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Abstract

A growing body of work documents heterogeneous effects of Al coding assistants on
individual developers, but the aggregate consequences for the Open Source Software
(OSS) ecosystem remain unclear. We study how GitHub Copilot’s introduction re-
shaped OSS market structure. At the market level, we find no significant change in the
rate of new package entry, but we document an increase in concentration, measured by
the Herfindahl-Hirschman Index, and a decrease in inequality, measured by the Gini
coeflicient, in the Python ecosystem relative to R after Copilot’s introduction. We then
open the black box with a package-level analysis of 3,213 libraries that multi-home in
Python and R. Exploiting Copilot’s selective language support during its rollout as a
natural experiment, we implement difference-in-differences estimators that are robust to
heterogeneous treatment effects. We uncover an adoption barrier for young, peripheral
packages: Al increases community experimentation (forks, watches, and contributors)
while reducing downstream dependencies, decoupling experimentation from formal eco-
nomic adoption. At the same time, Al reinforces core consolidation by increasing net-
work centrality and adoption among mature packages. Overall, Al may be creating a

more vibrant but more polarized—and potentially more fragile—OSS ecosystem.
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1 Introduction

Generative Al tools are seeing rapid adoption (Bick et al., 2024), particularly within the infor-
mation technology sector and among younger, more educated workers (Hartley et al., 2024),
and are already affecting employment dynamics in online labor markets (Hui et al., 2024).
Complementary evidence suggests that GenAl adoption is also associated with increased
demand for higher-order cognitive and social skills, implying that human judgment and co-
ordination remain important complements to Al assistance (Gulati et al., 2025). In software
development specifically, tools like GitHub Copilot are reshaping the field by boosting de-
veloper productivity—with some field experiments showing a 26.08% increase in completed
tasks (Cui et al., 2025)—and shifting work towards maintenance and refinement (Hoffmann
et al., 2024). At the project level, research finds that Copilot adoption increases activity
and productivity, but at the cost of significantly higher integration time (reflecting higher
coordination costs) for project maintainers (Song et al., 2025). Studies also show that Al
assistance changes the nature of work; developers shift their efforts toward core coding activ-
ities and away from project management (Hoffmann et al., 2024), with a notable increase in
maintenance-related contributions over new features (Yeverechyahu et al., 2024). A recent
synthesis of in-the-wild workplace studies similarly finds measurable productivity gains from
Copilot-like tools, but emphasizes substantial heterogeneity and the importance of adoption
and utilization for realized impact (Jaffe et al., 2024).

While these individual and project-level effects are becoming clearer, the aggregate im-
pact on the market structure of the Open Source Software (OSS) ecosystem remains largely
unexplored. This gap matters because open-source software underpins much of modern
infrastructure, and its market structure can shape the rate and direction of technological
progress. An ideal OSS marketplace would balance the stability of proven core packages
with the creative influx of new ones, allowing superior newcomers to eventually replace
outdated incumbents. However, network effects and switching costs often lead to “winner-

takes-all” dynamics where incumbents dominate (Arthur, 1989; David, 1985), making such



an ideal equilibrium difficult to achieve.

The OSS ecosystem is not a monolith; it is a complex dependency network, a “market for
components” where packages compete for developer attention and adoption. In this context,
the 'market’ refers to competition among packages within a given programming language
ecosystem (for instance, two Python libraries offering similar functionality), rather than
competition between operating systems or programming languages. This market’s activity
is hosted on public software repositories like GitHub, which serve as transparent hubs for
collaboration.

The “components” themselves—the software packages (or modules)—are bundles of code
that provide some reusable functionality. Developers treat these packages as inputs in a
production process whose output is their own application, script, or analysis. Instead of
“reinventing the wheel,” they import existing packages much as a manufacturer sources in-
termediate goods. Language-specific package managers, such as PyPI for Python or CRAN
for R, act as the market’s supply chain and logistics system: they distribute packages, resolve
and install the entire dependency tree, and enforce compatibility constraints.

At a slightly finer level of granularity, a module is a unit of code inside a package that
performs a cohesive set of operations (e.g., a data loader, a plotting utility). Some modules
are relatively self-sustaining; others create value only when combined with additional mod-
ules or packages. Crucially, the value of a package is not only what it does in isolation but
how easily it can be plugged into the broader system as an input.

The economics literature emphasizes that OSS contributors are often motivated by a mix
of intrinsic motives (enjoyment, ideology, learning) and extrinsic rewards, such as reputation,
signaling ability to employers, and indirect commercial opportunities (Lerner and Tirole,
2002; Roberts et al., 2006). A package is successful, in this sense, when it is adopted—when
others build on it, depend on it, and integrate it into their production stack. Downstream
dependencies are therefore a natural measure of “economic adoption” more dependencies

mean the package has become a key input in others’ production functions, increasing its



creator’s recognition and potential payoffs.

Generative Al tools can act as virtual teammates in knowledge work (Dell’Acqua et al.,
2025). In software development, assistants such as Copilot therefore shape not only how
code is produced but also which components developers reach for. Because both training
data and developer workflows are heavily skewed toward widely used libraries, Al-generated
examples and completions often default to incumbent packages (e.g., pandas in Python or
dplyr in R for data manipulation) rather than a newly created alternative—a tendency
consistent with evidence that LLM code generation performs best on popular technologies
(Gu et al., 2025). Such guidance can accelerate incumbent adoption while making it harder
for unfamiliar packages to cross the adoption threshold.

This raises a question that is difficult to answer with individual-level evidence alone: does
Al proliferate innovation by lowering entry barriers, or consolidate the market by reinforcing
incumbents?

Al can automate routine coding tasks, lower the skill and effort needed to launch a new
project, and increase the set of people who can participate in OSS development. Evidence
from experiments and quasi-experimental studies suggests large gains for less-experienced
developers and “casual” contributors, who face the highest initial barriers (Cui et al., 2025;
Li et al., 2025). This points to a Proliferation force: more experimentation, more packages,
and a more dynamic long tail.

Yet Al models are trained on existing public code; they are better at producing code in
dominant languages and using popular libraries, creating a “Matthew Effect” where already-
popular technologies become even more favored (Gu et al., 2025). Experts working on
complex, high-context projects may even slow down when using Al because verifying and
correcting suggestions imposes cognitive overhead (Becker et al., 2025). Moreover, recent
work shows that post-Al contributions are more maintenance- oriented, concentrating effort
into existing repositories rather than spawning entirely new projects (Yeverechyahu et al.,

2024; Hoffmann et al., 2024). This suggests a countervailing Consolidation force.



We empirically investigate this question by leveraging the phased rollout of GitHub Copi-
lot as a natural experiment. Our empirical approach has two layers. First, we document
ecosystem-wide shifts in concentration, inequality, and entry in Python and R using market-
level indicators computed from the dependency network. Second, for causal inference, we
focus on a panel of “multi-homing” packages that exist in both ecosystems and estimate
within-package differences between the Python and R versions before and after Copilot’s
early rollout.

Our results point to a maturity-contingent reallocation of attention and adoption. For
mature packages, Al strengthens the core: we find increases in dependency-network cen-
trality and downstream dependencies. For young packages, Al appears to lower the cost of
experimentation—forks and watches rise—but, in our preferred Synthetic DiD specifications,
this activity does not translate into greater downstream adoption and can even reduce down-
stream dependencies. We summarize this pattern as an “Adoption Barrier” that decouples
visible engagement from formal economic integration.

Two interpretive guardrails are important. First, Copilot’s early language coverage was
asymmetric: it worked “especially well” for some languages (including Python), while other
languages such as R had limited or lower-quality support during our sample window. We
therefore interpret our estimates as capturing a differential-intensity Al shock rather than
a strict “Al vs. no AI” contrast. Second, our causal estimates are identified on the multi-
homing sample, which is not a random draw from either ecosystem. Multi-homing packages
disproportionately represent widely ported, general-purpose infrastructure components; we
interpret our estimand accordingly and treat our ecosystem-wide results as descriptive con-
text.

We make three contributions. First, we provide causal evidence on how generative Al re-
shapes adoption and concentration in OSS by exploiting within-package comparisons across
Python and R implementations of the same packages. Second, we document a novel de-

coupling between experimentation and adoption for young packages (the Adoption Barrier),



suggesting that lower creation costs do not necessarily translate into diffusion. Third, we
connect these patterns to a modularity-inspired contingency model and discuss implications
for the long-run resilience of OSS ecosystems.

Our empirical analysis proceeds in two steps. We first document market-level shifts in
concentration and inequality in the Python and R ecosystems, using Herfindahl-Hirschman
Index (HHI) and Gini coefficients computed from the dependency network. We then drill
down to package-level difference-in-differences designs that exploit within-package compar-
isons across Python and R versions of the same multi-homing package, allowing us to open
the black box behind these aggregate patterns and test the contingency model on core versus
peripheral packages. Within the package-level analysis, we estimate our main effects using
a Synthetic Difference-in-Differences estimator that is robust to heterogeneous treatment ef-
fects, and we verify the robustness of our findings using a conventional two-way fixed effects
DiD and the Callaway and Sant’Anna group-time ATT estimator in a dedicated robustness
subsection.

We proceed as follows: Section 2 reviews the literature and contrasts two competing
forces, proliferation and consolidation. Section 3 describes the empirical strategy, data, and
measures. Section 4 presents market-level evidence on concentration, inequality, and entry.
Section 5 then introduces a modularity-based contingency model, the package-level design
and outcomes, and reports the package-level DiD results and robustness checks. Section 6

discusses implications, and Section 7 concludes.

2 Literature Review: Proliferation and Consolidation

The scholarly and industry discourse surrounding the impact of Generative Al on the OSS
ecosystem is polarized. To understand the mechanisms through which AI may reshape
this market, we review two competing forces: one emphasizing proliferation and another

emphasizing consolidation.



2.1 Theoretical Force 1: Proliferation

One view is that Al will act as a net positive catalyst for the creation of new OSS packages.
The core of this argument rests on Al’s ability to lower the technical, economic, and cognitive
barriers that have historically constrained software creation, thereby unleashing a new wave
of innovation and participation.

The most direct channel is democratization of development. Al-powered tools signifi-
cantly lower the prerequisite technical skill required to create functional software, empower-
ing a larger pool of potential creators. This effect is most pronounced for less-experienced
individuals; field experiments show that novice or lower-skilled workers often see the great-
est productivity gains from Al assistance, helping them overcome initial skill barriers (Cui
et al., 2025). This skill-leveling effect is further supported by research showing that Al

7

can act as a “cybernetic teammate,” allowing a single individual to match the creative and
problem-solving output of a two-person human team (Dell’Acqua et al., 2025). By making
the initial work of architecting and implementing a new project more accessible, Al expands
the population of potential OSS creators.

AT also reduces the opportunity costs of development. By automating routine and time-
consuming tasks, such as writing boilerplate code, generating documentation, and creating
tests, Al assistants lower the cognitive and time- related opportunity costs of development.
This enables developers to engage in what some have termed “cognitive arbitrage,” freeing
up mental resources for more sustained and exploratory activities (Li et al., 2025). Using
the GitHub Copilot X release as a natural experiment, Li et al. (2025) find that developers
with AT access increased their commit frequency by 9% and code-related commits by 2%,
with a 22% increase in code line additions per commit. Critically, they find these effects
are strongest among casual developers, who show a 7% increase in programming language
exploration— suggesting Al particularly reduces barriers for those facing higher initial op-

portunity costs. The reduction in opportunity costs is further evidenced by a 2.2% increase

in weekend development activity, indicating that AI makes coding more accessible during



discretionary time, when opportunity costs are traditionally highest.

At the same time, evidence from labor-market job postings suggests that early GenAl
adoption is associated with greater demand for higher-order skills: roles explicitly tied to
GenAl tools have substantially higher cognitive-skill requirements and rising social-skill in-
tensity post-ChatGPT (Gulati et al., 2025).

This individual-level productivity can also translate to the firm level, especially for new
ventures. Asam and Heller (2024) find that the release of GitHub Copilot acted as a pro-
ductivity shock for software-developing startups, significantly reducing their time-to-initial-
funding by approximately 20%. This suggests Al lowers the barrier not just to coding, but
to viable enterprise creation.

Finally, Al may fuel proliferation by re-tasking expert labor. Research on GitHub Copi-
lot’s introduction revealed that its adoption allowed key maintainers to reallocate their time,
increasing their share of core coding tasks while reducing their engagement in non-core
project management and administrative burdens (Hoffmann et al., 2024). By offloading
administrative duties, Al could free up expert developers to engage in more innovative,

“zero-to-one” creation.

2.2 Theoretical Force 2: Consolidation

The opposing viewpoint is that Al’s integration will ultimately lead to a consolidation of
effort and influence within a smaller set of established packages, stifling the creation of new,
independent alternatives. This argument is built on evidence of productivity paradoxes,
powerful ecosystem-level feedback loops, a marked shift in contribution patterns, and new
governance burdens.

Recent experimental evidence documents a productivity paradoz for experts, where Al
tools can hinder more than they help in complex, high-context environments. A rigorous ran-
domized controlled trial involving experienced open- source developers working on their own

mature projects found that developers using Al tools actually took 19% longer to complete



their tasks (Becker et al., 2025). This counterintuitive slowdown stems from the substantial
cognitive load required to manage the Al’s output. Developers report spending significant
time simply verifying and debugging Al-generated suggestions, which can be subtly flawed,
insecure, or misaligned with a project’s implicit architectural principles (Zhang et al., 2025).
This “validative overload” can easily negate any time saved during initial code generation.
Reinforcing this paradox is the data feedback loop and the “Matthew Effect.” Generative
AT models create a ‘“rich-get-richer” dynamic that reinforces the dominance of established
ecosystems. At a macro level, the market for foundation models itself is prone to con-
centration due to immense scaling costs and data requirements, creating a few powerful
“gatekeepers” of intelligence (Korinek, 2024; Korinek and Vipra, 2025). More generally, the-
ory on algorithmic recommendation highlights that when algorithms mediate attention and
choice, they can strategically bias recommendations and reshape equilibrium outcomes, with
distributional and market-structure implications (Ichihashi and Smolin, 2025; Calvano et
al., 2025). In particular, recommendation systems can induce uniformity and “champion cre-
ation” by steering users toward a small set of options, reinforcing concentration even when
entry is cheap (Calvano et al., 2025). At a micro level, the content of the training data
itself biases model output. The models are trained on vast corpora of public code, which
are heavily skewed toward the most popular languages and libraries. This training bias
means Al assistants are inherently more proficient at generating code for dominant tech-
nologies. Gu et al. (2025) provide direct empirical evidence of this phenomenon, terming it
a “Matthew Effect” the more popular a programming language or framework, the higher
the success rate of LLM-generated code. This effect is not limited to code; research on LLM
training data shows that model performance is significantly better on content (like books)
that was included in pirated training datasets, an effect that is ironically strongest for less
popular books, suggesting Al training can amplify obscure content it was fed, at the expense
of content it never saw (Jia and Nagaraj, 2025). This overall effect risks creating techno-

logical lock-in, steering developers toward a narrow set of well-supported tools and stifling



innovation in the long tail of the ecosystem. This guidance mechanism, inherent in the Al’s
suggestions, may create a scenario where Al simultaneously lowers the barrier to creating
novel packages while raising the barrier to their adoption by steering users to established
incumbents.

There is also evidence of a shift from origination to iteration. Al appears to be chang-
ing the nature of developer contributions. Research leveraging the staggered rollout of
GitHub Copilot found about a 6.5% increase in project-level productivity (Song et al., 2025).
However, Yeverechyahu et al. (2024) found this increased activity predominantly comprised
maintenance-related contributions rather than new code development. If AI primarily chan-
nels developer effort toward improving existing projects rather than inspiring new ones, the
logical outcome is a consolidation of activity within popular, established repositories. This
is compounded by the finding that while AI increases the volume of code contributions, it
also substantially increases integration time (reflecting higher coordination costs), placing a
heavier burden on project maintainers (Song et al., 2025).

These patterns compound into an increased burden on core maintainers. The influx of
Al-assisted contributions, primarily from less- experienced developers, creates a new mainte-
nance bottleneck. Research finds that code written after Al adoption requires more rework,
and this burden falls squarely on the more experienced core developers who must review
and fix these contributions (Hoffmann et al., 2024). This dynamic exacerbates the well-
documented problem of maintainer burnout, a persistent threat to the sustainability of the
OSS ecosystem.

We summarize the core arguments and mechanisms derived from this literature in Table



Table 1: Summary of Literature on Al’'s Impact on Productivity and Innovation

Authors Result

Studies with Positive Findings

Peng et al., 2023 Positive: Significant increase in task completion speed (up to
55% faster) and volume, especially for less-experienced devel-
opers on well-defined tasks.

Dell’Acqua et al., 2025 Positive: Augments individual creativity and problem-solving,
enabling individuals to match small team performance and de-
mocratizing expertise.

Studies with Negative Findings

Becker et al., 2025 Negative: Experienced developers on complex, familiar open-
source projects take 19% longer with Al assistance due to ver-
ification overhead.

Gu et al., 2025 Negative: Reinforces dominance of popular lan-
guages/frameworks through a “Matthew Effect,” threatening
ecosystem diversity.

Zhang et al., 2025 Negative: Imposes significant cognitive load (“validative over-
load”), requiring considerable time verifying and debugging
flawed AI suggestions.

Studies with Heterogeneous Findings

Brynjolfsson et al., 2025  Heterogeneous: Positive for overall productivity (+14%) and
novices (+34%). Negative for the most skilled workers (slight
quality decline).

Hoffmann et al., 2024 Heterogeneous: Positive for less-experienced (peripheral) de-
velopers. Negative in increasing code requiring rework, shift-
ing maintenance burden to experienced (core) developers.

Song et al., 2025 Heterogeneous: Increases project-level productivity (about
+6.5%) via higher individual productivity and participa-
tion, but substantially increases integration time (coordination
costs) (about +41.6%).

Yeverechyahu et al., 2024 Heterogeneous: Positive in boosting contribution volume
(commits +33%). Negative in concentrating increase in it-
erative maintenance (+24%) vs. novel development (+13%).

Li et al., 2025 Heterogeneous: Positive for casual developers (7% increase in
language exploration, 2.2% in weekend development). Effects
stronger for less-experienced developers. Finds medium-term
career benefits.

3 Empirical Strategy

To causally identify the impact of Generative Al on OSS market structure, we leverage
the introduction of GitHub Copilot as a natural experiment and build on the logic of recent
work that exploits Copilot’s selective language rollout for causal identification (Yeverechyahu

et al., 2024). Our key source of variation is that, at launch and during the early rollout,
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GitHub provided first-class Copilot support for a subset of languages (including Python)
while omitting (or providing materially weaker support for) others such as R. Crucially, the
assignment of “supported” versus “unsupported” status is a platform-level product decision—
and thus plausibly exogenous to the subsequent trajectory of any individual package—even
though developers’ choices of which language to use are not random. Accordingly, this
section details the technological shock, clarifies how we construct treatment and control
groups under a differential-intensity interpretation of Al exposure, and describes the data

used in our analysis.

3.1 GitHub Copilot

GitHub Copilot, an Al-powered pair-programming tool, was developed by GitHub in collab-
oration with OpenAl to function as an assistive technology that autocompletes code directly
within a developer’s integrated development environment (IDE) (Gershgorn, 2021). The
tool was first announced and released as a technical preview on June 29, 2021, for the Visual
Studio Code environment (Friedman, 2021). In late 2021, GitHub expanded Copilot’s editor
support beyond VS Code to additional environments, including JetBrains IDEs and Neovim.!
We use October 2021—the period when Copilot broadened IDE availability beyond its initial
VS Code technical preview—as the baseline “treatment event” in our difference-in-differences
analysis. As a complementary timing benchmark, we also note that Copilot exited technical
preview and became generally available to individual developers on June 21, 2022.2

The initial version of GitHub Copilot was powered by OpenAl Codex, a large language
model explicitly derived from the GPT-3 family and fine-tuned for code generation (Zaremba,

2021). The efficacy of such a model is a direct function of the quality and quantity of its

training data for a specific domain. Codex was trained on a massive corpus of publicly avail-

!See GitHub’s Universe 2021 product update post for contemporaneous discussion of the

expansion to JetBrains and Neovim: https://github.blog/news-insights/product-news/
everything-new-from-universe-2021/.
2GitHub Changelog announcement: https://github.blog/changelog/

2022-06-21-github-copilot-is-now-available-to-individual-developers/.
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able source code, with the majority sourced from public repositories on GitHub. Critically,
the composition of this training data was heavily skewed toward certain languages. The
dataset included a filtered corpus of 159 gigabytes of Python code, sourced from over 54
million public GitHub repositories (Chen et al., 2021). While the training set included nu-
merous other languages (e.g., JavaScript, Go, Ruby), the sheer volume of Python data gave
the model a significant, inherent performance advantage in that language from its inception.

This data composition had direct implications for language support and effectiveness.
Upon launch, GitHub explicitly stated that the technical preview “works with a broad set of
frameworks and languages,” but “works especially well for Python, JavaScript, TypeScript,
Ruby and Go” (Friedman, 2021). This framing is important for our empirical design: Copi-
lot’s early productivity impact was plausibly heterogeneous across languages. In particular,
languages outside the “works especially well” set—including R—were not a focus of the ini-
tial rollout and were expected to receive weaker or less reliable assistance. In other words,
our identification strategy is better interpreted as leveraging a large differential-intensity Al
shock (high for Python, lower for R) rather than a strict “AI vs. no AI” contrast.® Relat-
edly, Yeverechyahu et al. (2024) note that the underlying Codex model could generate R
and Haskell code, yet GitHub did not initially provide first-class Copilot support for these
languages. This reinforces our differential-intensity framing: R was not necessarily a zero-
exposure ecosystem, but it plausibly faced a substantially lower-quality and lower-uptake Al

assistance environment during our observation window.

3.2 Identification Strategy

Our investigation contrasts community contributions to open-source packages across Python
and R, two prominent data-oriented programming languages with active developer commu-

nities. Both language ecosystems are supported by a wealth of libraries and frameworks

3Consistent with this interpretation, GitHub’s documentation emphasizes that Copilot provides sugges-
tions for numerous languages but performs best for a subset; see https://docs.github.com/en/copilot/
concepts/completions/code-suggestions.
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(i.e., packages), such as Python’s NumPy and R’s ggplot2. The open-source communities
for these languages are hosted on GitHub, a platform central to the ecosystem of open-source
projects. On GitHub, communities organize around code repositories, where contributors
can propose and implement code changes through commits. Each commit on GitHub is a
record of a modification to the source code, capturing the specific changes made, along with
metadata such as the author’s name, a timestamp, and a message describing the purpose of
the change.

The natural experiment that our investigation exploits is the asymmetric early impact of
GitHub Copilot across languages. During the technical preview and early rollout, GitHub
emphasized that Copilot “works especially well” for Python and a subset of other languages
(Friedman, 2021), while languages such as R were not among the highlighted set and were
expected to receive weaker or less reliable assistance. In light of this, we treat Python as
the high-exposure group and R as the low-exposure group during our observation window
(October 2019-September 2022). We define the post period as beginning in October 2021
(when Copilot expanded beyond its initial VS Code preview to additional IDEs; Section 3).
Our package-level panel ends in September 2022, prior to the broad diffusion of ChatGPT-
style assistants, which helps preserve a meaningful low-exposure comparison group (see Yev-
erechyahu et al. (2024) for a similar time-window argument). This interpretation matters: if
some R developers were able to obtain Copilot-like completions during the period we study
(e.g., via unofficial or lower-quality suggestions in general-purpose editors), then our Python—
R contrast is attenuated and our estimates are conservative with respect to the effect of a
fully-supported Al coding assistant.

Because we do not observe Copilot utilization directly, and availability does not map one-
for-one into usage intensity, our treatment is best interpreted as differential availability-driven
exposure rather than a treatment-on-the-treated effect; realized intensity of use is likely
endogenous and heterogeneous across organizations and developer types, as documented in

workplace deployments of Copilot-like tools (Jaffe et al., 2024).
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External validation for this natural experiment comes from the fact that the same
selective-support comparison has been used across multiple language pairs. Yeverechyahu
et al. (2024), for instance, study both Python/R and Rust/Haskell and document clear
post-launch divergences in contribution outcomes for supported relative to unsupported lan-
guages. Observing analogous treated—control differences in a second language pair outside
the Python ecosystem strengthens the interpretation of Copilot’s rollout as a meaningful Al
productivity shock, rather than merely a Python-specific secular trend.

At the same time, we must acknowledge an important identification challenge: language-
wide demand shocks can threaten the parallel trends assumption. More generally, the dif-
fusion of generative Al tools has been broad and fast-moving across the economy (Bick
et al., 2024), which complicates separating Copilot availability from concurrent shifts in
developer entry and activity. During our pre-treatment period, the rise of machine learn-
ing and data-science tooling contributed to rapid growth in the Python ecosystem, while
R did not experience an identical influx of new developers. Such ecosystem-wide reallo-
cation of attention can mechanically increase dependencies, forks, and visibility for many
Python packages—including multi-homing packages—independently of Copilot. We there-
fore separate (i) descriptive market-level patterns, which are informative about the overall
direction of ecosystem change but vulnerable to language-level confounds, from (ii) our pri-
mary package-level causal design, which compares the Python and R versions of the same
underlying software concepts and subjects the key outcomes to event-study diagnostics and
robustness checks.

Our aggregate (market-level) analysis incorporates language-specific linear time trends
and is interpreted as suggestive context rather than our primary source of causal identi-
fication. Our main causal evidence comes from a package-level analysis on multi-homing
packages and more flexible DiD estimators, presented in Section 5. In the discussion, we
also outline additional robustness exercises motivated by potential ecosystem spillovers, in-

cluding alternative treatment timing (e.g., June 2022 general availability), placebo windows,
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and extensions that normalize outcomes by ecosystem size/activity.

3.3 Data and Overall Sample

A comprehensive dataset was constructed by integrating information from multiple sources.
The primary sources include PyPI (Python Package Index) and CRAN (Comprehensive R
Archive Network) for the universe of packages and metadata, GitHub for development ac-
tivity (forks, watches, contributors), and deps.dev/libraries.io for inter-package dependency
data. This dataset covers the universe of packages in the Python and R ecosystems and
spans from February 1998 to August 2024. It includes a total of 526,412 packages, consisting
of 498,715 Python packages and 27,967 R packages. This large disparity in ecosystem size
suggests that Python’s ecosystem is much broader, while R’s is more specialized; indeed, R’s
smaller scale may indicate higher entry barriers or a more niche focus.

The aggregate analysis in Section 4 uses this full universe of packages to compute market-
level indicators (HHI, Gini, entry rates) for each language-month. The package-level analysis
in Section 5 will focus on a more tightly defined subset of multi-homing packages and intro-

duce additional design details and outcome measures at that stage.

4 Market-Level Evidence

We begin by examining how GitHub Copilot’s introduction relates to market-level patterns
of concentration, inequality, and entry in the Python and R ecosystems. This aggregate
evidence provides a high-level picture of structural change that helps motivate, and is later

interpreted through, the package-level mechanisms in Section 5.

4.1 Aggregate Model and Limitations

This aggregate analysis faces a significant challenge: the Python and R ecosystems exhibited

different pre-treatment trends in market concentration. A formal test confirms these trends
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differ significantly (F' = 197.75, p < 0.0001). This violation of the parallel trends assumption
means a standard DiD estimator will yield biased results. Following Autor (2003) and Wolfers
(2006), we account for these differential trends by including group-specific linear trends in

our two-way fixed effects specification:

Yy = a+ B - (Python, x Copilot,) + 7, - t + 8, + 1 + ept, (1)

where Y}, is the market-level metric for language p in month ¢. Python, is a time-invariant
dummy for Python language, and Copilot, is a dummy for months after October 2021. ~, -t
represents group-specific (language-specific) linear time trends. J, are language fixed effects,
and p; are calendar-month fixed effects.

This “fix,” however, relies on the strong and untestable assumption that the sole reason
for the divergence was a simple linear trend and that both ecosystems would have continued
to diverge at that exact rate. It is for this reason that we ultimately treat the package-level
analysis in Section 5 as our primary source of causal identification, and use the aggregate
evidence here as descriptive and suggestive context.

The market-level metrics are:

e Herfindahl-Hirschman Index (HHI): A measure of market concentration, calcu-

lated as the sum of squared market shares of downstream dependencies.

e Gini Coefficient: A measure of inequality in the distribution of downstream depen-

dencies.
e New Package Entry Rate: The number of new packages created each month.

To visualize these dynamics, Figure 1 plots the monthly HHI for Python and R, and
Figure 2 plots the corresponding Gini coeflicients. Both figures show the pre-treatment
divergence and the shift in trend around Copilot’s introduction. For context on ecosystem

scale, Figure 3 plots the cumulative number of unique packages in each language.
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Figure 1: Monthly HHI for Python and R (Dependency-Based Market Shares)

Notes: Figure shows the evolution of the Herfindahl-Hirschman Index (HHI) for Python and R based on
downstream dependencies. The vertical line marks October 2021, the Copilot launch.
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Figure 2: Monthly Gini Coefficients for Python and R (Downstream Dependencies)

Notes: Figure shows the evolution of the Gini coefficient for Python and R based on the distribution of
downstream dependencies across packages. The vertical line marks October 2021.
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Figure 3: Cumulative number of unique packages for Python and R

Notes: Figure shows the evolution of the ecosystem for Python and R based on the total number of unique
packages.
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4.2 Structural Polarization

The results of the aggregate DiD specification, presented in Table 2, show a pattern consistent
with our later package-level findings. We find a significant increase in market concentration
(HHI) (Coeff. = 0.925, p < 0.01) and a simultaneous, significant decrease in inequality
(Gini) (Coeff. = —0.004, p < 0.01). Finally, we find no statistically significant change in the

(log) rate of new package entry (Coeff. = 0.126, p > 0.1).

Table 2: Aggregate Market-Level Effects

Dependent Variable Coeff. (Std. Err.)
Market Concentration (HHI) 0.925"* (0.193)
Gini Coefficient —0.004*** (0.001)

New Package Entry Rate (log) 0.126 (0.120)

Notes: Table displays the coeflicient on the interaction term (Python x Copilot) from DiD regressions
estimated at the language-month level. Standard errors are clustered at the language level. *p < 0.1;
*p < 0.05; ***p < 0.01. Model includes language and time fixed effects, as well as group-specific linear
trends.

This combination of rising concentration but falling inequality is informative. Visually,
Figure 1 shows that the HHI for Python increases relative to R after Copilot, indicating
that a larger share of dependency weight is accruing to the top packages. At the same time,
Figure 2 shows a slight decline in the Gini coefficient, implying that once we move beyond the
very top, the distribution of dependencies across the remaining packages becomes somewhat
more equal.

One interpretation consistent with our package-level results is that Al is intensifying the
dominance of a small core of “superstar” packages while flattening the rest of the distribution
among peripheral ones. Entry rates do not change significantly, suggesting that Copilot did
not meaningfully increase the number of new packages being published in the short run.
Instead, it appears to have shifted how activity and adoption are distributed among existing

packages.
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4.3 Robustness Check

To validate this aggregate specification, we conduct a falsification test by shifting the treat-
ment date one year prior (a “false” treatment date) and excluding the true post-treatment
period. The results, presented in Table 3, show a complete absence of statistically significant
effects. This lack of any significant findings during a period where no treatment actually
occurred provides confidence that the effects reported in Table 2, while suggestive, are at-
tributable to the introduction of Copilot rather than to spurious, pre-existing differential

trends not captured by the linear trend model.

Table 3: Aggregate Market-Level Effects - Falsification Test

Dependent Variable Coeff. (Std. Err.)
Market Concentration (HHI) 0.336 (0.266)
Gini Coefficient 0.000 (0.001)
New Package Entry Rate (log) —0.031 (0.247)

Notes: Table displays the coefficient on the interaction term (Python x False Copilot) from DiD regressions
estimated at the language-month level. Standard errors are clustered at the language level. *p < 0.1;
**p < 0.05; ***p < 0.01. Model includes language and time fixed effects and group-specific linear trends.

Taken together, the aggregate evidence suggests that Copilot coincides with a structural
polarization of the Python ecosystem: greater concentration at the top, a somewhat more
even distribution among the rest, and no clear change in entry. In the next section, we show
that these macro patterns are underpinned by distinct micro-level responses of core versus

peripheral packages.

5 Package-Level Mechanisms

We now turn to the package-level analysis, which opens the black box behind the aggregate
patterns documented in Section 4. In this section, we first introduce the modular architec-
ture of OSS and our contingency model and hypotheses, and then detail the package-level

sample, empirical specification, and outcome measures before presenting the main results
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and robustness checks.

5.1 Modularity and the Architecture of OSS

The collaborative, decentralized nature of OSS development is made possible by a core archi-
tectural principle: modularity. Modularity involves organizing a complex system into smaller,
self-contained, and independent modules, each with a specific function and a clear, stable
interface (vFunction, 2024; Hester and Ellis, 2016). The objective is to manage complexity
by ensuring that elements within a module are strongly interconnected while connections
between modules are weak and well-defined, a concept known as “loose coupling” and “high
cohesion” (MacCormack et al., 2008).

The seminal work on the economics of modularity, Baldwin and Clark (2000), argues
that it is not merely a technical convenience but a powerful economic force. A modular
architecture partitions a complex design into “visible” design rules—the public interfaces
and standards that govern how modules interact—and “hidden” modules, which are the
private, internal workings of each component (Ethiraj and et al., 2022; Baldwin, 2007). This
separation creates valuable economic “options™ the ability to experiment with, improve,
or completely replace individual hidden modules without destabilizing the entire system,
so long as the visible design rules are obeyed. This structure fosters parallel innovation
and dramatically accelerates industry evolution (Leading Through Staff, 2023; Baldwin and
Clark, 2000).

From theory to measurement. The modularity framework motivates our hypotheses,
but our empirical measures are based on observable repository metadata rather than direct
audits of software architecture. We therefore operationalize adoption and coordination using
dependency-network outcomes (e.g., downstream dependencies and centrality) and GitHub
engagement outcomes (e.g., forks, watches, contributors). These measures are informative

about how components are used and propagated, but they are imperfect proxies for interface
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clarity, API stability, or the true modular structure of code. Accordingly, the modularity
discussion in this paper should be read as an interpretive lens for reduced-form market
outcomes rather than as a direct measurement of architectural primitives.

The modular architecture of the software itself allows a distributed community of con-
tributors to focus on specific components without needing to understand the entire system,
facilitating a global division of labor and enabling parallel development (Narduzzo and Rossi,
2005). In the OSS context, the “visible design rules” are the public APIs of a library, the
documented contribution processes, and the established coding standards. These are not
just technical specifications but are socio-technical contracts that enable trust and permis-
sionless innovation. A developer can confidently build their own “module” (a new package)
that depends on a core library, trusting that its API will remain stable. The success of the

modular OSS ecosystem thus depends on the stability and clarity of these contracts.

5.2 A Contingency Model and Hypotheses

The literature review in Section 2 reveals competing forces. We argue these forces are not
mutually exclusive but can be unified and predicted by applying the economic theory of
modularity (Section 5.1) to the mechanisms of Generative Al (Sections 2.1 and 2.2). As
established in Section 5.1, the OSS ecosystem’s value derives from “parallel innovation”

¢

based on a modular architecture: “visible design rules” (the stable APIs of core, incumbent
packages) and “hidden modules” (new, experimental packages) (Baldwin and Clark, 2000).
AT’s mechanisms act upon these components to produce heterogeneous outcomes.

First, the consolidation force (Section 2.2) acts by strengthening the dominant “visible
design rules.” Al models are trained on vast corpora of public code, making them experts
at using popular, well- documented packages (the “Matthew Effect”). AI’s training bias acts
as a mechanism to strengthen the dominance of ‘visible design rules.’” It lowers the cognitive

cost for developers to write code that conforms to these dominant APIs, as the Al suggests

this conforming code automatically. This channels dependencies toward the core incumbents.
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Hypothesis 1 (Core Consolidation) The introduction of Generative Al will lead to:

Hypothesis 1a A significant increase in network centrality for mature, established packages.

Hypothesis 1b A significant increase in formal adoption (downstream dependencies) for

mature, established packages.

Second, the proliferation force (Section 2.1) acts by lowering the cost of creating new

7

“hidden modules.” AI’s barrier-lowering capability acts as a mechanism to reduce the cost
of creating new ‘hidden modules.” It automates boilerplate code and lowers skill barriers,
making it easier for developers to experiment with new ideas (i.e., create new packages, fork

existing ones).

Hypothesis 2 (Periphery Experimentation) The introduction of Generative AI will lead

to:

Hypothesis 2a A significant increase in community engagement (e.qg., forks, watches, con-

tributors) for nascent, peripheral packages.

Hypothesis 2b The introduction of Generative AI will lead to a significant decrease in

formal adoption (downstream dependencies) for nascent, peripheral packages.

Herein lies the central theoretical tension. We posit that Al simultaneously lowers the cost
of creation (H2a) while increasing the relative cost of trusting and adopting a new, unproven
‘hidden module.” Because the Al, biased by its training data, will almost always suggest
the incumbent “good enough” module (H1), a developer must exert more cognitive effort to
ignore the AI’s suggestion and manually search for, vet, and adopt a nascent alternative.
This increases the relative search and verification cost, an effect related to the “validative
overload” discussed in the literature (Becker et al., 2025). This leads to our “Adoption

Barrier” hypothesis, which posits a decoupling of experimentation (H2a) from adoption.
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5.3 Package-Level Design and Sample

To understand the mechanisms driving market-level effects and test our contingency model,
we conduct a complementary package-level analysis. We focus on “multi-homing” packages—
packages that maintain versions in both the Python and R ecosystems—and estimate within-
package differences between the Python and R implementations before and after Copilot’s

early rollout.

Scope of the estimand and external validity. The multi-homing restriction is a design
choice that trades external validity for comparability. Packages that exist in both ecosystems
are, by construction, those whose functionality is sufficiently general-purpose (and sufficiently
important) to be ported across languages. Examples include widely used infrastructure
components and cross-language tools such as arrow, xgboost, tensorflow, keras, and
igraph. This sample therefore provides a credible laboratory for studying how Al affects
the adoption and competitive position of widely portable OSS components, but it may not
represent language-native frontier libraries that rely heavily on ecosystem-specific features
(e.g., GPU-centric deep learning stacks in Python, or specialized statistical primitives in R).
We therefore interpret our causal estimates as applying to the cross-language “infrastructure
layer” of OSS, and we treat our ecosystem-wide results as descriptive context for the full

universe of packages.

Identification advantages and remaining threats. Comparing Python and R versions
of the same underlying software concepts reduces several confounds. Any time-invariant
package-level attributes (e.g., the general appeal of the functionality or the maturity of the
problem domain) are differenced out, and multi-homing packages are closer substitutes than
a random cross-language comparison of all Python versus all R packages. However, multi-
homing is not a panacea. Ecosystem-wide demand shocks—for example, an influx of develop-

ers into Python—can still differentially affect the Python implementations of multi-homing
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packages. We address this threat by presenting event-study diagnostics for key outcomes,
using DiD estimators that are robust to heterogeneous treatment effects, and conducting
robustness checks on alternative treatment timing and placebo windows (Appendix).

We also emphasize that our treatment period coincides with the broader diffusion of
generative Al across the economy. Recent labor-market evidence documents widespread
adoption of GenAl tools and task exposure that is not confined to software development
(Hartley et al., 2024), as well as detectable employment impacts in online labor markets
(Hui et al., 2024). To the extent that these forces reflect economy-wide diffusion rather
than a language-specific demand shock, they should affect both ecosystems in the same
calendar months and are absorbed by our month fixed effects. Our identifying variation
therefore comes from the differential, official availability and quality of Copilot for Python
versus the lack of comparable support for R during our sample window. Nonetheless, if
contemporaneous shifts in AI/ML demand generated a Python-specific influx of developers
that is tightly aligned with Copilot timing, this remains a threat to causal interpretation.
We therefore interpret our estimates as the incremental effect of Copilot-style assistance in
a period of broader GenAl diffusion, and we rely on pre-trend diagnostics, placebo timing
checks, and robustness to alternative windows to gauge the plausibility of the identifying
assumptions.

Multi-homing packages are identified by matching package names across PyPI and CRAN,
yielding 3,213 packages with presence in both languages. The package-level dataset spans
October 2019 to September 2022, providing 24 months of pre- treatment data and 12 months
of post-treatment data. The unit of analysis is the package-language-month, with each of
the 3,213 multi-homing packages observed in both Python and R versions over 36 months,
resulting in 231,336 package-language-month observations.

A remaining comparability concern is that multi-homing packages may have different
primary development communities—for instance, a package originally developed in R and

later ported to Python might be maintained mostly by R users. To speak to this issue, we
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construct an “origin” indicator based on which ecosystem first released the package (using
the first observed release date on PyPI vs. CRAN). In extensions, we use this indicator to
examine whether the estimated treatment effects differ by origin language.

To investigate whether Copilot’s effects vary by package maturity, we construct an age
measure based on each package’s tenure as of September 2021—the month immediately
preceding Copilot’s introduction. Package age is defined as the number of months elapsed
since the package’s first release on its respective platform (PyPI or CRAN) through Septem-
ber 2021. This snapshot approach ensures that the age variable is pre-determined and not
influenced by post-treatment dynamics. We partition the multi-homing sample into approx-
imately equal-sized quartiles based on package age: Q1 (youngest packages), Q2, Q3, and
Q4 (oldest packages). This quartile-based approach allows us to test our contingency model
(Hypotheses 1 and 2) directly. In our sample, older packages (Q4) indeed have considerably
more adoption and engagement than younger ones (Q1) prior to Copilot’s introduction. For
instance, by September 2021, a typical Q4 package had on the order of tens of downstream
dependents and a substantial number of forks and watches, whereas a typical Q1 package
had little to no adoption (zero or very few dependents) and minimal community activity.
This descriptive contrast highlights the core-periphery distinction in the OSS ecosystem even
before the Al shock.

5.4 Package-Level Empirical Specification

Our package-level analysis employs a two-way fixed effects difference-in- differences specifi-

cation, which serves as a baseline model:

Yipe = o+ 3 - (Python,, x Copilot,) + 6ip + pty + Eipt, (2)

where Y;,; is the outcome variable for package 7 in language p at time ¢. Python;, is a dummy

variable equal to one for the Python version of package i and zero for its R version. Copilot,
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is a post-treatment indicator for months after October 2021. ¢;, are package-language fixed
effects that control for time- invariant differences between the Python and R versions of
each package. p; are calendar-month fixed effects that absorb common temporal shocks
affecting all packages. Standard errors are clustered at the package level to account for serial
correlation within packages over time.

The coefficient of interest, 3, identifies the causal effect of Copilot on the Python version
of multi-homing packages relative to their R counterparts. We estimate Equation 2 sepa-
rately for each age quartile to assess heterogeneous treatment effects across package maturity
levels. Given the importance of treatment-effect heterogeneity in our setting, we also em-
ploy Callaway and Sant’Anna (C&S) and Synthetic DiD estimators that are robust to such

heterogeneity; these are the focus of our main results.

5.5 Package-Level Outcome Measures

We create several package-level dependent variables to capture different dimensions of pack-
age influence, adoption, and community engagement. All metrics are calculated at the

monthly level for each package:

¢ Eigenvector Centrality: A measure of a package’s influence within the dependency
network, calculated monthly across the entire universe of packages in each language
ecosystem. This variable has been calculated using the monthly data of all Python
and R packages. A package has high eigenvector centrality if it is connected to other

highly central packages. Formally, eigenvector centrality is defined as:
My

1
Tipt = 3 E Ajipt Tt
=1

where z;,, is the centrality score for package i in language p at month ¢, Aj;, is
an element of the adjacency matrix representing the dependency relationship (where

A = 1if package j depends on package 7, and 0 otherwise), \; is the largest eigenvalue
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of the adjacency matrix, and M, is the total number of packages in the entire ecosystem
(all packages in language p at month ¢, not just those in the analytical sample). This

metric captures a package’s status as a core component of the ecosystem.

e Downstream Dependencies: The number of other packages that list a given package
as a dependency. This is a direct measure of a package’s adoption, and importance

within the ecosystem.

e Upstream Dependencies: The number of other packages that a given package relies

on. This metric reflects the complexity and modularity of a package.

e Forks: The number of times a package’s GitHub repository has been copied (forked)
by users. This is extracted directly from GitHub’s repository metadata and reflects
community interest, experimentation, and potential for derivative work. A fork repre-
sents a user creating their own copy of the repository to potentially modify or build

upon.

e Watches: The number of GitHub users who have bookmarked a repository, measured
monthly. This metric is extracted from GitHub’s repository metadata (the watchers
field in GitHub’s API, which in earlier API versions returned what the platform now
labels “stargazers”) and reflects a package’s visibility, popularity, and community at-

tention.

e Contributors: The number of unique developers who have contributed code to the
package’s repository. This metric captures the breadth of participation and collabora-

tive input a package receives.

5.6 Main Results: Core Consolidation and the Adoption Barrier

Whereas the market-level evidence in Section 4 reveals a broad pattern of increasing con-

centration and structural polarization, the package-level regressions allow us to unpack the
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mechanisms and heterogeneous treatment effects across package maturity.

Our primary package-level analysis tests our contingency model, investigating how Copi-
lot’s introduction affected packages differentially based on their maturity. We present results
for key outcome variables covering both adoption and community engagement, with a focus
on differences between older (core) and younger (peripheral) packages.

Table 4 presents our preferred specification, the Synthetic DiD estimator, which is robust
to heterogeneous treatment effects. The Synthetic DiD model finds a strong positive effect
on Figenvector Centrality for older (Q4) packages (Coeff. = 0.0073, p < 0.01), supporting
Hypothesis 1la, and a positive effect on Downstream Dependencies for older packages (Coeff.
= 0.0396, p < 0.01), supporting Hypothesis 1b. This provides clear evidence for the ‘Core
Consolidation’ hypothesis: Al reinforces the dominance of core, established packages, leading
to a “Matthew Effect” where the rich get richer. For this group, community engagement
responds little: watches are essentially unchanged, while forks increase modestly. Taken
together, the results suggest Al’s primary impact for incumbents is to translate existing
visibility into greater adoption and network centrality rather than to generate a large new
inflow of experimenters.

For the youngest (Q1) packages, the story is the opposite. The Synthetic DiD estimator
(Table 4) finds a large, statistically significant negative effect on Downstream Dependencies
(Coeff. = —0.2514, p < 0.01). That is, new packages in the Python ecosystem saw a
decrease in formal adoption (being depended upon by other packages) relative to their R
counterparts. This result supports Hypothesis 2b, the “Adoption Barrier.” Interestingly, we
observe a significant increase in community engagement for these same packages: Forks and
Watches rise significantly for Q1 Python packages (e.g., Watches Coeff. = 0.141, p < 0.01
in the Synthetic DiD), consistent with Hypothesis 2a that Al enables more experimentation
and tinkering with new projects. However, this experimentation surge does not translate
into dependency gains—in fact, dependencies decline. This divergence between engagement

and adoption for new packages is precisely the Al-induced decoupling that constitutes the
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Adoption Barrier.

The middle quartiles (Q2 and Q3) generally show intermediate effects. We see slight
increases or flat effects for centrality and adoption metrics (most not significant or smaller
in magnitude), suggesting that moderately established packages were not strongly affected
in either direction. This pattern is intuitive: packages that are neither very new nor top-tier
incumbents might neither benefit greatly from AI’s reinforcement of popularity nor suffer
from being overlooked.

Finally, to corroborate the dynamic nature of these effects, Appendix presents event-study
plots for representative outcomes. The parallel trends hold in the pre-treatment period for
all outcomes, and the divergence after Copilot launch (October 2021) is visually apparent:
older packages trend upward relative to control, while the youngest packages trend downward
in adoption despite upticks in engagement signals.

Table 4: Difference-in-Differences Results (Synthetic DiD): Heterogeneity by Package Age

Youngest Packages (Q1) Oldest Packages (Q4)

Dependent Variable Coeff. (Std. Err.) Coeff. (Std. Err.)
Eigenvector Centrality 0.00000*** (0.00000) 0.00728"** (0.00010)
Upstream Dependencies 0.02828** (0.00568) 0.00799*** (0.00276)
Downstream Dependencies ~ —0.25141*** (0.06624)  0.03963*** (0.00925)
Forks 0.16633* (0.02017)  0.04290** (0.01691)
Watches 0.14066"* (0.02225) 0.00394 (0.02050)
Contributors 0.10680*** (0.03643) 0.02914 (0.02526)

Notes: Table displays the Average Treatment Effect on the Treated (ATT) from Synthetic DiD regressions.
The full regression outputs for each variable and estimator are available in Appendix. Standard errors
clustered at the package level are in parentheses. *p < 0.1; **p < 0.05; ***p < 0.01.

The evidence from our preferred specification paints a consistent picture: Al introduced
via Copilot has been a force for consolidation at the core and a barrier to adoption at the
periphery. Notably, simpler models that do not account for treatment effect heterogeneity
(e.g., a naive TWFE on the full sample) would miss or misstate this nuance. Indeed, when
we estimate a conventional TWFE DiD pooling all packages, we find a small positive av-

erage effect on new downstream dependencies—masking the large positive effect for cores
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and the negative effect for new entrants that cancel out in aggregate. This underscores
the importance of examining heterogeneity in contexts where new technology shocks have
distributional consequences.

These micro-level patterns align with the macro-level shifts documented in Section 4: the
strengthening of the core manifests as higher HHI, while the inhibited adoption of peripheral

packages is consistent with a flatter, but more fragile, long tail.

5.7 Robustness: Alternative DiD Estimators

To assess the robustness of our findings, we re-estimate the package-level effects using two
additional difference-in-differences estimators: a conventional two-way fixed effects (TWFE)
specification (Table 5) and the Callaway and Sant’Anna (C&S) (Table 6) group-time ATT
estimator. In Appendix we report the full set of estimates for all three estimators (TWFE,

C&S, and Synthetic DiD) across age quartiles and outcome variables.

Table 5: Difference-in-Differences Results (TWFE): Heterogeneity by Package Age

Youngest Packages (Q1) Oldest Packages (Q4)

Dependent Variable Coeff. (Std. Err.) Coeff. (Std. Err.)

Eigenvector Centrality —0.00160 (0.00430)  0.00984** (0.00481)
Upstream Dependencies 0.07393*** (0.01848) 0.02280** (0.01135)
Downstream Dependencies — 0.06560*** (0.01554) 0.11578*** (0.01491)
Forks 0.01919** (0.00769) —0.00003 (0.00621)
Watches 0.04257** (0.01406) —0.01091 (0.00981)
Contributors 0.03986* (0.01595) 0.00191 (0.01005)

Notes: Table displays the coefficient on the interaction term from TWFE DiD regressions, representing the
Average Treatment Effect on the Treated (ATT). The full regression outputs for each variable and estimator
are available in Appendix. Standard errors clustered at the package level are in parentheses. *p < 0.1;
**p < 0.05; ***p < 0.01. All models include package and time fixed effects.

Three patterns emerge.
First, for older (Q4) packages, all three estimators point in the same direction: a positive
and statistically significant impact of Copilot on both eigenvector centrality and downstream

dependencies. The magnitudes differ somewhat across estimators, but the sign and signif-
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Table 6: Difference-in-Differences Results (C&S): Heterogeneity by Package Age

Youngest Packages (Q1) Oldest Packages (Q4)

Dependent Variable Coeff. (Std. Err.) Coeff. (Std. Err.)
Eigenvector Centrality —0.00444 (0.00321) 0.00657** (0.00313)
Upstream Dependencies 0.00587 (0.00632) 0.01532 (0.00967)
Downstream Dependencies — 0.02053*** (0.00647) 0.03745"* (0.00875)
Forks 0.04286"* (0.01444) 0.01368 (0.01410)
Watches 0.01285 (0.02057) 0.01335 (0.01551)
Contributors ~0.02905 (0.02108) 0.01336 (0.02039)

Notes: Table displays the Average Treatment Effect on the Treated (ATT) from C&S DiD regressions. The
full regression outputs for each variable and estimator are available in Appendix. Standard errors clustered
at the package level are in parentheses. *p < 0.1; **p < 0.05; ***p < 0.01.

icance are stable. This reinforces the conclusion that Copilot strengthens the position of
mature, core packages (Core Consolidation, Hla~H1b).

Second, for middle-quartile (Q2-Q3) packages, the effects are small and generally statis-
tically insignificant across estimators for most outcomes. This supports the interpretation
that moderately established packages are not the primary locus of Al-induced redistribution;
the action is at the extremes of the distribution (the very core and the very periphery).

Third, for the extityoungest (Q1) packages, the estimators diverge. Our preferred Syn-
thetic DiD estimates indicate a large, statistically significant decrease in downstream depen-
dencies, consistent with the Adoption Barrier hypothesis (H2b). By contrast, the TWFE
and Callaway and Sant’Anna (C&S) estimates for downstream dependencies are small and
positive. This divergence suggests that inference on formal adoption in the youngest group is
sensitive to estimator choice in a setting with highly skewed, sparse count outcomes. In the
remainder of the paper, we therefore emphasize the Synthetic DiD results and complement
them with event-study plots and placebo checks in the Appendix to assess the credibility of
the identifying assumptions.

Overall, the robustness checks show that the consolidation effects for core packages are not
an artifact of a single estimator: TWFE, C&S, and Synthetic DiD all point to positive effects

on centrality and downstream dependencies for older packages. For the youngest packages,
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the sign of the downstream-dependency estimate varies across estimators, highlighting that

adoption effects at the periphery are more fragile and require careful interpretation.

5.8 Explaining Estimator Divergence

A key sensitivity in our analysis concerns the estimated effect of Al on downstream dependen-
cies for the youngest packages (Q1). While TWFE and the Callaway and Sant’Anna (C&S)
group-time ATT estimator yield small positive estimates, the Synthetic DiD specification
produces a sizeable negative effect.

This divergence is plausible in our setting for two reasons. First, downstream dependen-
cies for very young packages are extremely sparse and highly skewed (many zeros and a thin
right tail), which makes estimates sensitive to how models and estimators weight units and
time periods. Second, even within the multi-homing design, the Python and R versions of
the youngest packages may exhibit residual differential pre-trends in adoption (e.g., due to
broader ecosystem demand shocks), in which case estimators that effectively assume parallel
trends may deliver different results.

Synthetic DiD is designed to reweight both units and time periods to better match pre-
treatment trajectories, which can be particularly valuable when treated and control outcomes
evolve differently in the pre-period. However, the fact that alternative estimators yield
different signs highlights the importance of transparently reporting pre-trend diagnostics
and event-study evidence for downstream dependencies in Q1, and of checking robustness
to outcome transformations (e.g., log(1 4+ z) or inverse hyperbolic sine) and alternative
treatment dates. We report the full set of estimates in the Appendix and interpret the
Adoption Barrier mechanism primarily through the Synthetic DiD results, while treating
the adoption estimates for the youngest packages as the most fragile part of the empirical

evidence.
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6 Discussion

The empirical findings from our package-level analysis shed light on the tension between the
proliferation and consolidation forces. The results—clear support for ‘Core Consolidation’
(H1), ‘Periphery Experimentation’ (H2a), and an ‘Adoption Barrier’ (H2b)—suggest that

both forces are active simultaneously, though they operate on different parts of the ecosystem.

6.1 Dual Dynamic

The proliferation vs. consolidation framing turns out to be too simple. Both dynamics
coexist, but they operate at different layers of the ecosystem. The OSS market appears to
be evolving into a structure we liken to a galaxy: a dense, gravitationally powerful core of
mature packages, whose influence is amplified by Al, surrounded by a vibrant, star-forming
periphery of new packages where Al fuels experimentation and rapid iteration. Consolidation
dominates at the core (H1b), while proliferation—or at least dynamism—is most visible at
the periphery (H2a). The H2b result, the “Adoption Barrier,” is what ties these together:
Al creates a vibrant but unadopted periphery, separating experimentation from adoption.

The coexistence of these dynamics illustrates how a general-purpose technology like Al
can simultaneously spur more innovation and entrench existing leaders. It is reminiscent
of patterns observed in other creative industries facing technological shocks, where lower
creation costs flood the market with new content but attention remains concentrated on a
few hits. In OSS, Copilot seems to play both the role of augmenter (helping developers do
more) and gatekeeper (guiding them toward known solutions).

Generative Al’s bias toward well-documented, established code likely drives the Adoption
Barrier mechanism. Even as more new packages are created or forked (and garner interest on
platforms like GitHub), developers using Al are steered toward integrating popular libraries
rather than those nascent alternatives. Thus, Al may actually be increasing the “carry

capacity” of the ecosystem (coping with more projects being started) while reducing the

35



success rate of new projects crossing the threshold into widespread use.

For innovation theory, this pattern is worth dwelling on. Al may be increasing the
volume of “trial” innovations (more projects started, more code written) while lowering the
rate at which any given trial diffuses. The result is a market of many experiments and few
successes—a possible recipe for wasted creative effort, or perhaps an environment of rich

exploration that eventually yields breakthroughs beyond our window of observation.

6.2 Limitations and Alternative Explanations

Our empirical patterns admit alternative interpretations and are subject to several limita-

tions that are important for how the results should be read.

Al-induced “noise” versus an adoption barrier. A parsimonious alternative to the
Adoption Barrier mechanism is a “noise” hypothesis: if generative Al sharply lowers the cost
of producing code and packaging it, the ecosystem may see a surge of toy, redundant, or
low-quality packages. In that case, one would expect visible experimentation (e.g., forks,
watches) to rise while average downstream dependencies for young packages fall simply be-
cause fewer of the newly created packages clear the quality threshold required for adoption.
This interpretation is consistent with evidence from labor markets that GenAl adoption is
associated with greater demand for cognitive and social skills, suggesting that even if code
generation becomes cheap, producing robust and adoptable artifacts may remain constrained
by higher-order skills (Gulati et al., 2025). Our current outcome set cannot fully distinguish
“good packages being ignored” from “bad packages being filtered out.” A valuable extension
is therefore to augment the analysis with package-quality proxies (e.g., release cadence, the
presence of tests/CI, issue resolution, download counts, or persistence of activity) and to

re-estimate adoption effects conditional on such quality signals.

Ecosystem spillovers and language-wide demand shocks. As discussed in Section 3.2,

Python experienced strong growth during our window due to broader shifts in the software
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and data-science landscape. While the multi-homing design increases comparability, it does
not mechanically remove a language-wide influx that disproportionately benefits Python
implementations of widely used packages. We therefore interpret our results as evidence
consistent with an Al-induced reallocation of adoption toward the core, but we emphasize
the importance of additional robustness work—including alternative treatment timing (e.g.,
June 2022 general availability), placebo windows, and, where feasible, alternative control

languages—to further disentangle Copilot from contemporaneous ecosystem-level forces.

Conceptual constructs versus observable proxies. Finally, the theory of modular-
ity provides a useful lens for organizing hypotheses about how components diffuse and how
ecosystems evolve. However, our empirical measures are repository- and network-based
proxies (dependencies, centrality, forks, watches, contributors) rather than direct measures
of architectural modularity (API stability, interface complexity, or code-level coupling). We
therefore treat the modularity framing as a disciplined interpretation of reduced-form adop-

tion and engagement outcomes, not as a direct measurement of software architecture.

Comparability within the multi-homing sample. Multi-homing packages may differ
in their primary development communities and origins (e.g., R-first packages later ported to
Python). This may matter if Copilot’s productivity shock interacts with where maintainer
effort is concentrated. We therefore construct an origin indicator (based on first release dates
on PyPI vs. CRAN) and use it in heterogeneity analyses in extensions to probe whether

effects vary systematically by origin ecosystem.

6.3 Generative AI and the Economic Value of Modularity

Our findings have implications for the theory of modularity, introduced in Section 5.1. The
value of modular architectures (Baldwin and Clark, 2000) lies in the creation of economic
“options”—the ability for “parallel innovation” by third parties building on stable “visible

design rules” (APIs). The OSS ecosystem is this theory in practice. Copilot’s advent stress-
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tested this model: Did lowering module creation costs lead to more innovation that plugged
into the system, or did it overwhelm the option value by steering innovation inwards toward
the core?

The evidence suggests a bit of both. The spike in forks and exploration of new packages
indicates that the option value of modularity is being exercised—many developers tried new
things at the edges. But the failure of these experiments to translate into adoptions indicates
a potential devaluation of those options—if new modules aren’t being adopted, the system
may not be reaping the fruits of that parallel innovation. In effect, AI might be raising the
“exercise price” of modular options: it’s easy to create a new module, but harder to have it
accepted when the Al constantly suggests sticking with the familiar modules.

This has broader implications. One might argue that the true economic value of mod-
ularity is only realized if there is sufficient experimentation and adoption. If Al drives a
wedge between the two, it could undermine the modular strategy’s payoff. Over time, that
could discourage the creation of alternative modules (why build what won’t be used?), and
thereby reduce the resilience of the ecosystem to future shocks (since diversity of components
provides robustness).

The adoption barrier also has implications for developer incentives. Many OSS con-
tributors are intrinsically motivated (e.g., by peer recognition or creative fulfillment) and
extrinsically incentivized (e.g., by career prospects or monetization opportunities via sup-
port contracts) (Lerner and Tirole, 2002; Roberts et al., 2006). Both types of incentives
often depend on adoption—one’s work gains recognition or value if it’s widely used. If Al
assistance makes it harder for new contributions to gain adoption, the expected payoff (psy-
chic or financial) for working on a new OSS project might fall. This could eventually lead
to a reduction in OSS supply or a reallocation of talent toward core projects where adoption

(and thus recognition) is more assured.
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6.4 Policy and Governance Implications

These findings carry implications for platform managers (like GitHub or package registry
maintainers) and policymakers concerned with the health of digital innovation ecosystems.
First, the evidence of consolidation suggests that without intervention, Al-augmented devel-
opment could lead to “rich-get-richer” dynamics, raising concerns about monopolistic out-
comes even in an open source setting. More broadly, consolidation pressures at the package
layer may be amplified by concentration at the foundation-model layer, where scale, com-
pute, and control of complementary assets can create dominant providers whose tools shape
downstream innovation ecosystems (Korinek and Vipra, 2025; Azoulay et al., 2025). Put dif-
ferently, openness at the code layer does not preclude concentration when access to critical
complements—including compute, data, distribution, and integration channels—is uneven
and can be strategically controlled (Azoulay et al., 2025). This might warrant new strategies
to surface and promote high-quality new packages (for instance, tweaking Al suggestions
to occasionally expose developers to promising new libraries) to counteract the bias toward
incumbents. This perspective aligns with recent theory on algorithmic recommendation de-
sign, which emphasizes that recommendation systems can act as informational gatekeepers
and shape equilibrium outcomes through what they surface to users (Ichihashi and Smolin,
2025).

Second, the burden on core maintainers is likely growing. If more activity flows to core
projects (and AI even helps generate more activity), those project teams might face scaling
challenges—more pull requests, more issues to triage, and ultimately more risk of burnout
or stagnation. Platform governance could consider mechanisms to distribute load, like au-
tomation tools for maintenance or programs that incentivize contributing to maintenance of
widely-used dependencies.

Third, the “vibrant but fragile” periphery invites thinking about support structures for
nascent projects. If the market isn’t naturally adopting them despite interest, perhaps

targeted support (through grants, mentorship, or integration support) could help viable new
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entrants cross the adoption chasm.

More broadly, our results point to unintended side effects of Al tools. While increasing
productivity, they may also reshape power dynamics in ecosystems. As governments and
organizations consider policies for Al, it is worth looking not just at labor-market effects—
both broad adoption patterns (Hartley et al., 2024) and potential displacement in exposed
tasks (Hui et al., 2024)—or GDP growth, but also at how AI might rewire the competitive

landscape of innovation domains like open source software.

6.5 Limitations and Further Research

This study, while leveraging a unique natural experiment, has limitations that suggest direc-
tions for future research. First, our multi-homing identification strategy focuses on a subset
of packages that exist in both Python and R. These tend to be packages of broad utility
(e.g., in data science), potentially limiting generalizability. There may be language-specific
dynamics (say, in JavaScript or other ecosystems) that differ. Replicating this analysis in
other contexts, or as Copilot expanded to more languages (including R in 2023), would help
validate the external validity of our findings.

Second, our time window covers one year post-treatment. It remains to be seen whether
the “Adoption Barrier” is a temporary friction or a longer-term steady state. It’s possible
that some new packages will eventually break through with more time or if AI models
themselves are retrained on the code that includes those initial experiments—since access to
additional training data can causally improve model performance (Jia and Nagaraj, 2025)
(i.e., if Copilot’s suggestions eventually learn about post-2022 new packages). Longitudinal
studies could track whether the periphery truly remains a revolving door of experiments or
if some graduate to the core.

Third, because we do not observe Copilot utilization directly, our estimates capture an
availability-driven exposure rather than a pure treatment-on-the- treated effect; evidence

from workplace deployments emphasizes that adoption and intensity of use are endogenous
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and heterogeneous across organizations and skill distributions, which can moderate realized
impacts (Jaffe et al., 2024).

Additionally, future studies could examine whether a package’s origin or domain alters
the impact of Al. For example, multi-homing packages that were originally developed in
Python vs. R might have different primary user communities, potentially affecting their
response to Al assistance. Similarly, the effects might vary by the functional domain of the
package (e.g., machine learning libraries vs. statistical utilities), revealing nuances in how Al
reshapes innovation across subfields. Finally, further analysis is required to assess not just
the quantity, but also the quality and maintainability of Al-assisted contributions at both

the core and the periphery of the ecosystem.

7 Conclusion

We provide causal evidence that the introduction of Generative Al is reshaping the Open
Source Software ecosystem in ways that individual-level studies do not capture. Our findings
move beyond the Proliferation versus Consolidation debate to document a more specific
pattern: an “Adoption Barrier” that decouples community experimentation from formal
adoption. For mature, established packages, Al acts as a consolidating force, amplifying their
influence and deepening the ecosystem’s dependence on them through a powerful Matthew
Effect. For young, nascent packages, Al acts as a catalyst for experimentation (surges in
forks and watches), but our most robust models show it causes their formal adoption via
dependencies to decrease. This separation of experimentation from adoption is our central
finding.

We offer a contingency model for understanding the economic impact of Al on digital
ecosystems, where outcomes depend on package maturity. We also draw a link to modularity
theory, suggesting that Al reinforces dominant “design rules” while devaluing the “options”

that provide for ecosystem resilience.
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For platform governors, such as GitHub, and for OSS foundations, the results highlight a
practical challenge: managing the systemic risks associated with a consolidating core while
fostering the innovative potential of a dynamic periphery that may be rich in experimentation
but poor in adoption. The long- term health of the open source world may depend on finding
a balance between the stability of the old and the creative energy of the new in this emerging
Al- driven paradigm.

Future research should build on these findings in several directions. Longitudinal stud-
ies are needed to track whether the vibrant periphery eventually produces new, stable core
packages or remains a realm of ephemeral experimentation. Qualitative research could pro-
vide deeper insights into the changing workflows and motivations of developers in the age of
Al including the positive emotional responses and boundary-spanning capabilities Al can
provide (Dell’Acqua et al., 2025). Finally, further analysis is required to assess not just the
quantity, but also the quality and maintainability of Al-assisted contributions at both the
core and the periphery of the ecosystem.

Generative Al in short, does not merely make developers faster; it changes which parts

of the ecosystem grow and which are left behind.
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Appendix

A Aggregate Market-Level Effects

Table 7: Aggregate Market-Level Effects: Concentration (HHI)

(1) (2)

HHI HHI
Python x Copilot 0.925***
(0.193)
Python x False Copilot 0.336
(0.266)
Observations 72 48
R? 0.998  0.998
Language FE v v
Month-Year FE v v
Group Linear Trend v v
Mean DV 88.079 88.716

Notes: This table shows the difference-in-differences estimate for market concentration (HHI).

Table 8: Aggregate Market-Level Effects: Inequality (Gini)

(1) (2)

Gini Gini
Python x Copilot -0.004***
(0.001)
Python x False Copilot 0.000
(0.001)
@servations 72 48
R? 0.997  0.999
Language FE v v
Month-Year FE v v
Group Linear Trend v v
Mean DV 0.898  0.894

Notes: This table shows the difference-in-differences estimate for inequality (Gini Coefficient).
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Table 9: Aggregate Market-Level Effects: New Package Entry

(1) (2)
Log(NewPackages) Log(NewPackages)
Python x Copilot 0.126
(0.120)
Python x False Copilot -0.031
(0.247)
Observations 72 48
R? 0.989 0.988
Language FE v v
Month-Year FE v v
Group Linear Trend v v
Mean DV 6.875 6.878

Notes: This table shows the difference-in-differences estimate for the new package entry rate.

B Eigenvector Centrality

B.1 Full Sample

Table 10: Eigenvector Centrality — Full Sample

(1)

(2)

(3)

TWFE C&S Synthetic DiD
ATT -0.00066 0.00133 0.00003
(0.00247) (0.00155) (0.00062)
Observations 97,272 97,272 97,272

Standard errors in parentheses
T p<0.10, * p < 0.05, ** p < 0.01, *** p < 0.001

B.2 Heterogeneity

C Closeness Centrality

C.1 Full Sample
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Table 11: Eigenvector Centrality — Heterogeneity

(1) (2) (3) (4)
Q1 (Youngest) Q2 Q3 Q4 (Oldest)
ATT (TWFE) -0.00160 -0.00505 -0.00579 0.00984*
(0.00430) (0.00402) (0.00627) (0.00481)
ATT (C&S) -0.00444 0.00197 0.00123 0.00657*
(0.00321) (0.00197) (0.00376) (0.00313)
ATT (Synthetic DiD) 0.00000*** -0.00000 0.00000 0.00728***
(0.00000) (0.00000) (0.00000) (0.00010)
Observations 24,336 24,336 24,336 24,264
Standard errors in parentheses
T p<0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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Figure 4: Event Study: Parallel Trends Validation for Eigenvector Centrality (Q4). Plots
show pre-treatment coefficients (¢t < 0) are not statistically significant, validating the parallel
trends assumption for the multi-homing sample.
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Table 12: Closeness Centrality — Full Sample

(1) (2) (3)
TWFE C&S Synthetic DiD
ATT 0.00249 -0.00007 -0.00941***
(0.00152) (0.00096) (0.00195)
Observations 97,272 97,272 97,272

Standard errors in parentheses
T p<0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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C.2 Heterogeneity

Table 13: Closeness Centrality — Heterogeneity

(1) (2) (3) (4)
Q1 (Youngest) Q2 Q3 Q4 (Oldest)
ATT (TWFE) 0.00483 0.00485* 0.00081 -0.00053
(0.00295) (0.00242) (0.00273) (0.00386)
ATT (C&S) -0.00070 0.00107 0.00001 -0.00065
(0.00164) (0.0148) (0.00143) (0.00277)
ATT (Synthetic DiD) 0.00107* -0.00360 -0.00039 -0.00136*
(0.00043) (0.00228) (0.00050) (0.00072)
Observations 24,336 24,336 24,336 24,264
Standard errors in parentheses
T p<0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
D Betweenness Centrality
D.1 Full Sample
Table 14: Betweenness Centrality — Full Sample
(1) (2) (3)
TWFE C&S Synthetic DiD
ATT -0.00000 -0.00000 0.00000
(0.00000) (0.00000) (0.00000)
Observations 97,272 97,272 97,272

Standard errors in parentheses
T p<0.10, * p < 0.05, ** p < 0.01, *** p < 0.001

D.2 Heterogeneity
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Table 15: Betweenness Centrality — Heterogeneity

(1) (2) (3) (4)
Q1 (Youngest) Q2 Q3 Q4 (Oldest)
ATT (TWFE) -0.00000 -0.00000 0.00000 0.00000
(0.00000) (0.00000) (0.00000) (0.00000)
ATT (C&S) 0.00000 -0.00000 0.00000 -0.00000
(0.00000) (0.00000) (0.00000) (0.00000)
ATT (Synthetic DiD) 0.00000 -0.00000 0.00000 0.00000
(0.00000) (0.00000) (0.00000) (0.00000)
Observations 24,336 24,336 24,336 24,264
Standard errors in parentheses
T p<0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
E Upstream Dependencies
E.1 Full Sample
Table 16: Upstream Dependencies — Full Sample
(1) (2) (3)
TWFE C&S Synthetic DiD
ATT 0.04627** 0.00806* 0.00858*
(0.00741) (0.00399) (0.00356)
Observations 97,272 97,272 97,272

Standard errors in parentheses
T p <0.10, * p < 0.05, ** p < 0.01, *** p < 0.001

E.2 Heterogeneity
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Table 17: Upstream Dependencies — Heterogeneity

(1) (2) (3) (4)
Q1 (Youngest) Q2 Q3 Q4 (Oldest)

ATT (TWFE) 0.07393*** 0.05697*** 0.03132** 0.02280*

(0.01848) (0.01617) (0.01184) (0.01135)
ATT (C&S) 0.00587 -0.00399 0.01506* 0.01532

(0.00632) (0.00808) (0.00743) (0.00967)
ATT (Synthetic DiD) 0.02828*** 0.01343** 0.00975 0.00799**

(0.00568) (0.00496) (0.00825) (0.00276)
Observations 24,336 24,336 24,336 24,264

Standard errors in parentheses
T p <0.10, * p < 0.05, ** p < 0.01, *** p < 0.001

F Downstream Dependencies

F.1 Full Sample

Table 18: Downstream Dependencies — Full Sample

(1)

(2)

(3)

TWFE C&S Synthetic DiD
ATT 0.08577*** 0.02806*** 0.01206*
(0.00755) (0.00372) (0.00499)
Observations 97,272 97,272 97,272

Standard errors in parentheses
T p <0.10, * p < 0.05, ** p < 0.01, *** p < 0.001

F.2 Heterogeneity
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Table 19: Downstream Dependencies — Heterogeneity

(1) (2) (3) (4)
Q1 (Youngest) Q2 Q3 Q4 (Oldest)
ATT (TWFE) 0.06560*** 0.08752** 0.07428*** 0.11578***
(0.01554) (0.01491) (0.01498) (0.01491)
ATT (C&S) 0.02053** 0.02561** 0.02865*** 0.03745***
(0.00647) (0.00579) (0.00833) (0.00875)
ATT (Synthetic DiD) -0.25141* 0.00927 0.01821 0.03963***
(0.06624) (0.07517) (0.04448) (0.00925)
Observations 24,336 24,336 24,336 24,264
Standard errors in parentheses
T p <0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
G Forks
G.1 Full Sample
Table 20: Forks — Full Sample
(1) (2) (3)
TWFE C&S Synthetic DiD
ATT 0.00492 0.02568"** 0.15184**
(0.00383) (0.00686) (0.02311)
Observations 97,272 97,272 97,272

Standard errors in parentheses
T p <0.10, * p < 0.05, ** p < 0.01, *** p < 0.001

G.2 Heterogeneity
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Table 21: Forks — Heterogeneity

(1) (2) (3) (4)
Q1 (Youngest) Q2 Q3 Q4 (Oldest)

ATT (TWFE) 0.01919* -0.00310 0.00362 -0.00003

(0.00769) (0.00741) (0.00903) (0.00621)
ATT (C&S) 0.04286™* 0.01772 0.02841* 0.01368

(0.01444) (0.01319) (0.01303) (0.01410)
ATT (Synthetic DiD) 0.16633*** 0.06364*** 0.04787 0.04290*

(0.02017) (0.01897) (0.03073) (0.01691)
Observations 24,336 24,336 24,336 24,264

Standard errors in parentheses
T p <0.10, * p < 0.05, ** p < 0.01, *** p < 0.001

H Watches

H.1 Full Sample

Table 22: Watches — Full Sample

(1) (2)

(3)

TWFE C&S Synthetic DiD
ATT 0.00557 0.01134 0.14321**
(0.00631) (0.00912) (0.02956)
Observations 97,272 97,272 97,272

Standard errors in parentheses
T p <0.10, * p < 0.05, ** p < 0.01, *** p < 0.001

H.2 Heterogeneity
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Table 23: Watches — Heterogeneity

(1) (2) (3) (4)
Q1 (Youngest) Q2 Q3 Q4 (Oldest)
ATT (TWFE) 0.04257* -0.00562 -0.00379 -0.01091
(0.01406) (0.01184) (0.01405) (0.00981)
ATT (C&S) 0.01285 0.01324 0.00594 0.01335
(0.02057) (0.01854) (0.01791) (0.01551)
ATT (Synthetic DiD) 0.14066™** 0.09082** 0.07349* 0.00394
(0.02225) (0.02793) (0.03150) (0.02050)
Observations 24,336 24,336 24,336 24,264
Standard errors in parentheses
T p<0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
I Contributors
I.1 Full Sample
Table 24: Contributors — Full Sample
(1) (2) (3)
TWFE C&S Synthetic DiD
ATT 0.01595* 0.01366 0.23418***
(0.00678) (0.01042) (0.04614)
Observations 97,272 97,272 97,272

Standard errors in parentheses
T p <0.10, * p < 0.05, ** p < 0.01, *** p < 0.001

1.2 Heterogeneity
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Table 25: Contributors — Heterogeneity

(1) (2) (3) (4)
Q1 (Youngest) Q2 Q3 Q4 (Oldest)

ATT (TWFE) 0.03986* 0.00790 0.01410 0.00191

(0.01595) (0.01243) (0.01482) (0.01005)
ATT (C&S) -0.02905 0.04089" 0.02945 0.01336

(0.02108) (0.02233) (0.01936) (0.02039)
ATT (Synthetic DiD) 0.10680** 0.17167* 0.13246** 0.02914

(0.03643) (0.02569) (0.03302) (0.02526)
Observations 24,336 24,336 24,336 24,264

Standard errors in parentheses
T p <0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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