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Abstract
The growing complexity of modern software sys-
tems, driven by larger codebases and evolving tech-
nologies, has amplified the need for effective col-
laboration in developer teams. Specifically, in
open-source software (OSS) projects, where con-
tributors often vary in background and engagement
in the process, this complexity may introduce fur-
ther collaborative challenges. As projects scale, co-
ordination becomes increasingly difficult to main-
tain, highlighting the importance of understanding
the socio-technical dynamics of effective develop-
ment. While prior research emphasizes the role of
collaboration, its influence on software delivery re-
mains underexplored. In order to address the gap,
this study examines how team characteristics, such
as size and expertise, and communication practices,
like interactions on issues and pull requests, re-
late to delivery efficiency in OSS projects. Based
on an empirical analysis of 887 GitHub reposito-
ries, we found that team size and project exper-
tise exhibit the strongest relationships with deliv-
ery size and frequency. Core contributor activity
also shows positive but diminishing effects over
time, while communication practices demonstrate
no noticeable associations with release efficiency.
These findings suggest that optimizing delivery in
OSS projects may benefit from considering adap-
tive team structures and aligning CI/CD practices
with the project stage and the evolving dynamics of
the developer team.
Keywords: open-source software, team structure,
collaboration, communication, delivery efficiency

1 Introduction
Modern-day software systems are becoming increasingly
complex, driven by the rapid technological advances and con-
tinuous exploration of automation. In an empirical study
from 2017, Hatton et al. showed that software systems ap-
proximately double in size every 42 months, highlighting the
scale of this growth [27]. Meanwhile, the number of new
projects has also surged, with GitHub reporting over 100 mil-
lion repositories being created in 2024 alone, a 25% year-
over-year increase [23]. This expansion, along with the itera-
tive nature of present software development, has intensified
the demand for effective coordination and communication.
In the past, this need has led to the research and adoption
of practices and tools for automating software processes [5;
38], and still continues to be a topic of interest [51; 55].

The necessity for effective collaboration is even more pro-
nounced in open-source software (OSS) projects. They might
include contributors with varying levels of expertise, famil-
iarity, or engagement in the project, which has resulted in the
establishment of different modes of communication [48]. The
decentralized and distributed nature of OSS environments
means that team structure is also an influential factor for effi-
ciency and project outcome [31; 35].

The complex relationship between team composition and
developer productivity has been extensively researched in the
past. Brooks famously argued that adding programmers to a
late project will only worsen the delays [7], while Putnam’s
software equation suggested that productivity peaks at an op-
timal team size [41]. Later studies confirmed a non-linear
relationship, indicating diminishing returns beyond a certain
number of contributors [4; 32]. More recent research, how-
ever, shows that a larger number of developers can improve
pull request merges, but primarily for PRs created by core,
experienced contributors [51]. The results from investigat-
ing the impact of developer experience itself remain mixed:
while Gill and Kemerer reported a positive correlation with
productivity [21], Tubı́o et al. argued that academic back-
ground improves efficiency, but industry experience seems to
have no effect [17].

Beyond team structure, communication practices have
also been researched and linked to efficiency. In a study
from 2021, Forsgren analyzed developer activity during the
COVID-19 pandemic and observed that in these times, when
teams shifted to more asynchronous communication, indica-
tors such as the volume of PRs, comments on PRs, reviews,
and the depth of issue discussions consistently increased to-
gether [19]. This suggests that active engagement in PRs and
issues might have a positive impact on developer productivity.

Despite these contributions, there is a lack of empirical
studies which have systematically connected collaboration
modes to concrete measures of delivery efficiency in OSS
projects. In OSS development, contributors increasingly rely
on efficient CI/CD pipelines to automate processes, making
delivery efficiency critical for sustaining contributor engage-
ment, maintaining code quality, and ensuring the timely re-
lease of new features and fixes [29]. Understanding how col-
laboration modes influence delivery efficiency can provide
actionable insights for developers – such as strategies to im-
prove productivity, reduce delays, and accelerate delivery cy-
cles – and also offer researchers directions for future research.
This study aims to address the present knowledge gap by pos-
ing the following research question:

How do collaboration modes affect software delivery
efficiency in open-source projects?

Specifically, we examine several structural characteristics
of team composition and communication throughout project
development, which allow us to holistically describe collabo-
ration modes. To have more granular analysis of the research
question, we break it down to the following sub-questions:

RQ1: How do team size and expertise influence deliv-
ery frequency and size?

RQ2: Does the fraction of core developer contribution
impact delivery frequency and size?

RQ3: Is change lead time affected by the amount and
depth of developer communication activities on
issues and pull requests?

Our analysis is based on a curated dataset of 887 ac-
tive GitHub repositories, from which we extract team-related
(size, expertise, core contribution) and communication-



related (issue and pull request interactions) metrics over
three-month non-overlapping time windows. To measure de-
livery efficiency, we introduce three proxy metrics: delivery
frequency, delivery size, and change lead time. We then apply
correlation and regression analyses to examine the strength of
the relationships and investigate how changes in the defined
independent variables affect the dependent variables.

The results show that team size has the strongest impact
on delivery frequency and size, increasing up to about seven
developers before leveling off. Developer expertise and core
contribution also relate to more frequent releases, with the
relationships being nonlinear and time-dependent. In con-
trast, communication patterns show no pronounced associa-
tions with change lead time, suggesting that static measures
may not fully capture the dynamic effects of coordination.

The rest of this thesis is organized as follows. Firstly, Sec-
tion 2 reviews related literature and the current state of re-
search. The subsequent Section 3 defines the studied vari-
ables and outlines the data selection, collection, and analysis
procedures. The results of the analysis are presented in Sec-
tion 4 and then discussed in Section 5, including potential di-
rections for future work. Responsible research practices are
detailed in Section 6, and Section 7 concludes the study with
a summary of the research questions and key findings.

2 Related Work
The relationship between collaboration modes among soft-
ware development teams and work efficiency has long been
a subject of empirical investigation. Foundational studies es-
tablished core theories on team dynamics, which more recent
research has built upon to provide deeper insights.

In one of the first works that acknowledged the non-
trivial relationship between team composition and developer
productivity, Brooks claimed that adding programmers to a
project running late will only exacerbate the delay [7]. This
effect, known in software engineering as Brooks’ law, is stud-
ied in social psychology as Ringelmann effect and describes
how individual productivity drops when group size increases
due to coordination and motivation loss [43; 46].

Following Brooks’ findings and the increase in software
complexity, the question of the optimal team size continued
to be a topic of research, with one of the first quantitative
answers given by Putnam in 1978 [41]. In his paper, he de-
rived the software equation, which models the project size
as a function of team productivity, effort, and available time.
Using this equation, an optimal team size can be obtained –
one that maximizes productivity in the given time frame with-
out compromising the project’s outcome. Further results on
the topic were subsequently presented in the related works of
Kandel and Lazear, and Backes-Gellner et al., who analyzed
startups and showed a non-linear parabolic relationship be-
tween team size and productivity [4; 32]. They focused on
behavioral dynamics, such as peer pressure and free-riding,
and concluded that there is an optimal team size at which de-
velopers can reach maximum efficiency. Empirical analyses
of more than 8000 projects by Heričko et al., and Rodrı́guez et
al. concluded that, accounting for the size of the project, this
optimal team size is usually between 7 and 10 developers [28;

45]. More recent research, however, presents contrasting evi-
dence of an additive relationship between the number of con-
tributors and productivity [47]. For instance, Vasilescu et
al. demonstrate that adding developers to a project leads to
a higher number of pull requests being merged, particularly
when the pull requests originate from core contributors [51].

Another aspect whose influence on productivity has been
investigated is the developer experience. Nevertheless, ex-
isting literature does not provide a consistent conclusion on
the topic. For example, Gill and Kemerer hypothesize a posi-
tive correlation between developer experience and productiv-
ity [21]. In contrast, a more recent study by Tubı́o et al. sug-
gests that while academic experience tends to enhance code
quality and developer productivity, industry experience ap-
pears to have no significant effect [17]. When examining ex-
pertise in the particular project, Espinosa et al. found that task
familiarity is beneficial for team productivity in distributed
environments, but mainly for less complex tasks [18].

Apart from team composition, communication practices
among developers have also been linked to efficiency. Fors-
gren studied the impact on productivity in OSS environments
of the restrictions imposed by the World Health Organization
(WHO) during the COVID-19 pandemic [19]. She found that
developer productivity, assessed through the number of pull
requests, PR comments, PR reviews, and issue comments per
user, increased in 2020 compared to 2019, a period during
which asynchronous communication intensified. These find-
ings suggest that active engagement in PR and issue discus-
sions can be positively associated with efficiency.

3 Methodology
To understand the impact of collaboration modes on software
delivery efficiency, we first defined measurable, representa-
tive indicators of both collaboration and release efficiency.
We selected a dataset of 887 active OSS projects hosted on
GitHub and collected raw information on the commits, is-
sues, pull requests, and releases. From this, we calculated the
collaboration and delivery metrics, computed over fixed time
windows to capture the temporal evolution of project dynam-
ics. Finally, we conducted a statistical analysis to assess the
potential relationships and trends. An overview of the whole
data processing pipeline is shown on Figure 1.

3.1 Metrics Definition
In order to study the potential relationships, we define two
groups of quantitative metrics. The first group characterizes
how contributors interact and coordinate within a project (col-
laboration metrics), while the second reflects the efficiency of
code delivery (delivery indicators).

In OSS development, collaboration is exhibited in both the
composition of the contributors team and the nature of their
interactions. Effective collaboration involves not only the
presence of active or experienced developers but also mean-
ingful communication through mechanisms such as issue dis-
cussions and code reviews. To that end, we define the follow-
ing collaboration metrics for both team structure and com-
munication activities, which together reflect how contributors
interact, coordinate, and share responsibilities.
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Figure 1: Overview of the data processing pipeline. The methodology involves four sequential phases: selection of suitable repositories,
extraction of relevant raw data, pre-processing to compute selected metrics, and analysis of the trends and relationships.

Team size Measured by the number of developers with at
least five commits in a time window. This threshold,
based on an analysis by Youssef and Capiluppi, en-
sures that active developers are considered while drive-
by users with negligible contributions are excluded [54].

Team expertise Defined as the average prior involvement of
team members in the project. For each member in the
current time window (i.e., having at least 5 commits,
as defined above), we compute the fraction of previous
windows in which they were also active. Team expertise
is the average of these fractions, reflecting the extent to
which the team comprises experienced, previously in-
volved contributors. This approach aligns with prior re-
search highlighting commit count as a key indicator of
project expertise [36; 39].

Core contribution Measured by the fraction of commits
produced by core contributors. As defined in the onion
model, core developers are the ones contributing most of
the code and overseeing the progress of a project [13;
37]. To identify them, we used the Commit-Based
Heuristic, a popular criterion among studies, grounded
in the observation that commit distributions typically ex-
hibit heavy tails [8; 10; 44]. Using this heuristic, core
developers in a project are the most active contributors
responsible for 80% of the commits.

Issue engagement Captured by the number and average
length of comments on issues closed within a time
window. This metric reflects the degree and depth of
asynchronous, often planning-related communication. It
aligns with previous studies that use the number of issue
comments and the length of issue discussions as indica-
tors of conversational depth [1; 3].

Pull request activity Measured by the average number of
reviews and comments per pull request in a time win-
dow. This metric reflects the level and thoroughness of
collaborative code review during development. It is con-
sistent with prior work that considers reviews and com-
ments as measures for PR merge success [42].

The delivery efficiency indicators we study are derived
from DORA’s Four Keys [16] for evaluating deployment ef-
ficiency but are adapted to the OSS context, where deploy-
ments often occur outside the public repositories and are
therefore not observable. Instead, we can look at software re-
leases, defined as deployable software iterations [22]. Hence,
the following indicators serve as practical proxies for the ef-
ficiency of code delivery, allowing for an estimation of the
pace and granularity of completed software iterations.
Delivery frequency Measured by the total number of re-

leases in a time window. Analogous to DORA’s deploy-
ment frequency metric, this measure indicates how often
complete software versions are released.

Change lead time Reflects the average time it takes for a
commit to appear in a release – i.e., the duration between
the commit creation and the first release that includes it.
This metric, equivalent to DORA’s change lead time, in-
dicates how quickly changes flow through the develop-
ment pipeline into a released version of the software.

Delivery size Defined as the number of changed lines of
code between two successive releases within a time win-
dow. This measure captures the volume of changes per
release and is a proxy for the amount of delivered code.

Together, these metrics provide a structured view of how
developers collaborate in OSS environments and how effi-
ciently they deliver software. By analyzing their interplay,
we aim to uncover patterns that link team characteristics and
communication patterns with software releases, and provide
insights into the factors that shape efficient code delivery.

3.2 Data Selection and Data Extraction
To analyze the considered metrics in real-world projects, we
curated a dataset of active popular open-source GitHub repos-
itories, applying inclusion criteria previously established as
filtering parameters in other studies. The repository selection
criteria were: (i) active maintenance with at least one year of
development history [26], (ii) a minimum of 20 releases to
ensure sufficient delivery data, (iii) sufficient amount of de-
velopment activity (at least 200 commits on the main branch



Table 1: Aggregate statistics of the selected repositories.

Metric Mean Median Min Max Total

Commits 679.43 628 210 1,713 602,658
Contributors 34.20 24 1 234 30,334
Pull Requests 268.26 184 1 1,381 237,951
Issues 584.76 465 3 4,465 518,686
Releases 62.47 47 20 520 55,413
Stars 4,369.75 2,657 1,005 44,639 N/A
Age (months) 37.58 34 12 189 N/A

Main Language: TypeScript (23.4%), Python (17.0%),
Go (10.4%), Rust (9.1%), JavaScript (5.6%), Others (34.5%)

Table 2: Attributes extracted for each repository.

Category Attributes

Commits id (SHA-1 value), author, timestamp

Pull Requests merge status, merge date, number of re-
views, number of comments

Issues comments, creation date, closing date

Releases associated tag name, timestamp

[2]), and (iv) substantial popularity with at least 1000 stars
[30]. Additionally, repositories that were forks, archived, or
mainly for documentation purposes were not included in the
dataset. In total, 887 repositories were selected, with various
aggregate statistics for the dataset provided in Table 1.

After the dataset of repositories was established, we used
the GitHub REST API to collect data about the commits, pull
requests, issues, and releases of each project. The extracted
metadata about collaboration and release activity of each ex-
amined repository is summarized in Table 2.

3.3 Pre-processing
Following the data extraction phase, we performed several
pre-processing steps to transform the raw data into measur-
able indicators of collaboration and delivery performance.

Time windows Firstly, the data was partitioned into non-
overlapping windows of three months so that the evolution
of collaboration practices and delivery efficiency over time
can be observed per project. The selection of a three-month
window is based on the research on the Rapid Release (RR)
methodology by da Silva et al. [9], and on a large-scale study
of over 178,000 PyPI packages, which reported a median re-
lease interval of 16.37 days [6]. The chosen window length
thus accommodates both frequent and infrequent release pat-
terns, allowing for sufficient data points per project.

Collaboration metrics For each time window, we went
through the set of commits to determine the team size, consid-
ering only contributors with at least five commits, as defined
in Section 3.1. Using this information across all windows,

we calculated the team expertise per window. Additionally,
based on the entire repository history, we identified the core
contributors, and computed the core contribution per window
as the fraction of commits made by these developers.

To quantify communication activities, we analyzed the pull
requests and issues within each time window. We only in-
cluded pull requests that were both merged and later part of
a release, using the merge date to assign them to windows.
Similarly, only closed issues were considered, with the clos-
ing date used for window assignment. For each time slice,
we computed the number of comments and code reviews on
pull requests. For issues, we calculated the number of com-
ments and their average length (in characters), covering all
forms of commentary, including inline comments and discus-
sion threads. Comments from both human users and auto-
mated bots were included, assuming that all commentaries
can influence release processes by providing input, such as
code checks, feedback, or suggestions.

Delivery efficiency metrics To compute the delivery effi-
ciency metrics, we analyzed the code releases, which were
assigned to a time window based on their publishing date.
Using this assignment, we first computed the total number of
releases per window, which represents delivery frequency.

To measure delivery size, we calculated the changed lines
of code (LOC) per release. For each release, we computed the
changed LOC between the tags pointing to this release and
the one before it. The number of changes for the first release
was defined as the changes since the first (initial) commit,
assuming that it contains template code and should not be
counted in the first release. Having the changes per release,
we then calculated the total number of changed LOC for each
window, which represents delivery size.

For measuring the average change lead time (CLT), we
computed, for each commit, the time elapsed between its
commit date and the date of the first release in which it was in-
cluded. These commit-level CLTs were first averaged per re-
lease and subsequently averaged across all releases in a win-
dow to obtain a representative CLT value for each time slice.

Data filtering To ensure robust analysis of communication
patterns, we excluded repositories that lacked the correspond-
ing mode of collaboration. For instance, when studying pull
request reviews, we removed projects that did not contain
any reviews across their entire history. The same approach
was applied for issue comments and pull request comments.
In total, one repository was excluded from the issue com-
ment analysis, 30 – from the PR comment analysis, and 91 –
from the PR review analysis. This filtering step helped avoid
skewed or misleading results from inactive or atypical repos-
itories and ensured that only projects providing empirical ev-
idence for the studied communication mode were included.

3.4 Data Analysis
After we transformed the raw repository data into numerical
collaborative and delivery measures for non-overlapping time
windows, we performed statistical analysis to study the po-
tential relationships between them. The analysis consists of
two stages — a correlation analysis to quantify the strength
and direction of the associations, and a regression analysis to



provide quantitative insights into how collaborative charac-
teristics affect delivery efficiency.

Correlation analysis The first step in our analysis was to
quantify the strength and direction of the relationships be-
tween the independent and dependent variables using corre-
lation analysis. Although correlation does not imply causa-
tion [12], this step allowed us to detect consistent patterns
of association that might indicate potential influence between
collaboration practices and delivery efficiency.

We employed Kendall’s rank correlation coefficient (also
called Kendall’s τ ), a non-parametric measure of ordinal as-
sociation that evaluates the degree of monotonic relationships
between two variables [33]. It was better suited for our data
than other correlation measures, like Pearson’s and Spear-
man’s, due to its robustness to non-normality, tied ranks, and
outliers [15; 34]. To interpret the strength of the correlations,
we followed Cohen’s criteria, which define correlations of
magnitudes from 0.1 to 0.3 as small, 0.3 to 0.5 – as medium,
and above 0.5 – as large [11; 20].

For each metric pair, we computed Kendall’s τ per project
over the time windows to assess the within-project variations
via aggregate statistics. Additionally, we calculated the col-
lective correlation for all repositories to capture the overall
trend. The correlations and summary statistics were com-
puted with Python’s SciPy, NumPy, and pandas libraries.

Regression analysis After examining the associations be-
tween collaboration and delivery using correlation analysis,
we proceeded with regression analysis, which enables pre-
dictive modeling and more nuanced quantification of the re-
lationships. In choosing a suitable statistical procedure, we
acknowledged the non-trivial dependencies in our dataset due
to the repeated measurements per project. Specifically, data
points may exhibit project-level dependencies (e.g., teams
with inherently higher release frequency), and the evolution
of projects over time may lead to temporal trends (e.g., in-
creased release activity in the early development stages).

To address these interdependencies and avoid assumptions
about the normality of variable distributions or the linearity
of potential relationships, we employed a Generalized Addi-
tive Mixed Model (GAMM), which combines the flexibility of
Generalized Additive Models (GAMs) with the hierarchical
modeling capabilities of Mixed-Effects Models. In particular,
GAMMs support various distributional assumptions, nonlin-
ear relationships (e.g., polynomials or splines), accommodate
heteroscedasticity [49; 53], and are preferred over other sta-
tistical methods, like the Anova family, for longitudinal data
with inherent dependencies [24; 25].

When defining the model, we differentiated between the
fixed and random effects that would influence the depen-
dent variables. Fixed effects capture the overall relationships
between the collaboration characteristics and delivery indi-
cators, assuming they hold consistently among all reposito-
ries. In contrast, random effects account for within-project
and temporal variability, explaining unobserved heterogene-
ity and potential autocorrelation across time [14; 50].

Following procedures from prior studies, we defined the
collaboration metrics and their interaction with time as fixed
effects [24; 40]. We also included two random effects – a

project-level intercept (to account for baseline differences be-
tween repositories) and a random slope for time (to model
within-project temporal dynamics). Non-linear relationships
were captured using smooth functions, and interactions be-
tween collaboration metrics and time were modeled as tensor
product terms. The complete model specification is presented
as a formula in R in Equation 1:

Y ∼ s(X) + s(time) + ti(X, time) +
(
1 + time | repo

)
(1)

Here, Y is the delivery indicator, X – the collaboration
measure, time – the index of the time window per project,
and repo represents the grouping of repositories. Addition-
ally, s(·) denotes a smooth function capturing non-linear ef-
fects, and ti(X, time) is a tensor product interaction term.
Upon examination of the dataset, we selected suitable distri-
bution families for the model – delivery frequency was mod-
eled with a quasi-Poisson distribution (due to overdispersion),
while delivery size and change lead time were modeled with
Gaussian distributions. All models were implemented in R
using the gamm() function from the mgcv package.

4 Results
This section presents the results of the quantitative analy-
sis, as outlined in Section 3.4. For each research question,
we first report the results of the Kendall correlation analysis,
which quantifies the association of collaboration with deliv-
ery efficiency both across and within projects. Subsequently,
we present the results from the generalized additive mixed
regression model, used to estimate the effect of collabora-
tion metrics on delivery outcomes over time, accounting for
project-level variability and temporal dependencies.

4.1 Team Size and Expertise (RQ1)
The first research question we address pertains to the effect of
team size and expertise on delivery frequency and size. For
each pair of a team metric and a delivery metric, descriptive
statistics of the correlation analysis, both at a project level and
collectively, are presented in Table 3.

From the collective results, it can be observed that team
size exhibits positive correlations with both delivery fre-
quency (τ = 0.385, p < 0.001) and size (τ = 0.386, p <
0.001), which are classified as medium by Cohen’s scale.
Looking at the project-level correlations, most repositories
show a pronounced positive association, with the median cor-
relations exceeding 0.43. Team experience shows weaker
but still noticeable correlations with delivery frequency (τ =
0.308, p < 0.001) and size (τ = 0.263, p < 0.001).

The results of applying the GAMM, presented in Figure 2
and Table 4, show that team size has a complex nonlinear ef-
fect on delivery frequency (edf = 8.401, p < 0.001). As can
be seen in Figure 2a, the positive impact is more noticeable
for small teams and plateaus at approximately seven to eight
developers. For delivery size, the effect of team size is mod-
eled as mostly linear (edf = 1.000, p < 0.001). Across both
models, the positive Xs(Time) values suggest that, when
controlling for the team size, teams tend to deliver more fre-
quently and in larger batches over time.



Table 3: Kendall correlations between team size (TS) / team exper-
tise (TE) and delivery frequency (DF) / delivery size (DS).

Group Mean Std Median Combined Corr.

TS/DF 0.407 0.347 0.462 0.385M (p<2e-16 ***)

TS/DS 0.385 0.326 0.436 0.386M (p<2e-16 ***)

TE/DF 0.289 0.365 0.327 0.308M (p<2e-16 ***)

TE/DS 0.229 0.367 0.258 0.263S (p<2e-16 ***)

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’
Cohen’s scale: L ‘large’, M ‘medium’, S ‘small’, - ‘no correlation’
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Figure 2: Estimated effects as modeled by GAMM. Figures (a), (b),
and (d) show the fitted curves for delivery frequency as a function of
a team metric. Figure (c) shows the curve for delivery frequency as
a bivariate function of team size (x-axis) and expertise (y-axis).

Team expertise also influences delivery frequency nonlin-
early (edf = 7.632, p < 0.001), with Figure 2b showing that
the positive relationship is mostly present until an expertise
level of 0.5 (i.e., active contributions in half of the time win-
dows), after which it levels off. The interaction effect has a
complex and slightly positive impact (Xti ≈ 0.891, edf =
10.456, p < 0.001), suggesting that expertise becomes more
influential in the later stages of a project. This higher im-
portance may reflect the increasing value of deeper project
knowledge and architectural familiarity, which become crit-
ical as codebases grow in complexity. For delivery size, the
effects of team expertise are less pronounced, suggesting that
it might be mostly driven by other project-specific character-
istics, like complexity, tools, or user requirements.

When considering the joint effect of team size and ex-
pertise on delivery frequency, the GAMM results show that
both predictors influence release behavior, each with distinct
nonlinear patterns (edf = 4.375, p < 0.001 for size and
edf = 5.203, p < 0.001 for expertise). From the contours
of the plot in Figure 2c, we can observe that, as expected,
to accelerate release cycles, teams can either include a larger
number of less experienced developers or a smaller number
of contributors with extensive expertise in the project.

Table 4: Summary of the GAMM results for the effects of team size
(TS) and expertise (TE) on delivery frequency (DF) and size (DS).

Group Term edf p-value Xs/Xti

TS/DF

s(TS) 8.401 <2e-16 *** 1.437

s(Time) 7.219 <2e-16 *** 1.127

ti(TS,Time) 2.353 0.0928 . 0.007

TS/DS

s(TS) 1.000 <2e-16 *** 8465.96

s(Time) 3.073 3.28e-07 *** 10160.35

ti(TS,Time) 1.000 0.567 -49628.28

TE/DF

s(TE) 7.632 <2e-16 *** -1.585

s(Time) 7.281 <2e-16 *** -1.214

ti(TE,Time) 10.456 <2e-16 *** 0.891

TE/DS

s(TE) 2.565 1.67e-04 *** 618.61

s(Time) 3.497 <2e-16 *** -14505.57

ti(TE,Time) 1.000 0.2137 22211.96

TS+TE/DF

s(TS) 4.375 <2e-16 *** 0.195

s(TE) 5.203 <2e-16 *** -0.748

s(Time) 6.723 <2e-16 *** 0.803

ti(TS,Time) 1.000 0.0066 ** 2.095

ti(TE,Time) 9.685 <2e-16 *** 0.583

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’

RQ1: Both team size and expertise appear to positively
affect delivery frequency and size, with the most pro-
nounced effects observed for team size. The findings
highlight the necessity of considering their joint effect,
which reveals trade-offs and synergies that remain hid-
den when factors are analyzed in isolation.

4.2 Core Contribution (RQ2)
The second research question explores the impact of core
contribution on delivery frequency and size. Analogously to
Section 4.1, we present descriptive statistics for the correla-
tion analysis collectively and at a project level in Table 5.

The aggregated data reveal a positive but minor correla-
tion between core contribution and delivery frequency (τ =
0.148, p < 0.001) as well as delivery size (τ = 0.143, p <
0.001). The median project-level correlations are around 0.2
for both delivery metrics, revealing that in most projects,
greater core contribution is slightly associated with more fre-
quent and larger deliveries. The variability of correlations
across projects, as indicated by the standard deviations, sug-
gests heterogeneity in the relationship across the repositories.

The results of the GAMM analysis, presented in Table 6,
show that delivery frequency exhibits a complex nonlinear
dependence on core contribution (edf = 8.430, p < 0.001),
which decreases over time (Xti = −0.512). As illustrated



Table 5: Kendall correlations between core contribution (CC) and
delivery frequency (DF) / delivery size (DS).

Group Mean Std Median Combined Corr.

CC/DF 0.167 0.385 0.200 0.148S (p<2e-16 ***)

CC/DS 0.156 0.374 0.195 0.143S (p<2e-16 ***)

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’
Cohen’s scale: L ‘large’, M ‘medium’, S ‘small’, - ‘no correlation’

Table 6: Summary of the GAMM results for the effects of core con-
tribution (CC) on delivery frequency (DF) and size (DS).

Group Term edf p-value Xs/Xti

CC/DF

s(CC) 8.430 <2e-16 *** -0.603

s(Time) 7.543 <2e-16 *** -1.398

ti(CC,Time) 4.254 0.031 * -0.512

CC/DS

s(CC) 1.000 5.89e-04 *** 4797.3

s(Time) 3.276 <2e-16 *** -11917.2

ti(CC,Time) 1.000 0.263 22705.1

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’

in Figure 2d, the initially positive relationship diminishes
beyond 75% core contribution, likely due to many single-
developer projects, in which core contribution is 100% by
definition, and which typically release less frequently due to
limited development capacity. For delivery size, the overall
effect of core contribution is positive (Xs(CC) = 4797.3),
indicating that higher core contribution leads to more deliv-
ered code over time. The interaction term in the model is sta-
tistically insignificant, suggesting that the release size might
be influenced more by other factors such as feature complex-
ity, release policies, or architectural constraints, which are
less dependent on core developer contribution.

RQ2: Core contribution exhibits a modest positive as-
sociation with delivery frequency, suggesting that core
developers help sustain a steady release pace, whereas
delivery size appears to be less affected.

4.3 Communication Activities (RQ3)
The third research question examines the impact of issue
and pull request interactions on change lead time. Table 7
presents the Kendall correlation coefficients for each relation-
ship, both collectively and at a project level.

The combined Kendall correlations are statistically signif-
icant and suggest no associations between communication
metrics and change lead time. Among the communication
indicators, PR comments (τ = 0.070, p < 0.001) and re-
views (τ = 0.090, p < 0.001) exhibit the highest τ -values,

Table 7: Kendall correlations between #issue comments (IC) / issue
comments length (ICL) / #PR comments (PRC) / #PR reviews (PRR)
and change lead time (CLT).

Group Mean Std Median Combined Corr.

IC/CLT -0.046 0.353 -0.013 0.033− (p=2.31e-06 ***)

ICL/CLT -0.004 0.341 0.000 0.027− (p=1.2e-04 ***)

PRC/CLT -0.009 0.352 0.000 0.070− (p<2e-16 ***)

PRR/CLT -0.003 0.347 0.027 0.090− (p<2e-16 ***)

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’
Cohen’s scale: L ‘large’, M ‘medium’, S ‘small’, - ‘no correlation’

Table 8: Summary of the GAMM results for the effects of #issue
comments (IC), their average length (ICL), #PR comments (PRC),
and #PR reviews (PRR) on change lead time (CLT).

Group Term edf p-value Xs/Xti

IC/CLT

s(IC) 2.413 1.6e-06 *** -2324.3

s(Time) 6.296 <2e-16 *** -325.4

ti(IC, Time) 1.000 0.661 18919.4

ICL/CLT

s(ICL) 1.000 0.171 -556.2

s(Time) 6.240 <2e-16 *** -953.5

ti(ICL, Time) 1.854 0.783 13038.3

PRC/CLT

s(PRC) 1.000 0.095 . -860.1

s(Time) 6.243 <2e-16 *** -1499.9

ti(PRC, Time) 5.591 0.203 91210.3

PRR/CLT

s(PRR) 1.000 0.115 -967.7

s(Time) 6.038 <2e-16 *** -2981.2

ti(PRR, Time) 1.000 0.301 60187.6

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’

but coefficients remain under 0.1 and indicate no correlation
according to Cohen’s criteria.

Table 8 reports the results of the GAMM analysis. The
modeled relationships are weak and inconsistent, with most
terms statistically insignificant at the 0.01 level. This sug-
gests that, in some projects, more extensive communication
may reflect underlying complexity or unresolved disagree-
ments that hinder rather than accelerate change processing.

RQ3: The analyzed communication metrics exhibit no
noticeable associations with change lead time. The find-
ings point out that the investigated static indicators of
communication practices do not meaningfully explain
variations in code release timelines and delivery cycles.



5 Discussion
The results from the previous section highlighted how team
composition and communication practices relate differently
to software delivery efficiency in open-source projects. We
now delve deeper into these findings, examining their dynam-
ics and broader implications for collaboration in OSS devel-
opment, alongside directions for future research.

Team size trade-off The empirical results underscored the
significant role of team size in shaping delivery efficiency.
The identification of an optimal team size around seven to
eight developers aligns with past research suggesting that ex-
panding teams may not always yield proportional gains. In-
stead, it calls for adaptive structuring to balance coordina-
tion costs, productivity, and agility, especially considering the
nonlinear and diminishing returns observed as teams grow be-
yond this threshold. The findings suggest that while larger
teams bring capacity, they might also require mechanisms
– such as modularization or shared leadership – to mitigate
the coordination overhead. Future research could build on
these results by examining how task allocation, modularity,
or intra-team dynamics moderate these trade-offs.

Temporal dynamics of expertise Team expertise exhibited
a complex relationship with delivery performance, charac-
terized by notable temporal effects. While moderate levels
of expertise positively influenced delivery frequency, the ef-
fect became negative beyond 0.75, likely due to the presence
of single-developer projects with a 100% level of expertise
but limited release activity. The interaction with time re-
vealed that expertise becomes more influential in later project
phases. This may reflect the increasing need for deeper de-
sign and architectural knowledge as projects grow in com-
plexity and maintenance becomes harder. The importance of
long-term contributors also suggests that designing onboard-
ing practices, which gradually transition contributors into ex-
pert roles, may help sustain release efficiency over time.

Flaws of communication volume The examined measures
of communication activities showed no consistent associa-
tions with change lead time. This indicates that volume alone
may not fully reflect productive coordination and could in-
stead signal unresolved complexity or conflict, making it an
insufficient proxy for the dynamics that influence delivery ef-
ficiency. These results highlight the limitations of static quan-
titative metrics of communication and point to the need for
more nuanced analyses. Future studies could incorporate as-
pects such as the quality, tone, content, or sentiment of inter-
actions, e.g., by leveraging natural language processing tech-
niques, to better understand how coordination and conflict
resolution influence performance.

Implications and future work The observed patterns indi-
cate that team composition and expertise could inform not
only human resource strategies but also technical aspects
such as CI/CD pipeline design, potentially enabling more tai-
lored automation that adapts to team characteristics. Contex-
tual factors such as programming language, project domain
and ownership, or platform-specific policies might further
confound the studied associations, underscoring that multi-
ple environmental and technological variables should be ac-

counted for in future empirical research and practical appli-
cations. These findings and directions for future research col-
lectively suggest that optimizing software delivery requires
not only structuring teams effectively but also refining on-
boarding procedures and adapting CI/CD processes to the dy-
namic composition of development teams.

Threats to validity While this study offers empirical in-
sights about OSS projects, several limitations must be con-
sidered. Internally, the study remains observational in nature,
and although statistical techniques such as Kendall correla-
tion and generalized additive mixed models were used to cap-
ture both linear and nonlinear trends, causal inferences can-
not be drawn. Potential confounding factors, such as project
governance models, contributor incentives, or organizational
sponsorship, may also influence collaboration patterns and
delivery performance. Moreover, the observed temporal ef-
fects, like the increasing influence of expertise, may reflect
unmeasured changes in project tooling or coordination norms
rather than inherent shifts in team dynamics.

Externally, the dataset consists of diverse active GitHub
projects, but it may not fully represent the broader landscape
of open-source or proprietary software development. Projects
on alternative platforms, e.g., GitLab or Bitbucket, or with
different collaboration structures – such as those governed
through formal foundations or developed in private reposi-
tories – may exhibit other release patterns. Therefore, while
the findings provide useful indications, they should be inter-
preted with caution when generalizing to different contexts.

6 Responsible Research
In conducting this study, we followed established practices
for responsible research to ensure transparency, validity, and
reproducibility of our methodology and findings. Specifi-
cally, we adhered to the principles outlined in the Netherlands
Code of Conduct for Research Integrity: honesty, scrupulous-
ness, transparency, independence, and responsibility [52].
The remainder of this section elaborates on specific measures
taken to uphold these core values.

Data collection We constructed our dataset by identifying
and extracting information from publicly available GitHub
repositories, accessed through the official public GitHub
REST API. All analyzed projects are open-source and meet
our inclusion criteria, as described in Section 3.2. No sensi-
tive data or one with restricted access was used at any stage
of this research. The full repository dataset, along with the
computed metrics and the exact dates of data retrieval for each
project, is available in a publicly archived dataset on Zenodo1.

Reproducibility The complete data analysis process, in-
cluding the computation of all metrics and statistical proce-
dures, is documented in Section 3. To support independent
verification and enable further building on our findings, we
publicly share all code related to data collection and metrics
computation at an archived repository on Zenodo2.

1https://doi.org/10.5281/zenodo.15681547
2https://doi.org/10.5281/zenodo.15711350

https://doi.org/10.5281/zenodo.15681547
https://doi.org/10.5281/zenodo.15711350


Integrity and independence This research was conducted
without external influence from commercial or institutional
stakeholders. The analyses and interpretations were per-
formed in an unbiased and independent manner, with all find-
ings and conclusions being based on evidence presented in
the data, without distortion, manipulation, or selective inter-
pretation. We maintained full integrity throughout the re-
search process to ensure that the results accurately reflect the
observations and conducted analyses.

7 Conclusions
This empirical study examined 887 active GitHub reposito-
ries to explore how team structure and communication prac-
tices relate to delivery efficiency in open-source software de-
velopment. The results indicate that team size is the most
influential factor, with delivery frequency increasing up to
an optimal threshold of around seven contributors, beyond
which returns diminish. Developer expertise and core con-
tributor activity are also linked to shorter release cycles; how-
ever, while the influence of core contribution weakens as
projects mature, the effect of developer expertise becomes
more pronounced over time. In contrast, static measures
of communication activity showed no noticeable association
with change lead time, suggesting that volume alone may
not capture coordination effectiveness. These findings under-
score the importance of aligning collaboration strategies with
project phase and delivery goals, and point to the need for
more nuanced representations of communication activities.
Future research could expand the dataset across different col-
laboration platforms, incorporate additional contextual vari-
ables, and apply causal analysis for deeper insights. Overall,
the study provides evidence that collaboration modes shape
delivery outcomes in complex and temporally evolving ways,
with implications for how teams are structured and coordi-
nated in OSS environments.
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