code to verify that there are no issues and that the code complies with the rules governing the existing
source code. If it passes the review, they will request the maintainer to decide whether to incorporate
it into the main repository. The maintainer, at their discretion, may choose not to merge it into the
main repository (closed) or may ask the contributor to undertake necessary modifications. If an
administrator ultimately approves a merger, the contributor’s PR is integrated into the main repository
(merged) [13,14]. Throughout this process, most communication between contributors, reviewers, and
administrators takes place online, with dialogues recorded in GitHub PRs, as illustrated in Figure 2. If
the repository becomes fully public, these records will become accessible to any Internet user.
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Figure 1. Process flow until a PR is merged [15].
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e trustin commented on Oct 16, 2020 Collaborator =~ *==

Looking forward to your follow-up PR, @joonhaeng! @

Q1)

joonhaeng commented on Oct 16, 2020 « edited ~ Contributor = Author

| am very happy to contribute to this awesome project!

(@]

Figure 2. Example of conversation records in a PR [16].
2.2. Productivity in Software

In software engineering, productivity is typically defined as either the number of tasks processed
per unit time or the amount of code added, deleted, changed, or quantified as lines of code (LoCs)
[17]. Zhou and Mockus [18] used the monthly work throughput as a metric to gauge productivity
among new developers in software outsourcing, acknowledging the potential for individual variance
in this process. Kieburtz et al. [19] proposed a productivity metric from the perspective of software
reuse, defined as the volume of work completed within a given timeframe. Work throughput serves
as an effective metric that is closely aligned with the number of PRs ultimately merged and offers
distinct start and end dates. However, this approach can overshadow the significance of individual
PRs, potentially underrepresenting the productivity of developers handling larger or more challenging
PRs.

Regarding LoCs, Devanbu et al. [20] calculated productivity by dividing the total LoCs of the
software by the time dedicated to development stages, including analysis, design, implementation,
and testing, from a software reuse standpoint. Blackburn et al. [21] used a measure of LoCs divided
by man-month to compare the productivity of the developers. This metric represents the quantity
of code produced by a single developer within a month. Occasionally, productivity is quantified
using alternative metrics to the LoCs, such as function points [22]. A function point serves as a
metric for assessing the size of an information system and offers an indirect means of estimating
productivity in system development and maintenance [23]. While LoCs can be readily measured by
external researchers owing to the public accessibility of OSS, the function point method, which is
predominantly internal, is seldom disclosed and rarely employed in OSS contexts, thus limiting its
practical applicability. Another approach used the number of commits as a measure of productivity
[24].

2.3. Collaborators” Attitudes and Productivity

Guzman et al. [25] argued that software development is typically highly collaborative and
that attitudes toward collaboration affect productivity, code quality, creativity, and job satisfaction.
Supporting this claim, Ferreira et al. [11] analyzed conversations in the Linux community during a
period when Linus Torvalds, the main developer of the Linux kernel known for his often negative tone,
was on holiday. Their findings suggested that negative attitudes can detrimentally affect productivity.
This indicates that the attitudes of developers who are heavily involved in OSS development can
influence the overall productivity of OSS projects. Asri et al. [26] discovered that PRs take longer
on average to close when a participant expresses a negative opinion during a review process. This
indicates that, in OSS collaborations where unanimity or a majority is required for PR approval,
additional time may be required to address or counteract negative opinions, potentially reducing
productivity.

Previous studies on software bugs, which are indirectly related to productivity, demonstrated
that bug fixes require less time when surrounded by positive sentiments. Furthermore, they showed
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that greater happiness-related sentiments in the developmental process correlate with higher quality
and fewer bugs and vice versa [9,10]. This shows that a more positive participant attitude affects
not only productivity but also the quality of the software and that reducing bugs can ultimately lead
to an indirect increase in productivity by saving resources for bug fixes. Additionally, studies have
indicated that code with bugs tend to attract more negative than neutral comments, on average [27].
This indicates that officials with negative attitudes may be more prone to introducing bugs, which may
indirectly affect software productivity. Regarding community and collaboration, studies have shown
that positive sentiments enhance willingness to collaborate and strengthen community cohesion [28],
whereas rude responses create social barriers for new OSS contributors [29].

By contrast, some studies have suggested that teams exhibit varying attitudes when performing
different tasks. These studies observed that sentimental attitudes are strongly linked to bug fixing
but not necessarily to overall performance [30], indicating that the relationship between sentimental
attitudes and productivity in software development remains unclear [31]. A study employing cluster
analysis to categorize developers [32] concluded that different clusters are influenced by distinct
factors that affect productivity. Another study [33] revealed that developers did not rank attitudes
and sentiments among the top factors associated with productivity, in contrast to general knowledge
workers who placed a higher emphasis on sentiment-related factors. In a study involving university
students engaged in pair programming [34], it was concluded that attitude-related factors did not
correlate with performance-related metrics, such as assignment and test scores or implementation
time.

3. Research Methodology

Participants in OSS activities exhibit significant diversity in terms of residence, affiliation, and
other factors, making Internet-based collaboration essential for such diverse groups. Consequently, the
use of publicly available online repositories is crucial. Among various services such as GitHub, GitLab,
and BitBucket, GitHub is recognized as the largest and most active repository service globally [35].

GitHub offers extensive information through its application programming interface (API),
enabling the collection of a vast amount of data on PRs. The objective of data collection is to import
the PR information gathered via the APl into a database and subsequently transform it into a format
suitable for statistical analysis using a structured query language. The methodology used in this study
is illustrated in Figure 3.

1. Selection of
Target
Repositories

3. Collection of
PR Detailed
Information

5. Sentiment
Analysis
Execution

7. Conducting
Statistical
Analysis

4. Database
Loading

2. Collection of

PR Number List Processing

‘ 6. Data ’

Figure 3. Research procedure.

The indicators to be analyzed are as follows:

e  The Number of PRs merged out of all the PRs created by an individual;

®  The total LoCs created by an individual, counting only those from merged PRs;

¢ LoCs per 1 merged PR (LoCs/PR);

¢  The number of comments made by individuals regarding PR. To gauge the community’s activity
level, we collected data on the number of comments for the PRs of all statuses, not limited to
those that were merged.

3.1. Selection of Target Repositories

While there are numerous repositories on GitHub, a significant number of them are inactive
[36]. To identify repositories with a substantial number of contributors and to minimize the inclusion
of inactive projects for more meaningful results, we utilized the GitHub API to query and compile
a list of the top 100 repositories based on their stars and fork counts. A star serves as an indicator
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of interest [37] or satisfaction with a project [38], whereas a fork can be interpreted as a proactive
intention to contribute to OSS within the fork-and-pull model [39]. From this list, we selected the top
10 repositories from both the star and fork categories. The selection was guided by the following rules:

¢ Exclude things that are not apparently software projects;

¢ (lassify repositories that rank high in both stars and forks counts as high-ranking. For instance,
if “react” is ranked 10" in star and 22" in fork, it is categorized as star;

*  Exclude repositories that are marked as “archived;”

e  Exclude repositories that did not adhere to the fork-and-pull model [12].

Based on the above rules, 10 projects of each star/fork were selected, as shown in Table 1.

Table 1. List of Top 10 star and fork repositories.

Star Top 10 Fork Top 10

Repository Name Data Collection Date Repository Name Data Collection Date
react 2023-11-05 tensorflow 2023-10-31
ohmyzsh 2023-11-05 bootstrap 2023-10-25
flutter 2023-11-04 opencv 2023-10-30
vscode 2023-11-08 kubernetes 2023-10-29
AutoGPT 2023-11-02 bitcoin 2023-10-24
transformers 2023-11-07 threejs 2023-11-01
next.js 2023-11-04 qmk_firmware 2023-10-30
react-native 2023-11-06 material-ui 2023-10-29
electron 2023-11-02 django 2023-10-27
stable-diffusion-webui 2023-11-07 cpython 2023-10-26

3.2. Collection of PR Number List

We collected a list of PR numbers using the GitHub API. The following command demonstrates
how to call the GitHub API directly with “gh” to gather the PR number list of the repository.

The command in Listing 1 is executed to collect the number list and save it in the “pr-num-list.txt”
file, as illustrated in Listing 2.

Listing 1: Collecting PR number list using “gh” command.

gh pr list ——state all ——json number ——jq ’.[].number’ ——limit
999999999 > pr-num-list . txt

Listing 2: Example of collected PR number list.

$ cat prnum-list.txt | head —n 10
197657
197653
197652
197651
197649
197645
197644
197641
197640
197633
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3.3. Collection of PR Detailed Information
Detailed information based on the PR numbers is acquired from Listings 1 and 2.

Listing 3: Collecting detailed information based on PR number list.
#!/bin/bash

while read p; do
gh pr view $p ——json additions,b assignees ,b author, autoMergeRequest,
baseRefName ,body, changedFiles , closed , closedAt ,comments, commits,
createdAt, deletions , files ,headRefName, headRefOid, headRepository
headRepositoryOwner,id ,isCrossRepository , isDraft ,6 labels,
latestReviews ,maintainerCanModify , mergeCommit, mergeStateStatus
mergeable, mergedAt, mergedBy, milestone ,number,
potentialMergeCommit, projectCards , projectltems ,reactionGroups,
reviewDecision , reviewRequests, reviews, state ,statusCheckRollup,
title ,updatedAt, url > $p. json;
sleep 0.8s;
done <pr-num-list.txt

Using the commands in the Listing 3 processes, the PR number list is sequentially collected from
Listing 2 from the beginning. This involves gathering detailed information for each PR number and
outputting it as a JSON file, similar to that shown in Listing 4.

Listing 4: Subset of detailed information collected by Listing 3.

"additions": 1,
"assignees": [],
"author": {
"is_bot": true,
"login": "app/"
b
"autoMergeRequest": null,
"baseRefName": "master",
"body": "TESTTTT",
"changedFiles": 1,
"closed": true,
"closedAt": "2019-03-15T21:49:12Z72",
"comments": [],
"commits": [
{
"authoredDate": "2019-03-15T21:48:32Z",
"authors": |
{
"email ": "48438775+peterl11232@users.noreply. github.com",
"id": """,
"login": "",
"name": "peter11232"

1,
"committedDate": "2019-03-15T21:48:32Z2",
"messageBody": "TESTTTT",
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"messageHeadline": "Create Peter",
"oid": "38e2ca9269fd897e987343f6ed452c5cb621c08d"

1,

"createdAt": "2019-03-15T21:48:54Z",
"deletions": 0,

"files ": [

{
"path": "Peter",
"additions": 1,
"deletions": 0

1,

"headRefName": "patch-1",

"headRefOid ": "38e2ca9269f{d897e987343f6ed452c5cb621c08d",

"headRepository": null,

"headRepositoryOwner": {
"login": ""

I

"id": "MDExOIB1bGXSZXF1ZXNOMjYXNzA4ODIw " ,

"isCrossRepository ": true,

"isDraft": false,

"labels": [],

"latestReviews": [],

"maintainerCanModify ": false,

"mergeCommit": null,

"mergeStateStatus": "DIRTY",

"mergeable": "CONFLICTING",

"mergedAt": null,

"mergedBy": null,

"milestone": null,

"number": 70593,

"potentialMergeCommit": null,

"projectCards": [],

"projectltems": [],
"reactionGroups": [],
"reviewDecision": "",
"reviewRequests": [],
"reviews": [],

"state": "CLOSED",

"statusCheckRollup ": [],

"title": "Create Peter",

"updatedAt": "2020-03-27T02:14:21Z2",

"url": "https://github.com/microsoft/vscode/pull /70593"

doi:10.20944/preprints202402.0435.v1
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3.4. Database Loading

Following the analysis of the collected PR detail files, they were loaded into a database to
process the research data. The analysis software was developed in Kotlin [40]. Given the numerous
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one-to-many relationships between PRs, comments, commits, and authors, these entities were
separated into distinct tables with data interconnected using keys.

3.5. Sentiment Analysis Execution

We extracted comment data from the database and used sentiment analysis software to score the
sentiment state of the comments. SentiStrength-SE [41] was used as the sentiment analysis software.
This software builds on state-of-the-art SentiStrength [42]. It enhances accuracy by incorporating data
specific to the software engineering domain and achieves rapid analysis through dictionary-based
operations. SentiStrength is primarily used to analyze general SNS, and SentiStrength-SE is used in
the software domain [43].

The sentiment score, the output value of SentiStrength-SE, ranges from -4 to 4. In this study, the
sentiment scores of all the comments were averaged and classified into three groups based on the
average number: positive if the average number was greater than 0, neutral if it was 0, and negative if
it was less than 0.

3.6. Data Processing

The data were processed to perform a statistical analysis on the collected data until the sentiment
state score was obtained.

First, the average number of comments and sentiment scores for each individual were collected
from a comment-related table. Second, the numbers of PRs, total LoCs, and LoCs per PR were collected
from the PR-related table. At this time, only merged PRs were targeted because they were finally
reflected in the results. Third, the two datasets were merged based on individual identifiers. During
this process, we deleted data that included only PRs without comments or only comments without
PRs. Fourth, the data of the number of PRs, total LoCs, LoCs per PR, average comment sentiment
score, and the number of comments were obtained for each individual.

3.7. Conducting Statistical Analysis

Statistical analyses were preformed based on the data generated in the above steps. As most of
the data were not normally distributed, a nonparametric statistical analysis was applied. We divided
sentiments into three groups: positive, neutral, and negative, and performed the following statistical
analyses on the number of PRs, total LoCs, LoCs per PR, and the number of comments for each
group. Two correlation methods were used to examine the tendency of correlation analysis under
nonparametric statistical methods.

e  Kruskal-Wallis H test [44] (comparison among three groups)
¢ Mann-Whitney U test [45] (1:1 comparison between each group)
*  Spearman [46] and Kendall’s Tau [47] correlations

The correlation analyses were performed for PRs and LoCs, PRs and PR comments, and LoCs and
PR comments. Python 3.11 [48] was used for coding. For the numerical analysis, pandas 2.1.1 [49] was
used to derive the median and mean values, and SciPy 1.11.3 [50] was used for the statistical analysis.

4. Results

The results of all 20 projects combined and the median and mean values of each indicator for each
of the 10 star/fork projects are presented in Tables 2, 3, and 4.
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Table 2. Median and mean values for each sentiment group across all 20 repositories.

Category Sample Size Median Mean
total 24607 - -

No. of PRs 2.0 17.37
Positive  Total LoCs 12262 86.0 9865.64
LoCs/PR 39.12 332.31

Comments 6.0 91.65

No. of PRs 1.0 3.22

Neutral  Total LoCs 7647 17.0 620.69
LoCs/PR 12.0 135.34

Comments 2.0 6.45

No. of PRs 2.0 10.04
Negative  Total LoCs 4698 51.0 7661.10
LoCs/PR 28.0 262.59

Comments 5.0 46.23

Table 3. Median and mean values for each sentiment group in the top 10 star repositories.

Category Sample Size Median Mean
total 8321 - -
No. of PRs 1.0 16.65
Positive  Total LoCs 4232 62.5 5832.69
LoCs/PR 34.4 201.42
Comments 4.0 55.96
No. of PRs 1.0 5.14
Neutral  Total LoCs 2632 17.0 336.69
LoCs/PR 13.0 81.47
Comments 1.0 8.13
No. of PRs 1.0 11.85
Negative  Total LoCs 1457 42.0 3372.37
LoCs/PR 25.0 151.09
Comments 4.0 30.18

Table 4. Median and mean values for each sentiment group in the top 10 fork repositories.

Category Sample Size Median Mean
total 16286 - -
No. of PRs 2.0 17.75
Positive  Total LoCs 8030 104.0 11991.10
LoCs/PR 43.05 401.29
Comments 7.0 110.47
No. of PRs 1.0 2.21
Neutral  Total LoCs 5015 17.0 769.74
LoCs/PR 12.0 163.62
Comments 2.0 5.58
No. of PRs 2.0 9.22
Negative Total LoCs 3241 58.0 9589.11
LoCs/PR 29.0 312.71
Comments 6.0 53.45

Overall, in both star and fork top 10 repositories, the positive group outperformed the other
groups on all metrics. Across all 20 cases, the median number of PRs in the positive group was 2.0 and
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the mean was 17.37, indicating that they were the most active of the three groups. The median total
LoCs was 86.0 and the mean was 9865.64, indicating a relatively high number of code contributions.
The median LoCs/PR was 39.12 and the mean was 332.31, indicating that individual PRs contributed
significantly to the code. The median number of comments was 6.0 and the mean was 91.65, indicating
that the positive group participated in the community relatively frequently. For the neutral group, the
median number of PRs was 1.0 and the mean was 3.22, indicating the least activity among the three
groups. The median total LoCs was 17.0 and the mean was 620.69, indicating that they contributed
the least amount of codes. The median LoCs/PR was 12.0 and the mean was 135.34, indicating that
individual PRs contributed less code than the positive and negative groups. The median number of
comments was 2.0 and the mean was 6.45, indicating relatively low engagement. For the negative
group, the median number of PRs was 2.0 and the mean was 10.04, which was higher than that of the
neutral group but lower than that of the positive group. The median total LoCs was 51.0 and the mean
was 7661.10, indicating relatively high code contributions. The median LoCs/PR was 28.0 and the
mean was 262.59, indicating that individual PRs contributed more code than the neutral group, but
less than the positive group. The median number of comments was 5.0 and the mean was 46.23, which
was also higher than that of the neutral group, but lower than that of the positive group.

For the top 10 star repositories, the positive group had the same median number of PRs as the
overall group but a slightly lower average (median 1.0, average 16.65). The median (62.5) and mean
(5832.69) of the total LoCs were also lower than the overall LoCs for the 20 repositories, and the median
(34.4) and mean (201.42) of the LoCs/PR were also lower. This suggests that the number of individual
PRs in the positive group in the star top 10 repositories was relatively small compared with the total of
the 20 repositories. The median (4.0) and mean (55.96) comments were lower than the total number of
comments. The neutral group also had lower mean and median values for all the metrics compared
with the entire repository. The same was observed for the negative group.

For the top 10 fork repositories, the positive group showed a relatively high level of activity. The
median number of PRs was 2.0, and the mean was 17.75, similar to all the repositories; however, the
median total LoCs was 104.0 with a mean of 11991.10, indicating higher code contributions compared
to those of the entire repository. The median LoCs/PR was 43.05 and the mean was 401.29, indicating a
higher code contribution per individual PR compared with the entire repository. The median number
of comments was 7.0 and the mean was 110.47, indicating high engagement compared with the entire
repository. For the neutral group, the median number of PRs was 1.0 and the mean was 2.21, indicating
a lower level of activity among the three groups. The median total LoCs was 17.0, with a the mean of
769.74, indicating that code contributions were relatively low among the three groups. The median
LoCs/PR was 12.0 and the mean was 163.62, indicating low code contributions per individual PR. The
median number of comments was 2.0 and the mean was 5.58, indicating relatively low engagement.
The negative group had a median number of PRs of 2.0 and a mean of 9.22. The median total LoCs
was 58.0 and the mean was 9589.11, indicating higher code contributions than the neutral group, but
lower than the positive group. The LoCs/PR has a median of 29.0 and a mean of 312.71, which follows
the same pattern as the total LoCs. The median number of comments was 6.0 and the mean was 53.45,
indicating higher engagement than the neutral group but lower engagement than the positive group.

The ranking order by sentiment group was consistently positive, negative, and neutral in all cases.

In terms of median values, the top 10 fork repositories demonstrated superiority over the top
10 star repositories in all the metrics, except for the number of PRs, LoCs/PR, and total LoCs in the
neutral group. On average, the top 10 fork repositories ranked higher across most metrics, with the
exception of the number of PRs and comments in the neutral group and the number of PRs in the
negative group. Notably, in the positive group, the difference was almost twofold in all the metrics
except the number of PRs. In the neutral group, the total LoCs and LoCs/PR showed a difference of
more than three-fold, similar to the total LoCs in the negative group.

To confirm the aforementioned results, both the Kruskal-Wallis H test and Mann-Whitney U
test were conducted. In the Mann-Whitney U test, the p-value was set to 0.017 (derived by dividing
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the standard 0.05 by 3, the number of comparison groups, approximating 0.016), in line with the
Bonferroni correction [51,52].

Table 5. Test results for all 20 repositories.

Category  Kruskal-Wallis H Test Mann-Whitney U Test
Positive-Neutral Neutral-Negative Positive-Negative
Statistic p-value Statistic p-value Statistic p-value Statistic p-value

No. of PRs  1586.55 <0.001 60981076.0  <0.001  13562406.0 <0.001  26904913.0 <0.001
Total LoCs  1790.90 <0.001 63403497.0 <0.001  13324718.0 <0.001 25763927.5 <0.001
LoCs/PR  1172.00 <0.001 60285774.5  <0.001  14415289.5 <0.001 26014063.0  <0.001
Comments 3971.18 <0.001 70109454.5  <0.001 9059851.5 <0.001 27658384.5  <0.001

Table 6. Test results for top 10 star repositories.

Category  Kruskal-Wallis H Test Mann-Whitney U Test
Positive-Neutral Neutral-Negative Positive-Negative
Statistic p-value Statistic =~ p-value  Statistic = p-value  Statistic = p-value
No. of PRs  394.82 <0.001 6973654.0 <0.001  1548296.5 <0.001 28947480  <0.01
Total LoCs ~ 460.53 <0.001 7270662.5 <0.001  1501109.0 <0.001  2789273.5  <0.001

LoCs/PR 304.90 <0.001 6954815.0 <0.001  1596388.0 <0.001  2811140.5 <0.001
Comments  1300.30 <0.001 8260316.5  <0.001 995769.0 <0.001 29699785 0.035*

* Not significant because it was less than the usual p-value criterion of 0.05 but more than the criterion based on the
Bonferroni correction.

Table 7. Test results for top 10 fork repositories.

Category  Kruskal-Wallis H Test Mann-Whitney U Test
Positive-Neutral Neutral-Negative Positive-Negative
Statistic p-value Statistic p-value  Statistic ~ p-value Statistic p-value

No. of PRs  1211.81 <0.001 26721644.0 <0.001  5952711.0 <0.001  12032923.5 <0.001
Total LoCs  1345.71 <0.001 27723557.0  <0.001  5891048.0 <0.001 11501190.5 <0.001
LoCs/PR 873.12 <0.001 26267469.5 <0.001  6420072.5 <0.001 11654302.5 <0.001
Comments 2713.92 <0.001 30344676.5 <0.001  4051938.5 <0.001 12328809.5 <0.001

The Kruskal-Wallis H test was conducted to examine the differences among the three groups
(positive, neutral, and negative) for each metric across all 20 repositories. The test yielded a p-value
of <0.001 for all metrics, indicating a statistically significant difference among the three groups for
all the characteristics. The Mann-Whitney U test was employed to validate the differences between
each pair of groups further, revealing a p-value of <0.001 for all the comparisons. This indicates
that there was a statistically significant difference between the two groups in all the cases. For the
top 10 fork repositories, the results were similar to those of the overall analyses. However, for the
top 10 star repositories, the Mann-Whitney U test comparing the positive and negative groups for
the comment count indicator yielded a p-value of 0.035. Although this result is typically deemed
statistically significant, it was not considered in this context because it exceeded the p-value threshold
of 0.017 set by the Bonferroni correction method.

The correlation between each indicator was analyzed using two methods to ensure accuracy:
Spearman correlation and Kendall’s tau correlation. However, because of the strong correlation
between the total LoCs and LoCs/PR, this relationship was excluded from the analysis, focusing
instead on comparisons involving the total LoCs when relevant.
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Table 8. Correlation analysis results for all 20 repositories.

Spearman Kendall’s Tau
Category
Correlation Coefficient p-value Correlation Coefficient p-value
No. of PRs vs. 0.6944 <0.001 0.5549 <0.001
. Total LoCs
Positive
No. of PRs vs. 0.6793 <0.001 0.5541 <0.001
Comments
Total LoCs vs. 0.6025 <0.001 0.4465 <0.001
Comments
No. of PRs vs. 0.4585 <0.001 0.3722 <0.001
Total LoCs
Neutral
No. of PRs vs. 0.3626 <0.001 0.3156 <0.001
Comments
Total LoCs vs. 0.3427 <0.001 0.2614 <0.001
Comments
No. of PRs vs. 0.6471 <0.001 0.5157 <0.001
. Total LoCs
Negative
No. of PRs vs. 0.5908 <0.001 0.4779 <0.001
Comments
Total LoCs vs. 0.5294 <0.001 0.3875 <0.001
Comments

Table 9. Correlation analysis results for top 10 star repositories.

Spearman Kendall’s Tau
Category
Correlation Coefficient ~p-value Correlation Coefficient p-value
No. of PRs vs. 0.6610 <0.001 0.5335 <0.001
. Total LoCs
Positive
No. of PRs vs. 0.6076 <0.001 0.4992 <0.001
Comments
Total LoCs vs. 0.5687 <0.001 0.4247 <0.001
Comments
No. of PRs vs. 0.4259 <0.001 0.3458 <0.001
Total LoCs
Neutral
No. of PRs vs. 03176 <0.001 0.2808 <0.001
Comments
Total LoCs vs. 0.3066 <0.001 0.2360 <0.001
Comments
No. of PRs vs. 0.6187 <0.001 0.4999 <0.001
. Total LoCs
Negative
No. of PRs vs. 0.5344 <0.001 0.4388 <0.001
Comments
Total LoCs vs. 0.5190 <0.001 0.3841 <0.001

Comments
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Table 10. Correlation analysis results for top 10 fork repositories.

Spearman Kendall’s Tau
Category
Correlation Coefficient p-value Correlation Coefficient p-value
No. of PRs vs. 0.7077 <0.001 0.5623 <0.001
. Total LoCs
Positive
No. of PRs vs. 0.7113 <0.001 0.5799 <0.001
Comments
Total LoCs vs. 0.6159 <0.001 0.4550 <0.001
Comments
No. of PRs vs. 0.4740 <0.001 0.3847 <0.001
Total LoCs
Neutral
No. of PRs vs. 0.3840 <0.001 0.3319 <0.001
Comments
Total LoCs vs. 0.3617 <0.001 0.2752 <0.001
Comments
No. of PRs vs. 0.6552 <0.001 0.5192 <0.001
. Total LoCs
Negative
No. of PRs vs. 0.6097 <0.001 0.4912 <0.001
Comments
Total LoCs vs. 0.5292 <0.001 0.3864 <0.001
Comments

In all the cases, the positive groups were moderately or strongly correlated [53]. Similar to the
behavior of the median and mean values, the correlation coefficients were in the order: positive >
negative > neutral. Both the positive and negative groups exhibited at least a moderate correlation
according to Spearman’s correlation and a minimum correlation coefficient of 0.38 according to
Kendall’s tau correlation. However, the correlation coefficients for the neutral group varied from 0.4 to
0.3, decreasing to a low value of 0.23 as per Kendall’s tau correlation.

5. Discussion

In both the 20 repositories and the top 10 star/fork repositories, the positive group exhibited
higher values across all the metrics than the other groups, indicating that they were more productive
and actively engaged in the community. For all 20 repositories, the positive group was dominant
across all the metrics. The neutral group had the lowest values for all the metrics, whereas the negative
group was in the middle. The behavior of the top 10 star and top 10 fork repositories across most
metrics was similar to that of the entire 20 repositories. The statistical tests showed that the number
of PRs, total LoCs, LoCs/PR, and comments were all statistically significantly different between the
sentiment groups in the entire 20 repositories and the star/fork top 10 repositories. The correlation
analysis showed positive correlations in all the cases. This suggests that these metrics are interrelated.
The results were consistently positive, negative, and neutral, which indicates that those who projected
some form of sentiment onto the project, whether positive or negative, contributed more than those
who did not.

Based on the above results, a positive attitude can play an important role in collaboration and
participation in OSS projects. These results also indicate that it is important for organizations to create
a positive environment for developers working on OSS projects.

The existing literature predominantly focuses on indirect methods, including the sentiment
analysis of email threads [11], examining the relationship between a PR’s sentimental state and its
approval time and status [26], and the correlation between sentiments and the time and frequency
of bug fixes [9,10]. This is because software development is difficult to quantify because it relies on
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human intellectual activity, and not all indicators, such as sentiment score and production volume,
are easy to analyze statistically. However, this study demonstrates that nonparametric statistics based
on direct indicators, such as appraisal score and LoCs, can effectively illustrate the superiority and
correlations between groups through direct methods by establishing comparison groups. This provides
insight into how similar methods can be applied in future studies.

Furthermore, actively engaging in OSS activities can eventually lead to open innovation [4],
which can also be beneficial in terms of sustainability [6,7]. Appropriate open-source technologies
based on OSS can make a significant contribution to global sustainability, not just at the level of a
single organization [54]. According to a UNDP report [55], OSS has the potential to lower barriers
to ICT adoption in developing countries worldwide, ultimately contributing to sustainable human
development.

Rethinking the productivity and community-enabling aspects of OSS projects can be beneficial
from a global perspective, as well as fostering open innovation and sustainability that enterprises seek.

6. Conclusion

In this study, we demonstrated that it is possible to use direct indicators by analyzing direct
productivity indicators (LoCs) and sentiment scores through nonparametric statistical techniques to
overcome uncertainties in productivity measurement methods using existing indirect indicators and
other uncertainties. In addition, companies can contribute to sustainability at the national and global
levels by promoting OSS activities, not only for open innovation, but also for sustainability at the
company level.

There are several repositories in GitHub; however, owing to physical limitations, it is not possible
to conduct the above analysis for all repositories. It is also challenging to provide an evident explanation
of the consistently low performance of the neutral group across all metrics. It is speculated that most
contributors make one-off contributions rather than consistent contributions; hence, they do not have
to show much sentiment and, therefore, are not particularly productive or engaged in the community;
however, this needs to be studied more closely. Quantifying human sentiment inevitably introduces
distortion.

It would be interesting to collect data on the duration of each individual’s activity and use them
to determine whether the neutral group is indeed significantly shorter (i.e., only making one-time
contributions). As an individual may contribute to multiple projects, it may be worthwhile to study
whether the sentiment expressed by this individual varies from project to project, and if so, whether
the individual’s productivity varies between projects, or whether the individual consistently expresses
the same sentiment across all projects.
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