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—— Abstract

Background. Open source software ecosystems exhibit dense dependency networks in which main-
tenance degradation of structurally central packages can propagate widely. Despite increasing
attention to open source sustainability, existing support mechanisms lack an explicit, dependency-
aware notion of ecosystem-level impact to guide support decisions.

Aims. In this paper, we introduce a dependency-aware model of ecosystem impact that captures how
changes in maintenance activities propagate through the Python Package Index (PyPI) ecosystem
and affect its overall state. Based on this model, we prioritize packages for ecosystem support using
our dependency-propagated notion of ecosystem impact.

Method. Applying this framework to a snapshot of 718,750 PyPI packages and over 2 million
dependencies, we compare our impact-driven support strategy with existing support mechanisms
(Tidelift, Ecosyste.ms, and GitHub Sponsors) and with PageRank as a baseline measure of structural
importance.

Results. Our results show that a large share of the modeled ecosystem impact (approximately 80%)
can be attributed to just 0.1% of all PyPI packages when prioritized based on dependency-propagated
impact. In contrast, externally defined support sets vary substantially in their alignment with
ecosystem impact. We further analyze maintainer reach and metadata accessibility, revealing that
ecosystem impact, social footprint, and operational feasibility represent distinct but complementary
dimensions of ecosystem support.

Conclusions. Dependency-aware ecosystem impact modeling provides a transparent and systematic
basis for prioritizing support in large-scale software ecosystems. Our findings suggest that effective
support strategies, driven by ecosystem stewards, funding bodies, and organizations operating support
programs, should complement existing allocation logic with impact-informed decision making.
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1 Introduction

Over the past decades, Open Source Software (OSS) has become a fundamental component of
modern software systems, with estimates suggesting that 80% to 90% of commercial software
relies on open source components [16,34,43]. Within this landscape, reusable software
libraries play a central role. Typically distributed as packages through ecosystem registries,
they provide specialized functionality that reduces development effort [4]. Integrated as
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dependencies, they collectively form large-scale, layered dependency networks [11]. This

structural interdependence introduces systemic risks: vulnerabilities or failures in a single

package can propagate through direct and transitive dependencies, affecting large parts
of the ecosystem [14], as illustrated by incidents such as Logd4j [2], LiteLLM [32], and XZ

Utils [35]. While OSS communities often respond quickly to security issues [48], sustained

maintenance is not guaranteed. Libraries may experience declining activity or be abandoned

entirely [4,28,47]. In such cases, insufficiently maintained dependencies can propagate risks

across the ecosystem, impacting potentially thousands of downstream projects [24, 58].
However, while maintenance-related risks in software libraries are well recognized [28,47]

and the propagation of risks through dependency networks is well established [19,23], there

is no formalization that combines these perspectives into a dependency-aware notion of
ecosystem-level impact, which quantifies how improving or degrading the maintenance
activities of a given library affects the overall state of the ecosystem. This limitation is
particularly relevant in the context of OSS support mechanisms, which are essential for
sustaining maintenance through financial and non-financial interventions [25,27,56]. A key
challenge for these support mechanisms is the allocation of limited resources across libraries.

However, existing support mechanisms operate without a notion of ecosystem impact [10,

40,51,67]. As a result, it remains unclear which subset of libraries should be prioritized

to maximize ecosystem impact [15,42,65]. Beyond this structural perspective, additional

challenges arise when operationalizing ecosystem support. The maintainer populations behind
structurally critical libraries remain insufficiently characterized, limiting our understanding
of how support strategies translate into social reach [3,8,9,42,68]. Furthermore, even
when relevant libraries can be identified, practical constraints such as missing metadata

(e.g., contact information, donation links, or repository URLSs) can hinder maintainer outreach

and support allocation [5,60-62]. Finally, existing support mechanisms such as Tidelift,

Ecosyste.ms, and GitHub Sponsors have not been systematically evaluated with respect to

their dependency-propagated ecosystem impact, with available reports typically focusing on

project-level improvements rather than transitive ecosystem-wide effects [52]. To guide our
empirical analysis, we formulate the following research questions (RQs):

RQ1: When support is concentrated on libraries with the highest ecosystem impact on PyPI,
how many libraries are required and what proportion of the ecosystem is affected?

RQ2: Given the libraries selected in RQ1, how does the selection translate into the number
of maintainers reached?

RQ3: Given the libraries selected in RQ1, to what extent are maintainers reachable and
supportable through PyPI and repository metadata, and how frequently are packages
excluded from the analysis due to missing repository links?

RQ4: How do libraries associated with existing support mechanisms compare to the selection
identified in RQ1 under the same analytical dimensions used in RQ1-RQ3?

We address these research questions by introducing a dependency-aware definition of
ecosystem impact that models how changes in maintenance activities propagate through
package dependency networks. We ground our analysis in the Python Package Index (PyPI),
a widely used ecosystem in modern software development characterized by strong library
integration patterns [1,13,20]. At a high level, ecosystem impact captures how changes in
the maintenance state of a single package influence the overall state of the ecosystem. We
operationalize this by modeling the ecosystem as a set of interdependent packages, where
maintenance changes at the package level propagate through the dependency network and
contribute to a global ecosystem state. By quantifying how individual packages affect this
global state, we obtain a measure of their relative impact on the ecosystem. Aggregating
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these effects yields a global view that enables comparison across packages. Building on this
definition, we frame ecosystem support as a constrained selection problem: given a target
share of overall ecosystem impact, which packages should be prioritized for support? Using
this framework, we analyze an impact-driven support allocation strategy that prioritizes
libraries based on their dependency-propagated ecosystem impact. We examine how this
strategy translates into the number and concentration of supported packages, the number
of maintainers reached, and the availability of metadata required for delivering financial
and non-financial support. Finally, we benchmark existing support mechanisms (Tidelift,
Ecosyste.ms, and GitHub Sponsors) against our impact-driven selection strategy.

In response to the identified gaps, this paper makes the following contributions: First, we
introduce a dependency-aware definition of ecosystem impact that models how simulated
maintenance changes propagate through package dependency networks. Second, we opera-
tionalize ecosystem support allocation as a constrained selection problem and analyze an
impact-driven prioritization strategy. Third, we extend the evaluation of support strategies
beyond ecosystem impact by integrating maintainer reach and metadata accessibility as
complementary dimensions of practical feasibility. Fourth, we provide a benchmark of existing
support mechanisms (Tidelift, Ecosyste.ms, and GitHub Sponsors) against our dependency-
propagated impact model, enabling comparison between impact-driven and externally defined
allocation logics. Fifth, we systematically compare our proposed impact metric to PageRank
as a baseline measure of structural importance, identifying when structural centrality serves as
a suitable proxy for ecosystem impact and where it fails to capture the effects of maintenance
changes and their propagation. Our contributions provide a dependency-aware basis for
evaluating and prioritizing ecosystem support and may inform decision-making of ecosystem
stewards, funding bodies, and organizations operating support programs.

2 Background and Related Work

2.1 Open Source Sustainability and Support Mechanisms

Open source software constitutes critical infrastructure in modern software supply chains,
yet its sustainability is constrained by limited maintainer capacity and the often unpaid
nature of maintenance work. Recent work conceptualizes sustainability as maintaining the
socio-technical conditions that allow projects to remain healthy over time, emphasizing the
need to support the “human infrastructure” behind OSS (e.g., reducing burnout and enabling
stable maintenance routines) [25]. In dependency-rich package ecosystems, sustainability
also has a systemic dimension: the maintenance status of upstream libraries can affect many
downstream projects through direct and transitive dependencies [65]. To address these risks,
a range of support mechanisms has emerged. Institutional support includes foundations
that provide legal, organizational, and operational assistance, although prior work shows
that such institutionalization complements rather than replaces project-level engineering
and governance practices [22]. Financial mechanisms include donations, crowdfunding, and
sponsorship platforms. Empirical studies show heterogeneous outcomes: donations are used
for diverse purposes but do not consistently translate into increased development activity [40],
while evidence from Open Collective highlights diverse donation and spending patterns across
projects [67]. Similarly, studies of donation platforms suggest that their effectiveness depends
strongly on project characteristics such as size, maturity, and community engagement [66].
Platform-mediated sponsorship mechanisms such as GitHub Sponsors provide another funding
channel and shape developer activity and social dynamics in OSS ecosystems [51].
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Beyond these academic perspectives, industry and public-sector initiatives increasingly
use dependency information to guide funding decisions. For example, Tidelift distributes
subscription revenue based on their customer’s dependency usage [55]. Ecosyste.ms has
introduced ecosystem-level funds that allocate sponsorship to widely reused projects [17], while
public-sector programs such as the Sovereign Tech Agency fund open digital infrastructure
to strengthen resilience and security [53]. Additional initiatives aim to normalize corporate
contributions (e.g., Open Source Pledge) [31] or support dependency-aware giving (e.g.,
thanks.dev) [7]. Recent work has also begun to systematize the evaluation of public funding
interventions in open source ecosystems by proposing toolkits for measuring their impact [39].

Despite the diversity of support mechanisms, none considers in their library selection how
dependency networks amplify downstream effects of insufficient maintenance, limiting the
assessment of ecosystem-level impact. This motivates our ecosystem-aware selection strategy
that combines dependency-propagated impact and maintenance signals.

2.2 Maintenance Activities and Project Health

OSS project health is frequently operationalized through maintenance activities and the risk
of inactivity, abandonment, or failure. Broader OSS health assessments combine multiple
indicators, many of which are represented by metrics developed by the Community Health
Analytics in Open Source Software (CHAOSS) project [26]. Empirical studies indicate that
project failure or deprecation is multi-causal and influenced by socio-technical practices. For
example, prior work analyzed deprecated GitHub projects and identified multiple factors
contributing to project abandonment, including limited maintainer availability, project
obsolescence, and competition from alternative solutions [9]. More broadly, recent work
emphasizes that maintenance capacity is constrained by maintainer resources and the socio-
technical conditions supporting maintainer labor [25]. In package ecosystems, maintenance
must also be considered in relation to dependency structure. A study of the PyPI ecosystem
found that dependency-network properties and organizational support significantly influence
sustained project activity [65]. This implies that upstream packages with many dependents
carry ecosystem-wide maintenance obligations. Given the role of dependency structure in
maintenance, prior work investigated automated monitoring of maintenance activities for
direct and transitive dependencies, highlighting limitations of approaches that ignore transitive
relationships [58]. Closely related to this limitation, existing work on maintenance activities
of libraries has not systematically investigated how maintenance changes propagate through
dependency networks and affect the ecosystem as a whole, motivating our formalization of a
dependency-propagated notion of ecosystem impact that incorporates maintenance signals.

2.3 Maintainer Reach and Metadata Accessibility

Beyond identifying impactful libraries, the practical feasibility of ecosystem support depends
on the availability of actionable maintainer and funding information. Missing or outdated
metadata (e.g., repository URLSs, donation links, or contact channels) can limit empirical
analysis and hinder interventions such as sponsorship or coordinated support with maintain-
ers [5]. Several prior studies examine these constraints in the PyPI ecosystem. Analyses of
repository-link accessibility show that a non-trivial share of packages lacks valid repository
links [60]. Studies of donation-platform usage report limited adoption of donation links
across projects [61]. Both findings indicate that metadata availability tends to increase with
structural importance and for packages appearing in dependency chains. Additional work
on maintainer reachability shows that e-mail contact information is broadly available across
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PyPI, with only a small share of invalid or missing entries [62]. To explain why such metadata
gaps persist for repository and donation-platform links, prior work reports survey-based
evidence on barriers that maintainers face when providing such metadata [64]. Together, these
findings motivate metadata accessibility as an important feasibility dimension of ecosystem
support, which we evaluate across the package sets produced by different support strategies.

2.4 Structural Importance in Dependency Networks

Package ecosystems can be modeled as directed dependency networks in which nodes represent
packages and edges represent dependency relations. In such networks, packages may influence
large portions of the ecosystem through transitive dependencies. Empirical studies show that
these dependency graphs evolve over time and exhibit strong concentration effects, where
relatively few packages accumulate many dependents [15]. Consequently, importance in
package ecosystems should be assessed at the ecosystem level rather than relying solely on
project-local popularity metrics. Structural importance is also closely related to systemic risk.
Prior work on vulnerabilities in dependency networks demonstrates that issues in upstream
packages can propagate widely to downstream projects, highlighting the need for ecosystem-
level reasoning when analyzing propagation and mitigation [14]. Similar dynamics apply
beyond security, as maintenance degradation or abandonment in upstream dependencies can
impose huge downstream costs [65]. Quantifying such propagated effects requires measuring
the transitive influence of packages within the dependency network. Centrality measures
provide a natural baseline for this purpose, with PageRank capturing global influence based
on the network’s link structure and serving as a proxy for transitive importance [6]. Prior
studies have applied PageRank to identify critical projects in package ecosystems, often in
combination with maintainer-risk indicators such as the Truck Factor [42]. Additionally,
research suggests that trends in structural centrality can help identify declining packages
earlier than traditional popularity metrics and support the identification of alternatives [29,30].
Beyond academic studies, initiatives such as the OpenSSF Criticality Score identify critical
open source projects by aggregating repository-level signals including activity, community
engagement, and usage proxies [33]. While such approaches provide a practical notion of
project criticality, their aggregation limits the ability to focus on specific dimensions such
as maintenance dynamics. Taken together, while established importance measures such as
PageRank are capable of capturing the potential influence of packages within a dependency
network and prioritizing highly influential libraries, they lack the ability to capture how
changes in maintenance state affect the ecosystem. Building on this observation, we use
PageRank as a baseline measure of structural importance in the PyPI dependency network
and compare it with our proposed impact metric for prioritizing libraries for support. This
comparison allows us to analyze when PageRank serves as a suitable proxy for ecosystem
impact and where it fails to capture the effects of maintenance changes and their propagation.

3 Methodology

We conduct a large-scale, quantitative, observational study of the PyPI ecosystem based on
mining, integrating, and analyzing package- and repository-level metadata. Our methodo-
logy combines dependency network analysis, repository-derived maintenance indicators, and
ecosystem-level importance measures. We evaluate alternative ecosystem support strategies
in terms of the number and concentration of supported packages, maintainer reach, support-
ability via contact and donation channels, and metadata-driven exclusion effects.
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3.1 Data Collection and Preprocessing

To study ecosystem support strategies in the PyPI ecosystem, we collected a snapshot of all
packages together with their dependency information and associated package- and repository-
level metadata. Data collection was implemented as a reproducible pipeline, which combines
multiple data sources and integrates them at package level into a consolidated dataset.

3.1.1 PyPIl Package Discovery and Filtering

We collected a comprehensive list of Python packages using an official API endpoint [46]. Each
package listed at the time of data collection was treated as a single unit of analysis. Packages
that could not be resolved through the detailed PyPI endpoint [44] or that appeared only
as dependency references without a package entry in the initial package list were excluded
from the dataset. This preprocessing step ensures that all analyzed packages are associated
with consistent dependency information. The resulting package list defines the scope of the
ecosystem and serves as the baseline for all analyses and selection strategies.

3.1.2 PyPIl Package Metadata

For each package, we retrieved package-level metadata using an official PyPI APT [44]. These
metadata include project URLs, which are used to identify source code repositories and
donation platform links, as well as contact information of authors and maintainers in the form
of available e-mail addresses. To protect the privacy of individuals, whenever valid contact
information is available, we store only a reference to the corresponding project page rather
than the e-mail address itself. In addition, we extracted direct and optional dependencies
for the latest available version of each package. This dependency information is used to
construct the PyPI dependency network, modeled as a directed graph with unrestricted
transitive depth, which enables the computation of package importance based on PageRank.
As described in more detail in Section 3.1.4, PageRank serves as a baseline for structural
importance, against which we compare our dependency-propagated ecosystem impact metric.
The retrieved PyPI metadata, including contact information, donation platform links, and
repository URLs, is used for the analysis of maintainer reachability, supportability, and
systematic exclusion effects in RQ3.

Repository-level metadata. For packages with resolvable GitHub repositories, we collected
repository-level metadata using the GitHub API. This includes repository ownership data
(individual user vs. organization), and, where available, contact information listed at the
repository owner level. To protect an individual’s privacy, we do not store raw e-mail addresses
but retain only references to the corresponding repository owner pages. In addition, we
collected linked donation platform URLs, including GitHub Sponsors and externally referenced
funding links. For organization-owned repositories, we collected associated members to
quantify the number of maintainers reached by different package selection strategies, central
to RQ2. The presence of contact information and donation links enables assessing maintainer
reachability and supportability via repository metadata, relevant to RQ3.

3.1.3 Maintenance Indicator

To assess maintenance-related characteristics of packages, we used the Maintained check
from the OpenSSF Scorecard [37], a framework widely adopted across software repositories
in academia and industry [36,38,59]. This check provides a score from 0 to 10 based on
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commit and issue activity during the past 90 days. We selected this bounded and consistently
computable signal for controlled large-scale comparisons of recent maintenance activity, not
as a comprehensive measure of project health.

3.1.4 Comparison of Impact Metric with Existing Importance Measures

To systematically compare our notion of dependency-propagated ecosystem impact with
established ecosystem-level importance measures in the context of prioritizing libraries for
support, we consider two complementary importance measures: (i) a structural importance
measure based on PageRank derived from the dependency network, and (ii) a usage-based
importance measure based on package download counts obtained from the pepy.tech APT [41].
While both measures are retained in our dataset, PageRank is used as a baseline measure of
structural importance against which we compare our proposed impact metric. This choice is
motivated by conceptual, institutional, and practical considerations.

First, usage-based popularity and structural centrality capture different aspects of ecosys-
tem importance. In our dataset, the two measures exhibit only a low-to-moderate association,
with a Spearman rank correlation of r; = 0.31, indicating that they frequently differ in
their ranking and should not be treated as interchangeable signals [12]. Structural centrality
reflects the extent to which packages are relied upon by others and provides a natural baseline
for assessing dependency-mediated influence in the ecosystem [6]. Second, PyPI deprecated
download statistics from its official infrastructure due to concerns regarding data reliability
and interpretation, including the influence of automated downloads and caching effects [45].
In alignment with this decision, we avoid using download counts as a primary basis for ecosys-
tem importance and instead use PageRank as a baseline for our comparison. Third, PageRank
provides practical advantages for large-scale ecosystem studies, as it can be computed solely
from dependency information without requiring costly third-party services [41].

3.2 Data Analysis: Modeling dependency-propagated Ecosystem Impact

All analyses are part of a reproducible workflow implemented as a dashboard web application.
Conceptually, the analysis evaluates an ecosystem support strategy based on dependency-
propagated ecosystem impact by selecting sets of packages and examining the resulting
implications in terms of package set size and concentration (RQ1), maintainer reach (RQ2),
metadata accessibility (RQ3), and alignment with existing support mechanisms (RQ4).

As motivated in Section 1, maintenance changes in individual packages can propagate
through dependency networks and affect large parts of the ecosystem. To reason about such
system-wide effects, we require a measure that captures how local maintenance changes
translate into ecosystem-level consequences. We therefore define ecosystem impact as the
dependency-propagated effect of changes in a package’s maintenance state. To enable
comparison across packages, this effect is normalized with respect to the total dependency-
propagated impact in the ecosystem. This definition reflects two key requirements: first,
maintenance changes should propagate through direct and transitive dependencies, and
second, their effect should scale with the extent to which a package influences other parts of
the ecosystem. We use a linear additive baseline that treats transitive dependency occurrences
equally to keep attribution transparent and scalable without imposing unvalidated weights.
Richer models could distinguish direct and indirect dependencies to account for dependency
depth, trace propagation through method-level call graphs, and represent structural relations
such as imports, inheritance, and function calls [50,54].
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Concretely, we model the ecosystem as a set P of interdependent packages and define
the overall ecosystem maintenance state M., as the sum of maintenance levels of all
packages, i.e., Mo, = qup
To incorporate dependency effects, we assume that the maintenance state of a package is
not only determined locally, but also by the maintenance of the packages occurring in its
dependency structure. To account for this, we replace the local maintenance state with
a dependency-propagated maintenance measure. For a package g, we therefore express
off — > pep Op,g - Myp, Where m;, denotes the
maintenance score of package p and o, ; € {0,1} indicates whether package p appears in the
transitive dependency closure of ¢, including ¢ itself as the root package. Substituting mgff

mg, where m, denotes the maintenance score of package g.

its dependency-propagated maintenance as m

into the ecosystem state yields MT =Y 4eP (ZPEP Opg - mp). Reordering the finite sums

leads to M = > opep (qup op,q> -myp. This reformulation shifts the perspective from
aggregating contributions at the level of affected packages ¢ to expressing the ecosystem
state in terms of contributions of individual packages p. The inner sum geP Op,q Captures
how broadly package p propagates through the ecosystem, i.e., the number of packages that
directly or transitively depend on it, while the outer sum aggregates these contributions
across all packages. This representation makes it possible to isolate the contribution of a
single package and analyze how changes to its maintenance score affect the overall ecosystem
state. We define a scenario o as a specification of maintenance changes {Aml(,a)}pep, where
for each package p € P the value Am,(,a) denotes the change in its maintenance score, e.g.,
by setting it to its maximum or minimum value in improvement and regression scenarios.
The simulated maintenance change is given by Am,(f) = mgfter — mBef‘“e, such that positive
values indicate improvements in maintenance, while negative values indicate regressions. The
resulting ecosystem impact F,(p) of package p is then given by:

Eo(p) = Al -3 0, (1)
qeP

which captures how a change in the maintenance score of p propagates through the dependency

network and affects other packages in the ecosystem. The resulting value E, (p) can be positive

or negative, where positive values correspond to improvements in ecosystem maintenance

and negative values to regressions. To obtain a comparable relative measure within a given

scenario, we normalize this value by the total ecosystem impact induced by the same scenario:

- _ Ea(p)
Ea(p) - Zre'p EU(T) (2)

The resulting normalized ecosystem impact E,(p) represents the share of total ecosystem
impact attributable to package p under scenario o. For scenarios with nonzero total induced
impact, i.e., >0 p Eo(r) # 0, the normalization satisfies > E,(p) = 1. Aggregating
these values over a selected subset of packages S C P yields the cumulative ecosystem impact:

> E,(p)>T (3)

peS
where 7 denotes a predefined ecosystem impact threshold (e.g., 7 = 0.80). This formulation
allows us to prioritize packages based on their dependency-propagated ecosystem impact
and to analyze how impact-driven support on a small subset of packages translates into
ecosystem-level effects. This definition of ecosystem impact and the associated threshold-
based selection criterion are used across all analyses (RQ1, RQ4). Figure 1 illustrates the
overall analysis framework and how ecosystem impact modeling connects package selection
strategies in RQ1 and RQ4 with the evaluation dimensions of RQ2 and RQ3.
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Figure 1 Conceptual overview of the impact-driven ecosystem support analysis framework.

3.2.1 Impact-driven Support Strategy (RQ1)

To address RQ1, we analyze how a fixed ecosystem impact threshold of 80% can be achieved by
concentrating support on a small number of packages, following a Pareto-optimal allocation of
ecosystem impact. For each package, ecosystem impact is derived from simulated maintenance
changes to the Maintained score on a bounded scale from 0 to 10. We define improvement
and regression scenarios by setting the maintenance score of a package to the maximum value
of 10 and the minimum value of 0. These endpoints are controlled bounds for comparing
package selections, not predictions of realistic support outcomes. For each package, we
compute the normalized ecosystem impact E, (p) under both improvement and regression
scenarios and rank packages in descending order for each case. For a given ecosystem impact
threshold, e.g., 7 = 0.80, we iteratively select top-ranked packages from each ranking until
the cumulative normalized ecosystem impact satisfies Equation (3) in each scenario. The
resulting package set is the union of the improvement-based and regression-based selections.
We analyze the size and concentration of these package sets to determine how much of the
total modeled ecosystem impact can be attributed to a small number of highly influential
packages. To assess whether the selection achieves ecosystem impact beyond chance, we
compare the resulting package set against a size-matched random baseline. Let S denote
the set of packages selected under RQ1 with size |S|. We draw N = 10,000 equally sized
sets randomly from the ecosystem using a fixed random seed to support reproducibility,
and compute their aggregated ecosystem impact. From these Monte Carlo simulations, we
estimate (i) the empirical probability that a random set achieves equal or greater impact
than S, and (ii) a standardized effect size (z-score) relative to the simulated distribution.

3.2.2 Maintainer Reach Analysis (RQ2)

For each selected package set, we analyze maintainer reach using repository ownership
metadata. Individual repositories are counted as a single maintainer, whereas for organization-
owned repositories, associated members are counted. Consequently, support strategies (RQ1,
RQ4) can be compared by the total number of associated individuals and distinct maintainers
reached. In addition, we report the number of single-maintainer packages, as these may
indicate heightened concentration of responsibility and potential sustainability risks.

3.2.3 Metadata Accessibility and Exclusion Analysis (RQ3)

To address RQ3, we assess to what extent selected package sets are reachable and supportable
through PyPI and repository metadata, based on the presence of contact information
and donation platform links. In addition, we analyze systematic exclusion caused by
missing repository links. For the impact-driven strategy (RQ1), we identify packages with
comparable dependency-propagation reach, measured as > 4P Opa> that lack repository links
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and therefore cannot be assessed for maintenance activities. For existing mechanisms (RQ4),
we examine the corresponding package sets and record entries without repository URL. Such
cases indicate structural limitations and potential bias in metadata-driven support strategies.

3.2.4 Comparison with Existing Support Mechanisms (RQ4)

For RQ4, we compare the package set selected under RQ1 with packages associated with exist-
ing support mechanisms. Specifically, we consider (i) PyPI packages covered by Tidelift [57],
(ii) PyPI packages supported by Ecosyste.ms [18], and (iii) PyPI packages linking to GitHub
repositories whose owners have received at least one donation via GitHub Sponsors [21]. This
low threshold for considering a package supported by GitHub Sponsors is intentionally chosen
to illustrate the results more clearly in Section 4. Tidelift’s support model distinguishes
between packages that are fully supported (referred to as lifted) and packages that receive
partial financial support. To provide a realistic estimate of Tidelift’s ecosystem impact,
our analysis focuses exclusively on lifted packages. For each support mechanism in RQ4,
ecosystem impact is evaluated under the same improvement and regression scenarios used in
RQ1, i.e., by simulating maximal maintenance improvement (score set to 10) and maximal
regression (score set to 0) for all packages in the respective set. This ensures that differences in
ecosystem impact reflect differences in package selection rather than differences in simulated
maintenance changes. Finally, we apply the same analytical dimensions as in RQ1-RQ3.

4 Results

Data collection started on February 17, 2026 and took approximately five days due to API
rate limits imposed by GitHub and pepy.tech. The initial PyPI snapshot comprised 742,762
libraries retrieved via the PyPI simple index endpoint [46]. During preprocessing, libraries
that appeared only as dependency references but were not part of the initial ecosystem list
were removed. This filtering step removed 1.5% of libraries from a node perspective and 2.5%
from a dependency perspective. An additional 3.2% of libraries were excluded due to errors
when querying the PyPI JSON API [44], mostly HTTP 404 responses for packages that
could not be resolved via the detailed endpoint. The final dataset contains 718,750 libraries
connected through 2,070,814 dependencies from 93,411 unique sources. This dataset forms
the basis for all analysis conducted in this study. To ensure temporal alignment with the
main dataset, package sets associated with Tidelift and Ecosyste.ms were collected separately
on February 19, 2026 using a dedicated script that completed in under one minute.

4.1 RQ14+RQ4: Comparative Ecosystem Impact Analysis

This subsection presents the ecosystem impact results for our impact-driven strategy (RQ1)
and existing support mechanisms (RQ4). Table 1 summarizes the normalized, dependency-
propagated ecosystem impact achieved by each strategy under simulated improvement and
regression scenarios. For each strategy, we report the resulting impact share, the number of
selected packages and their proportion relative to the full PyPI ecosystem.

The impact-driven strategy achieves 80.01% improvement impact and 82.15% regression
impact by selecting 730 packages, corresponding to 0.10% of the ecosystem. This confirms
that ecosystem impact in PyPI is highly concentrated: a very small subset of packages
accounts for a large share of dependency-propagated ecosystem impact. To assess whether
this result could arise under uniform allocation, we compare the selected set against 10,000
size-matched random selections. The impact-driven set exceeds the mean random impact by
161.04 standardized units in the improvement scenario and 295.51 in the regression scenario,
with no random set achieving comparable impact (p < 0.0001).
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Table 1 Comparison of ecosystem support strategies under improvement and regression scenarios.

Research | Improvement Regression | Number of % of
Strategy . . .

question impact impact packages ecosystem
Impact-driven RQ1 80.01% 82.15% 730 0.10%
Tidelift (lifted) RQ4 22.66% 38.65% 277 0.04%
Ecosyste.ms RQ4 25.90% 38.00% 97 0.01%
GitHub Sponsors RQ4 27.89% 36.71% 20,433 2.84%

For the existing support mechanisms (Tidelift, Ecosyste.ms, and GitHub Sponsors),
ecosystem impact is computed under the same improvement and regression scenarios as in
RQ1, ensuring that differences reflect package selection rather than differences in simulated
maintenance changes. For Tidelift, we consider only lifted packages, which receive full
support. The lifted set comprises 277 packages (0.04% of the ecosystem) and achieves 22.66%
improvement impact and 38.65% regression impact. Despite including a substantial number
of packages, its ecosystem impact remains lower than for the impact-driven strategy, which
is consistent with selection criteria that do not optimize dependency-propagated impact.
Ecosyste.ms covers 97 packages (0.01% of the ecosystem) and achieves 25.90% improvement
and 38.00% regression impact. Despite its relatively small size, its ecosystem impact is
GitHub
Sponsors, defined here as PyPI packages whose linked GitHub repository owner has received
at least one sponsorship, includes 20,433 packages (2.84% of the ecosystem), making it the
largest set among the analyzed mechanisms. Despite this size, its ecosystem impact remains
lower than for the impact-driven strategy (27.89% improvement, 36.71% regression), which
is consistent with sponsorship decisions being shaped by individual preferences for particular

comparable to Tidelift, suggesting partial alignment with impactful packages.

developers or projects rather than dependency-propagated ecosystem impact.

4.2 RQ2+RQ4: Comparative Maintainer Reach Analysis

This subsection analyzes how the package sets identified in RQ1 and RQ4 translate into
maintainer reach. To contextualize maintainer-related metrics, Table 2 combines ecosystem
impact results with maintainer metrics. For each strategy, we report (i) the number of pack-
ages, (ii) ecosystem impact shares under improvement and regression scenarios, (iii) the total
number of associated repository individuals, (iv) the number of distinct maintainers, and (v)
the proportion of single-maintainer packages. Total individuals count all repository members
linked to the selected packages of a given strategy, while distinct maintainers represent unique
individuals across all selected packages within that strategy. Single-maintainer packages
indicate cases where maintenance responsibility is concentrated on a single individual.

Table 2 Maintainer reach across ecosystem support strategies.

Research | Number of | Improvement Regression Total Distinct Single-maintainer
Strategy . . . PN s

question packages impact share impact share | individuals maintainers packages
Impact-driven RQ1 730 80.01% 82.15% 31,930 12,255 311 (42.6%)
Tidelift (lifted) RQ4 277 22.66% 38.65% 4,070 1,119 101 (36.5%)
Ecosyste.ms RQ4 97 25.90% 38.00% 1,880 1,001 23 (23.7%)
GitHub Sponsors RQ4 20,433 27.89% 36.71% 3,204,168 6,504 5,361 (26.2%)

Table 2 shows that maintainer reach differs substantially across strategies and does not
scale proportionally with ecosystem impact. The impact-driven strategy (RQ1) achieves
80.01% improvement impact and 82.15% regression impact with 730 packages, reaching
31,930 individuals and 12,255 distinct maintainers. While this reflects a broad maintainer
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reach, it is primarily driven by the larger number of selected packages rather than an inherent
property of the prioritization approach. For Tidelift (lifted), 277 packages result in 22.66%
improvement impact and 38.65% regression impact, reaching 4,070 individuals across 1,119
distinct maintainers. Compared to the impact-driven strategy, maintainer reach remains
substantially lower, reflecting the smaller size of the selected package set. Ecosyste.ms
covers 97 packages and achieves 25.90% improvement impact and 38.00% regression impact,
reaching 1,880 individuals across 1,001 distinct maintainers. Despite its smaller package set
compared to Tidelift, its distinct maintainer reach is relatively close, suggesting a higher
density of maintainers per package, but without a corresponding increase in ecosystem
impact. GitHub Sponsors includes 20,433 packages, corresponding to 27.89% improvement
impact and 36.71% regression impact. The set is associated with 3,204,168 individuals but
only 6,504 distinct maintainers, indicating substantial overlap in repository membership and
the presence of large organizational repositories. Despite this broad maintainer reach, the
associated ecosystem impact remains comparatively limited. Across strategies, the proportion
of single-maintainer packages ranges from 23.7% (Ecosyste.ms) to 42.6% (impact-driven),
with 26.2% for GitHub Sponsors and 36.5% for Tidelift (lifted). As single-maintainer projects
are often more vulnerable to sustainability risks, higher proportions indicate packages that
may particularly benefit from additional support.

4.3 RQ3+RQ4: Comparative Metadata Accessibility Analysis

This subsection examines the feasibility of operationalizing ecosystem support strategies
based on the availability of actionable metadata. Table 3 reports, for each strategy, the
number of selected packages, the proportion providing contact information, the proportion
linking to donation platforms, and their overlap, as well as the number of packages excluded
due to missing repository links. Repository links are required to assess maintenance activities
and apply the dependency-propagated impact model. For the modeled strategy (RQ1),
exclusions occur when packages with similar dependency-propagation reach as the selected
sets do not provide a repository URL. For externally defined mechanisms (RQ4), they reflect
packages in the supported sets without resolvable repository links.

Table 3 Metadata accessibility and exclusion across ecosystem support strategies.

Strategy Resea.rch Number of Package.s with Pack.ages. with Packages with Excluded. packa.ges
question packages contact info (1) donation link (2) (1) and (2) (no repository link)
Impact-driven RQlL 730 705 (96.6%) 245 (33.6%) 241 (33.0%) 26 (1.8%)
Tidelift (lifted) RQ4 277 258 (93.1%) 213 (76.9%) 213 (76.9%) 17 (6.1%)
Ecosyste.ms RQ4 97 89 (91.8%) 57 (58.8%) 57 (58.8%) 7 (7.2%)
GitHub Sponsors RQ4 20,433 19,650 (96.2%) 20,431 (99.99%) 19,648 (96.2%) 0 (0.0%)

As shown in Table 3, the impact-driven strategy (RQ1) exhibits high contact information
coverage (96.6%), indicating that maintainers of the selected packages are generally reachable.
In contrast, donation link availability is substantially lower (33.6%), with 33.0% of packages
providing both contact information and donation links. A total of 26 packages (1.8%) are
excluded due to missing repository links, indicating limited but non-negligible constraints for
applying the dependency-propagated impact model. For externally defined mechanisms (RQ4),
metadata accessibility varies across support sets. Tidelift (lifted) shows similarly high contact
coverage (93.1%) but substantially higher donation link availability (76.9%), with all packages
providing donation links also providing contact information. However, 17 packages (6.1%)
lack repository URLs and are therefore excluded. Ecosyste.ms exhibits slightly lower contact
coverage (91.8%) and moderate donation link availability (58.8%), with identical overlap
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between contact information and donation links. A total of 7 packages (7.2%) are excluded
due to missing repository links. GitHub Sponsors shows near-complete donation-link coverage
(99.99%) by construction, as inclusion in the set requires at least one sponsorship on the
platform. Contact information is available for 96.2% of packages, with the same proportion
providing both. No packages are excluded, as all entries link to resolvable repositories.

5 Discussion

5.1 Structural Concentration and Support Efficiency

Our findings show that ecosystem impact in the PyPI dependency network is highly con-
centrated. Under the dependency-propagated model, a large share of the overall impact
(approximately 80%) can be attributed to a small subset of packages (0.10% of the ecosystem)
when prioritized based on impact. This confirms that maintenance-related influence propag-
ates unevenly through the dependency network, with relatively few packages affecting large
portions of the ecosystem. These results align with prior observations of concentration effects
in package dependency networks, where a small number of packages accumulate substantial
influence through a disproportionate number of dependents [15]. However, our findings
extend this work by quantifying how structural concentration translates into dependency-
propagated maintenance impact under simulated interventions. From a support perspective,
this concentration implies that targeting a small fraction of packages can achieve substantial
ecosystem-level effects. At the same time, it does not necessarily reduce maintainer reach, as
even small sets of high-impact packages can involve large maintainer populations.

5.2 Structural Alignment of Existing Mechanisms

The comparison with existing support mechanisms reveals notable variation in their alignment
with dependency-propagated ecosystem impact. Ecosyste.ms shows comparatively strong
alignment with high-impact packages despite its small size, whereas Tidelift’s lifted set and
GitHub Sponsors achieve lower impact shares despite larger package sets. This suggests
that selection criteria driven by subscription participation or sponsorship preferences do
not necessarily align with impact-driven prioritization. These observations do not imply
that existing mechanisms are ineffective, but rather that different allocation logics optimize
for different objectives. While impact-driven selection prioritizes packages based on their
ecosystem-wide effects under maintenance changes, existing mechanisms reflect factors such
as user demand, preferences, or visibility. This is consistent with prior findings that funding
and sponsorship in OSS ecosystems are shaped by project-level characteristics and social
signals, which do not necessarily align with ecosystem-level impact considerations [40,51].

5.3 Maintainer Reach and Spillover Effects

Maintainer reach analysis (RQ2) shows that structural impact and social footprint are related
but distinct dimensions. Strategies with similar ecosystem impact can reach very different
numbers of maintainers, and large maintainer counts may reflect organizational repositories
rather than increases in distinct individuals. This distinction between structural influence
and social footprint complements prior work emphasizing the role of maintainer capacity
and human infrastructure in OSS sustainability [25]. The prevalence of single-maintainer
packages also indicates that impactful or externally supported packages rely on concentrated
maintenance responsibility, which prior work links to elevated sustainability risk [3] and
may therefore benefit disproportionately from additional support. Moreover, maintainers of
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high-impact packages often contribute to multiple libraries, suggesting that supporting them
may indirectly benefit additional packages beyond the selected set. Quantitative evidence
for these developer-level spillover effects is provided in the replication package.

5.4 Metadata Accessibility as an Operational Constraint

The metadata accessibility analysis (RQ3) shows that contact information is widely available
across all package sets, including impact-driven strategies (RQ1) and external support
mechanisms (RQ4). In practice, this indicates that maintainers of relevant packages are
generally reachable, enabling direct communication and coordination of support efforts. In
contrast, donation-link availability varies more strongly: externally defined mechanisms
exhibit high financial metadata coverage, while packages selected under RQ1 show more
heterogeneous donation-link availability. This implies that, despite being reachable, many
maintainers cannot be easily supported through established financial channels, limiting
the immediate feasibility of monetary interventions. Missing repository links represent an
additional operational constraint by limiting maintenance activity assessment and impact
simulation. The primary bottlenecks therefore lie in the availability of financial support
channels and repository links. Metadata accessibility thus represents an independent feasibility
dimension for ecosystem support strategies. These findings align with prior studies on
metadata accessibility, which report high availability of contact information but limited
adoption of donation platforms and repository links across PyPI libraries [60-62].

5.5 Comparison of Ecosystem Impact Metric to PageRank Score

To assess the added value of our dependency-propagated ecosystem impact metric, we compare
it against PageRank as an established measure of structural importance in dependency
networks. While PageRank provides a global ranking of libraries based on their position in
the dependency graph, our metric ranks libraries according to the extent to which changes
in their maintenance state propagate and influence the global ecosystem state.

Divergence in prioritized packages. We first analyze the overlap between the package set
obtained in RQ1 with the top-k packages selected by PageRank (k = 730). The Jaccard
similarity between the two sets is 41.06%, indicating that less than half of the selected packages
are shared. The symmetric difference further reveals that 305 packages are selected exclusively
by each method. This divergence shows that the two approaches prioritize fundamentally
different subsets. In particular, packages selected by our metric but not by PageRank
reflect cases where strong dependency-propagated impact is not captured by structural
centrality, while PageRank-specific selections correspond to structurally central packages
whose ecosystem impact is comparatively lower. These findings indicate that PageRank
alone is insufficient to capture the effects of maintenance changes on the ecosystem.

Performance under fixed support budgets. To compare both approaches under identical
resource constraints, we compare the package set obtained in RQ1 with the top-k packages
selected by PageRank (k = 730) and evaluate the resulting total ecosystem impact. The
impact-driven strategy achieves a higher cumulative improvement impact (80.01%) than the
PageRank-based selection (69.71%), indicating that it is more effective in identifying packages
whose maintenance improvements yield larger ecosystem-wide benefits. For regression
scenarios, the PageRank-based selection achieves slightly higher total impact (84.64% vs.
82.15%), suggesting that structural centrality is a strong proxy when modeling worst-case
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degradation effects. This difference highlights that PageRank effectively identifies structurally
central packages whose maintenance degradation has large ecosystem-wide effects, while
our proposed metric more effectively identifies intervention points for improving ecosystem
maintenance. Overall, these results show that the choice of prioritization strategy influences
the effectiveness of support allocation depending on whether the objective is mitigation of
risk or maximization of improvement.

Correlation between PageRank and ecosystem impact. To quantify the relationship
between structural centrality and dependency-propagated ecosystem impact, we compute
Spearman rank correlations between PageRank scores and the normalized ecosystem impact
values Ea (p) under improvement and regression scenarios. Spearman correlation is used as
the primary metric, as PageRank and our impact metric are ultimately used for prioritizing
libraries, making agreement in ranking the most relevant notion of similarity [12]. The
correlation is low for improvement impact (rs = 0.17) and slightly higher for regression
impact (rs = 0.28), indicating only weak agreement between the rankings. This suggests
that PageRank is not a reliable proxy for ecosystem impact, particularly when considering
maintenance improvements. The higher correlation in regression scenarios is consistent with
the observation that maintenance degradation in structurally central packages propagates
widely through the dependency network.

We also compute Pearson correlations to assess linear relationships between PageRank
scores and the normalized ecosystem impact values E, (p) under improvement and regression
scenarios. Here, we observe a moderate correlation for improvement impact (r, = 0.34)
and a strong correlation for regression impact (r, = 0.87). This indicates that PageRank
aligns more closely with regression impact in terms of magnitude, reflecting that structurally
central packages tend to dominate worst-case degradation scenarios. However, Pearson
correlation captures linear association rather than agreement in prioritization and is sensitive

to skewed distributions and outliers [12], which are characteristic of dependency networks [15].

Therefore, while Pearson correlation helps explain the strong performance of PageRank in
regression scenarios observed previously, it should not be overemphasized when evaluating
selection strategies, where rank-based agreement is more relevant.

Implications for resource allocation. A key distinction between PageRank and our proposed
metric lies in how they support decision-making. PageRank provides a static ranking of
libraries and can be used as a heuristic for selecting influential packages. However, it does not
account for how different levels of maintenance intervention affect the ecosystem. In contrast,
our impact metric explicitly models the effect of changes in maintenance scores (Am),
enabling reasoning about the consequences of different intervention magnitudes. This makes
it possible to frame support allocation as an optimization problem, where decisions are not
limited to which libraries to support, but also how to distribute resources across them. While
the present study focuses on threshold-based selection, the underlying formulation supports
more general allocation strategies that trade off the number of supported packages against
the magnitude of maintenance improvements and regressions.

Summary. These results show that PageRank and our ecosystem impact metric capture
related but distinct aspects of ecosystem behavior. While PageRank is effective in identifying
structurally central packages and modeling worst-case degradation scenarios, it fails to
account for maintenance dynamics and intervention effects. The proposed metric complements
structural centrality by incorporating maintenance changes and their propagation, providing
a more expressive basis for prioritizing and allocating support in software ecosystems.
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5.6 Practical Implications

Taken together, the results suggest that dependency-propagated ecosystem impact model-
ing provides a practical and transparent approach for prioritizing support under explicit
structural criteria. Because ecosystem support is multi-dimensional, allocation decisions
should jointly consider ecosystem impact, maintainer reach, responsibility concentration,
and metadata accessibility. A key implication of the impact formulation is that it enables
optimization-based resource allocation. Different configurations of supported packages can
achieve the same ecosystem impact threshold while varying in the number of selected libraries
and the maintenance effort required per package. This defines a trade-off space in which
multiple configurations are feasible, with the appropriate choice depending on context-specific
constraints such as available resources, desired maintainer coverage, or operational feasibil-
ity. The proposed framework is not intended to replace existing mechanisms, but to make
such trade-offs explicit and measurable. Potential practitioners include ecosystem stewards,
funding bodies, companies managing open source risk in their software supply chains, and
platform providers operating support programs. For these actors, dependency-propagated
impact modeling can serve as a decision-support layer that complements existing processes
for evaluating and guiding open source support and funding interventions [39].

6 Threats to Validity
We structure threats to validity into the following four aspects [49]:

Construct validity. Ecosystem impact is operationalized as the normalized, dependency-
propagated effect of simulated changes in the OpenSSF Maintained score. Because this
metric captures only selected maintenance aspects and may not fully reflect project health,
multidimensional assessments using suitable CHAOSS metrics could yield different rank-
ings [26]. The model also excludes external signals such as industry adoption and usage
beyond the ecosystem. Maintainer reach and metadata accessibility are inferred from repos-
itory ownership, member metadata, contact information, and donation links, which may not
fully represent active contributors or the practical feasibility of direct contact and financial
support. However, prior work suggests that e-mail availability is a reasonable reachability
proxy, supported by validated deliverability, an undeliverable rate of approximately 11%,
and the prevalence of established e-mail domains [62,64].

Internal validity. Our analysis is based on a cross-sectional snapshot of PyPI and GitHub
metadata. Because dependency structures and maintenance signals evolve over time, absolute
impact values may change. Also, the linear model and 0/10 bounds support controlled
comparison, but omit richer dependency effects and do not establish the effects of actual
support interventions.

External validity. The study focuses on the PyPI ecosystem and publicly accessible metadata,
limiting generalizability to ecosystems with different dependency structures, package man-
agement practices, or metadata availability (e.g., npm, Maven). In addition, repository-level
analysis is restricted to GitHub, as PyPI libraries predominantly link to GitHub rather
than alternatives such as GitLab or Bitbucket [60]. The methodology could nevertheless be
applied to other ecosystems if comparable metadata is available.

Reliability. Details on the replication package are provided in Section 8. Since ecosystem
and repository metadata evolve over time, re-collected data may yield different results.
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7 Conclusion and Future Work

This paper introduced a dependency-aware ecosystem impact model that quantifies how sim-
ulated maintenance changes propagate through the PyPI dependency network. By combining
dependency propagation with OpenSSF Scorecard maintenance signals, we operationalized
ecosystem impact as a normalized dependency-propagated metric and framed ecosystem
support allocation as a constrained selection problem. Our results show that ecosystem
impact in PyPI is highly concentrated: a large share of the modeled impact can be at-
tributed to a small fraction of packages when prioritized based on dependency-propagated
impact. Benchmarking existing mechanisms shows substantial variation in their alignment
with ecosystem impact. Maintainer reach and metadata accessibility further emerge as
complementary dimensions shaping the practical feasibility of ecosystem support strategies.

Future work should extend the framework longitudinally to monitor evolving dependency
structures and maintenance signals, enabling continuous ecosystem monitoring and earlier
detection of emerging risks. Refining the propagation model to identify low-maintenance
libraries near root packages as potential structural bottlenecks may improve intervention
effectiveness by targeting points where degraded maintenance could limit upstream benefits.
Additionally, the proposed impact formulation supports optimization-based support allocation,
where resources can be distributed across libraries and intervention magnitudes to maximize
ecosystem-level outcomes under practical constraints. Finally, future work should test
multidimensional maintenance indicators and richer propagation models, validate modeled
effects against observed support outcomes, and study other ecosystems.

8 Data Availability Statement

All data and analysis artifacts required to reproduce the results of this study are publicly
available on Figshare under a CC-BY 4.0 license [63]. The package further includes the data
collection pipeline, allowing re-execution of the study with updated data.
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