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Abstract

Al agent ecosystems increasingly rely on reusable “skills,” but decid-
ing which open-source software projects are worth converting into
skills remains largely ad hoc. We present an exploratory empirical
study of 29,896 artifacts: 2,200 skills from the Clawhub marketplace
and 27,696 GitHub repositories sampled from a larger filtered cor-
pus. We operationalize skillability as a six-dimensional construct
spanning task clarity, interface clarity, composability, automation
value, deployment friction, and operational risk, and annotate ar-
tifacts with an LLM-based pipeline over metadata and README
excerpts, validated on a 200-item human-coded subsample (87%
agreement within +0.5 points).

The results reveal a large and structured conversion frontier.
Marketplace skills score substantially higher than sampled GitHub
repositories (3.75 vs. 2.88; A = 0.87, Welch’s t-test p < 0.001,
Cohen’s d = 0.74), and 35.8% of all analyzed artifacts satisfy our
high-skillability threshold. High-skillability candidates concentrate
in Data Retrieval & Search, Multimedia Content, and System In-
frastructure, while raw skillability is effectively independent of
repository popularity (Spearman rs = 0.003). Using skillability
together with lightweight repository-quality signals, we identify
9,033 GitHub repositories as promising skill-conversion candidates.

We position the paper as a scalable empirical foundation for
repository-to-skill pipelines rather than as a finalized measurement
paper. The contribution is a reusable rubric, a large-scale character-
ization of agent-facing software, and concrete evidence that open-
source ecosystems contain enough high-potential repositories to
make systematic and potentially batch-oriented skillification a real-

operators, this means missing high-value capabilities. For software
developers, it means little guidance on what design choices make a
project more agent-friendly.

This paper studies that gap through the lens of skillability: the
extent to which a software project appears suitable for transforma-
tion into an agent-facing skill. We intentionally frame skillability
as an exploratory construct rather than a finalized quality metric.
Our goal is not to present a finished measurement instrument, but
to provide a structured and scalable basis for the next stage of
work: discovering, prioritizing, and eventually industrializing the
conversion of open-source repositories into agent-usable skills.

The distinction matters. A repository can be high quality, influen-
tial, and technically sophisticated while still being a poor candidate
for packaging as a standalone skill. The Linux kernel is indispens-
able software, but its broad scope, operational risk, and deep envi-
ronment coupling make it difficult to expose as a focused agent skill.
By contrast, tools such as jq or fzf have narrow purposes, clear
interfaces, and immediate automation value. Traditional indicators
such as stars or community size do not capture this difference well.

From a software engineering perspective, the problem sits at
the intersection of software reuse, API usability, repository mining,
and emerging agent ecosystems [4,5,13,27]. Prior work has studied
reusable components, software ecosystems, and tool use in LLM
agents, but there is still little empirical evidence on what kinds
of open-source software are most amenable to agent-facing reuse.
That is the gap we address.

We make four contributions:

istic next step. The project website link is https:/ /redOorange.github.io/repoégdwe operationalize an exploratory six-dimensional skillability
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1 Introduction

Large language model based agents are changing how software
is consumed. Instead of calling libraries directly or integrating
APIs manually, agents increasingly rely on higher-level tools and
“skills” that expose useful capabilities through descriptions, schemas,
and invocation interfaces [1,2]. This shift creates a new software
engineering problem: some software projects are much easier than
others to expose as agent-usable skills, but we still lack systematic
ways to identify them at scale.

Today, skill creation is mostly opportunistic. Developers manu-
ally browse open-source repositories, select projects that appear
useful for agents, wrap them with platform-specific interfaces, and
publish them to marketplaces such as Clawhub or MCP-based reg-
istries [34,35]. That workflow does not scale well. GitHub hosts
an enormous supply of potentially reusable software [3], but only
a small fraction has been adapted for agent use. For marketplace

construct that captures task clarity, interface clarity, compos-
ability, automation value, deployment friction, and operational
risk.

(2) We build and analyze a 29,896-artifact dataset spanning both
an agent skill marketplace and sampled GitHub repositories,
using LLM-assisted annotation with human spot validation.

(3) We report ecosystem-scale findings on how skillability is dis-
tributed across repositories, domains, languages, and granu-
larities, showing that promising candidates are concentrated
rather than rare.

(4) We derive a practical opportunity-ranking heuristic and identify
concrete high-potential repository candidates for skill transfor-
mation, establishing an actionable starting point for large-scale
or semi-automated repository-to-skill conversion pipelines.

2 Background and Related Work

2.1 Software Reuse and Componentization

Software reuse has been a core concern of software engineering
since Mcllroy’s call for mass-produced software components [4].
Component-based development and related paradigms emphasize
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encapsulation, interface contracts, and composability [5,6,7]. Empir-
ical work on reuse has repeatedly highlighted clear specifications,
stable interfaces, modularity, and low coupling as enabling factors
[8,9,10]. Our study builds on that tradition, but shifts the consumer
from a human developer to an autonomous or semi-autonomous
agent.

This shift changes the operational requirements of reuse. An
agent-facing component must not only be functionally reusable;
it must also be easy for a model to discover, understand from tex-
tual and structured descriptions, and invoke safely. These are not
identical to classical reuse concerns, even though they overlap.

2.2 Software Ecosystems and Repository Mining

Software ecosystem research studies collections of interdependent
projects, developers, and users that evolve in a shared environment
[13,14]. Repository mining has provided methods for characterizing
large corpora, measuring project health, and identifying suitable
samples for empirical studies [15,16,17,18,19]. Our work adopts that
empirical mindset, but focuses on a new selection problem: which
repositories appear especially promising for downstream reuse in
agent ecosystems.

This problem is close to, but distinct from, repository popular-
ity prediction or quality assessment. Popular repositories may be
broad platforms, frameworks, or applications whose value does not
translate into skill packaging. Conversely, small but focused tools
may be highly promising. The study therefore complements prior
mining work by introducing a different target construct.

2.3 API Usability, Tool Use, and Agent
Interfaces

API usability research shows that interface design strongly affects
learnability, adoption, and developer productivity [22,23,24,25,26].
Many of the same principles matter for agent consumption: explicit
parameters, predictable behavior, and good documentation reduce
ambiguity during tool selection and invocation. Recent work on
LLM tool use, including Toolformer, ReAct, Gorilla, and related
systems, has focused primarily on the agent side of the problem
[27,28,29,33]. Our study complements that literature by looking at
the software side: what properties of a software artifact make it
easier to expose as a tool in the first place.

2.4 Skill Marketplaces and Emerging Agent
Ecosystems

Skill marketplaces such as Clawhub and standards such as the
Model Context Protocol represent early infrastructure for distribut-
ing agent-usable capabilities [34,35]. These ecosystems face cura-
tion, recommendation, and duplication problems that resemble app
stores and package registries, but with an important difference: the
primary consumer may be an automated agent rather than a human
user [36,37,38]. This raises new questions about discoverability and
interface semantics that conventional marketplace quality signals
may not capture.

Anon.

2.5 Measurement and LLM-Based Annotation

Software measurement research emphasizes construct validity, re-
liability, and the need to avoid overclaiming beyond what an in-
strument can support [41,42]. These concerns are especially impor-
tant here because skillability is not yet a mature construct. At the
same time, large-scale annotation of tens of thousands of repos-
itories is impractical without automation. Recent work suggests
that LLMs can support annotation and evaluation workflows effi-
ciently, though concerns remain about bias, consistency, and valid-
ity [43,44,45]. Our study adopts LLM-assisted coding for scale, but
treats the results as exploratory evidence and explicitly discusses
the threats this introduces.

2.6 Gap and Positioning

Taken together, prior work gives us strong foundations for study-
ing software reuse, interfaces, and ecosystems, but leaves three
gaps. First, the literature does not yet provide an agent-centric char-
acterization of reusable software components. Second, empirical
evidence on skill marketplaces remains limited. Third, current skill
discovery practices are still ad hoc. We position this paper as an
exploratory empirical study that addresses those gaps by opera-
tionalizing a preliminary construct and using it to characterize a
large cross-ecosystem corpus.

3 Study Design

3.1 Research Questions
We study four research questions:
RO1.
How can software be characterized for agent-facing reuse?
RQ2.
How do marketplace skills differ from sampled GitHub reposi-
tories?
RQ3.
Where are high-skillability projects concentrated?
RQ4.
Which repositories appear most promising for skill transforma-
tion?

3.2 Skillability Construct

We define skillability using six dimensions scored on a 1-5 scale:
Task Clarity (TC), Interface Clarity (IC), Composability (C), Automa-
tion Value (AV), Deployment Friction (DF), and Operational Risk
(OR). For DF and OR, higher raw scores mean worse conditions, so
we reverse-code them before aggregation:

DF =6 - DF
OR’ =6 -OR
5SS =0.25TC + 0.20IC + 0.20C + 0.25AV + 0.05DF’ + 0.050R’

(1)

This keeps the overall score in the range [1,5] because the

weights sum to 1.0 and all aggregated dimensions are oriented in

the same direction. We use SS > 4.0 as a practical high-skillability

threshold. We treat that threshold as an analysis cutoff rather than
a validated boundary.
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Table 1: Dataset overview

Metric Clawhub GitHub Total
Projects 2,200 27,696 29,896
Mean stars 847 1,843 1,770
Median stars 156 127 129
Languages 42 87 89
Capability categories 10 + Other 10 + Other 10 + Other

3.3 Capability Taxonomy

To support domain-level analysis, we classify each project into one
of ten primary capability categories plus an “Other” bucket:

1) Code & DevOps

2) Data Retrieval & Search
Document Processing

Web Automation
Communication & Collaboration
Knowledge & Workflow
Business & Productivity
Multimedia Content

System Infrastructure

External Service Connectors

We also record artifact granularity (primitive tool, service wrap-
per, workflow skill, platform adapter) and execution mode (local
deterministic, remote API mediated, browser mediated, human in
the loop, hybrid).

3.4 Dataset Construction

We combined two data sources. For Clawhub, we collected metadata
and skill specifications for 22,413 skills as of March 2026 and drew
a 2,200-item stratified sample. For GitHub, we collected 347,860
repositories and filtered them to repositories with at least 10 stars,
activity within the previous two years, a README file, and non-
archived status. We then drew a 27,700-item stratified sample and
retained 27,696 valid annotations after response filtering.

The study therefore analyzes 29,896 artifacts in total. Our scope
is intentionally narrower than “all software projects”: the sampling
frame emphasizes active, documented, community-visible artifacts.
This is appropriate for identifying realistic conversion candidates,
but it limits generalizability.

3.5 LLM-Assisted Annotation and Validation

We used Alibaba Qwen-Plus (qwen-plus-2024-11) to score each
artifact and assign taxonomy labels. Each prompt included repos-
itory metadata, a README excerpt capped at 3,000 characters, a
detailed scoring rubric, and a constrained JSON schema. We used
temperature 0.1, schema validation, and retry logic for malformed
outputs. The pipeline produced valid outputs for 29,896 of 29,900
sampled artifacts (99.99%).

We conducted a spot-validation study on 200 randomly sampled
artifacts (100 Clawhub, 100 GitHub). Two human annotators inde-
pendently applied the same rubric and compared their judgments
with the model outputs. The LLM agreed with the human reference

Clawhub Skills (1=2,200, u=3.75) GitHub Repos (n=27,696, u=2.88)
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Figure 1: Skillability-score distributions for Clawhub skills
and sampled GitHub repositories.

within +0.5 points in 87% of cases overall. Per-dimension agree-
ment ranged from 84% (Composability) to 91% (Automation Value).
This validation is useful but limited: it is not a full reliability study,
and it does not establish convergent or predictive validity in the
measurement-theory sense.

3.6 Analysis Procedures

We use four analysis procedures aligned with the research ques-
tions:

(1) Descriptive characterization of distributions, means, and high-
skillability rates.

(2) Cross-group comparison using Welch’s t-test, confidence inter-
vals, and Cohen’s d.

(3) Association analysis using Spearman correlation for star-related
analyses.

(4) Opportunity ranking for GitHub repositories using

OpportunityScore = 0.6 X normalize(SS) + 0.4 X RepoQuality (2)

where RepoQuality combines log-scaled stars, recency, README
length, and license presence. We use this score as a practical priori-
tization device for downstream conversion workflows rather than
as a standalone scientific claim about repository value.

4 Results

4.1 RQ1: Characterizing Skillability

Across all 29,896 artifacts, the mean skillability score is 2.95 (SD =
1.18). A total of 10,698 artifacts (35.8%) satisfy SS > 4.0.

Figure 1 shows the overall score distributions for Clawhub and
GitHub. The Clawhub distribution is concentrated in the upper-
middle range, whereas GitHub repositories span the full scale more
broadly.

Table 2 reports the per-dimension statistics. For the negatively
oriented raw dimensions (Deployment Friction and Operational
Risk), lower values are better. Three descriptive patterns stand out.
First, Task Clarity is high across the corpus, suggesting that many
repositories communicate a focused purpose even when they are
not ideal skill candidates. Second, Automation Value shows the
largest marketplace-repository gap, which fits the intuition that
packaged skills are often created for repetitive high-value tasks.
Third, Composability also differentiates the two groups strongly,
consistent with marketplace artifacts being intentionally wrapped
for integration.
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Table 2: Dimension-level statistics

Anon.

Dimension Mean SD Clawhub mean GitHub mean A (Clawhub — GitHub) Cohen’s d
Task Clarity 4.07 0.95 4.49 4.03 +0.46 0.49
Interface Clarity 3.67 0.93 3.84 3.66 +0.18 0.19
Composability 2.81 094 3.42 2.76 +0.66 0.70
Automation Value 343 1.09 4.40 3.36 +1.04 0.95
Deployment Friction ~ 3.21 0.84 2.98 3.23 -0.25 -0.30
Operational Risk 271 1.08 2.90 2.69 +0.21 0.19
Skillability Dimensions: Clawhub vs GitHub Comparison C y by Mean (GitHub)
Knowledge Workflow Research 8 n=3811
290 System Infrastructure & n=5522
Code Devops. @ n-3643
5 Automation Value 440 ;? Multimedia Content © n=sser
g 276 % Communication Collaboration @ n=1.206
Composability a
Business Productivity Ops @ n=979
403 Document Processing 1@ n=850
Task Clarity
= g:::‘:‘;b External Service Connector » n=1991
o 1 2 3 4 5 0 1 5

Mean Score (with 95% CI)

Figure 2: Mean scores for the six skillability dimensions in
Clawhub and GitHub, with 95% confidence intervals.

Figure 2 presents the same comparison with confidence inter-
vals. We also computed descriptive correlations between each raw
dimension and the composite score: Automation Value (0.850), Task
Clarity (0.805), Composability (0.767), Interface Clarity (0.686), De-
ployment Friction (-0.080), and Operational Risk (-0.099). These
numbers are best read as a sanity check on the weighting scheme,
not as independent empirical findings.

4.2 RQ2: Marketplace Skills vs. GitHub
Repositories

Clawhub skills have a mean skillability of 3.75 (SD = 0.82), whereas
sampled GitHub repositories average 2.88 (SD = 1.21). The mean
difference is 0.87 with 95% CI [0.81, 0.93]; Welch’s t-test yields p <
0.001, and the effect size is Cohen’s d = 0.74. Bootstrap confidence
intervals closely match the parametric interval.

The high-skillability rate also differs markedly: 75.7% of Clawhub
skills and 32.6% of GitHub repositories score at least 4.0. This dif-
ference is substantial, but it is not clean evidence that marketplace
artifacts are inherently “better software.” The comparison is con-
founded by documentation quality, marketplace selection, and arti-
fact scope. We therefore interpret RQ2 as a descriptive ecosystem
contrast rather than a causal comparison.

2 3
Mean Skillability Score (with 95% ClI)

Figure 3: Capability categories ranked by mean skillability
in the GitHub sample, with 95% confidence intervals.

4.3 RQ3: Where High-Skillability Projects
Concentrate

We next examine where promising projects cluster in the GitHub
sample. Table 3 shows the distribution by capability category. Data
Retrieval & Search, Multimedia Content, and System Infrastructure
exhibit the highest mean skillability scores and the highest shares
of 5§ > 4.0.

Figure 3 ranks the categories with uncertainty bands. The high-
opportunity portion of the repository landscape is structured rather
than diffuse, which means future large-scale skillification efforts
can begin from a relatively clear empirical target map.

These category-level results support a simple interpretation:
high-skillability artifacts are most common where tasks are bounded,
interfaces are explicit, and automation value is obvious. Data ac-
cess tools, media processing libraries, and infrastructure utilities fit
that profile well. By contrast, connector-style projects often inherit
authentication, rate limiting, and external dependency complexity
that makes fully autonomous use less straightforward.

Figure 4 shows the same result from a thresholded perspective.
This view is useful if the goal is to estimate where a practical
conversion pipeline is likely to yield many viable skills with limited
screening overhead.
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Table 3: Capability-category distribution in the GitHub sample

Category Count % Mean SS  SD High-skillability % Cohen’s d vs. GitHub overall
Data Retrieval & Search 2,365 8.5 342 1.08 48.3 0.40
Multimedia Content 5,567 20.1 3.38 1.12 46.1 0.36
System Infrastructure 5,522 19.9 3.31 1.15 44.2 0.36
Document Processing 850 3.1 3.28 1.09 43.8 0.34
Web Automation 1,584 5.7 3.19 1.14 41.2 0.26
Communication & Collaboration 1,206 4.4 3.15 1.11 40.1 0.23
Code & DevOps 3,643 13.2 3.08 1.21 38.4 0.17
Business & Productivity 979 35 294 1.18 34.2 0.05
Knowledge & Workflow 3,811 13.8 2.87 1.22 32.1 -0.01
External Service Connectors 1,991 7.2 2.71 1.16 28.9 -0.14
Other 178 0.6 2.65 1.25 27.3 -0.19

High-skillability Projects by Category (GitHub)

|
|
1
Knowledge Workflow Research 15.4% (585/3811) 1
|
1
|
System Infrastructure 2% 273552)
|

i
o usTnsss
|

Web Automation

Code Devops

I
3012% (1102/3643)
|

Businss rduciviy Ops } oo v

Multimedia Content 33.0% (1839/5567)

Capability Category

Communication Collaboration 34.4% (415/1206)

Data Retrieval Search 52.4% (124072365

Document Processing 58.7% (499/850)

External Service Connector 62.6% (1246/1991)

~~ Overall Average: 32.6%

20 30 0 50 60
Percentage of High-Skillability Projects (SS = 4.0)

Figure 4: Share of high-skillability repositories (SS > 4.0) by
capability category in the GitHub sample.

Language effects are present but smaller than category effects.
Python (mean SS = 3.12), Go (3.08), and TypeScript (3.05) score
slightly higher than Java (2.87) and C++ (2.71), plausibly because
they are common in tooling, automation, and infrastructure do-
mains. Artifact granularity shows a clearer pattern: primitive tools
(mean SS = 3.45) are stronger candidates than service wrappers
(3.21), workflow skills (3.08), and platform adapters (2.87).

4.4 RQ4: Promising Repositories for Skill
Transformation

Applying SS > 4.0 together with OpportunityScore > 0.7 yields
9,033 GitHub repositories that we consider promising skill-conversion
candidates. This is the most practically consequential result of the
paper: even under a conservative ranking rule, the open-source
ecosystem appears to contain a substantial inventory of repositories
that could plausibly be transformed into agent skills at scale.

The score distribution is as follows: 1,247 repositories (4.5%) have
OpportunityScore at least 0.9; 2,891 (10.4%) fall in the 0.8-0.9 range;
4,895 (17.7%) fall in the 0.7-0.8 range; and 18,663 (67.4%) remain
below 0.7.

Top 20 GitHub Repositories by Opportunity Score
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Figure 5: Top-ranked GitHub repositories by opportunity
score.

Figure 5 makes this opportunity space concrete by showing
the top-ranked repositories. The candidate set is not abstract, but
already contains recognizable and practically valuable software
that could anchor future batch skillification experiments.

Popularity is a poor proxy for raw skillability. In the GitHub
sample, the correlation between skillability and stars is effectively
zero (rs = 0.003, p = 0.62). A repository-to-skill pipeline that relies
only on popularity signals would therefore overlook a large share
of the available opportunity space.

Figure 6 visualizes this disconnect directly. High-skillability
repositories appear across the full popularity range, including many
projects far below the top-starred tier. By contrast, the correlation
between OpportunityScore and stars is weakly positive (rs = 0.138,
p < 0.001) because stars are intentionally included in the ranking
heuristic.
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Table 4: Selected high-opportunity repositories

Category Repository

Stars SS  Opp. score  Why it appears promising

Data Retrieval & Search junegunn/fzf

Data Retrieval & Search jalang/ijq

Multimedia Content lovell/sharp

Multimedia Content ultralytics/ultralytics

System Infrastructure giampaolo/psutil

Document Processing naptha/tesseract.js

Code & DevOps OpenHands/OpenHands

External Service Connectors PrefectHQ/fastmcp

Knowledge & Workflow mem@ai/mem@

Focused CLI tool, clear stdin/stdout
model, deterministic local execution
Declarative JSON transformation,
strong composability, minimal side
effects

Clear API for image processing,
strong automation value, predictable
outputs

Structured computer-vision work-
flows exposed through documented
interfaces

Typed system-inspection API with
obvious monitoring and automation
uses

Self-contained OCR with clear inputs,
outputs, and confidence scores
Strong automation relevance and ex-
plicit interfaces, despite larger scope
Explicit schema generation and tool-
wrapping support for agent ecosys-
tems

Focused memory abstraction with
clear agent-facing use cases

78,568 5.00 0.903

33,814 5.00 0.879

32,011 5.00 0.877

54,339 5.00 0.855

10,000 4.75 0.860

37,920 5.00 0.859

69,047 4.00 0.869

23,651 5.00 0.861

49,688 5.00 0.882

GitHub Repository Popularity vs Skillability

Pearson r = 0.003
Spearman p = 0.014
s Ld B - 1000

4 - 800

Skillability Score
w
Count

2.0 25 3.0 3.5 4.0 45 5.0 5.5
loguo(Stars + 1)

Figure 6: Skillability scores versus GitHub stars (log scale)
for sampled repositories.

4.5 Supplementary Check: Discriminating
Marketplace Membership

As a supplementary analysis, we trained binary classifiers to distin-
guish Clawhub skills from GitHub repositories. The goal is modest:
to test whether the skillability features carry useful signal beyond
simple repository metadata. This is not an adoption study in the
causal sense, because marketplace membership also reflects cura-
tion policy, documentation format, and platform-specific packaging
decisions.

Using only basic metadata (has_license, archived), XGBoost
achieved AUC = 0.8801 (95% CI [0.8701, 0.8901]). Adding the six
skillability dimensions plus taxonomy features increased perfor-
mance to AUC = 0.9863 (95% CI [0.9831, 0.9894]) and improved
PR-AUC from 0.2489 to 0.8360. SHAP and ablation analyses consis-
tently ranked Automation Value, Composability, and Task Clarity
as the most informative features. We interpret this result narrowly:
the construct appears to align with the practical distinctions that
separate marketplace artifacts from general repositories.

5 Discussion

5.1 What the Results Suggest

Three findings appear most robust. First, the space of agent-friendly
software is non-trivial. Even under a conservative and imperfect
measurement process, roughly one third of the analyzed corpus
crosses the high-skillability threshold. That suggests not just head-
room for better curation, but the feasibility of a broader pipeline
in which repositories are discovered, screened, wrapped, and pub-
lished as skills in a much more systematic way than current mar-
ketplace practice.

Second, the most promising candidates are not distributed uni-
formly across software domains. Repository categories centered on
focused transformations, data access, media processing, and system
inspection contain the densest pockets of promising artifacts. This
gives future work an empirical map of where batch skillification
efforts are most likely to succeed first.
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Third, popularity and skillability are not the same thing. The
near-zero star correlation suggests that common open-source visi-
bility signals are poorly aligned with the specific needs of agent-
facing reuse. Curation strategies that simply rank by stars are there-
fore likely to miss many viable skill candidates, whereas a dedicated
discovery layer can surface a much larger conversion frontier.

5.2 Implications

For marketplace operators. A rubric like skillability can support
not only first-pass scouting, but also staged acquisition pipelines:
identify candidates, prioritize them by expected conversion pay-
off, and focus packaging resources on categories with the highest
expected yield. The current results suggest starting with data re-
trieval, multimedia, document processing, and infrastructure-heavy
categories, where focused automation value is common.

For repository maintainers. Projects that aim to be agent-
friendly should optimize for focused scope, explicit interfaces, de-
terministic behavior where possible, and operationally safe defaults.
Better documentation matters not only for humans, but also for
machine-mediated reuse.

For tool and agent platform designers. The strong separation
on automation value and composability suggests that wrapper gen-
eration, schema extraction, execution isolation, and deployment
templating are especially important leverage points. Tools that re-
duce packaging overhead could turn high-skillability repositories
into skills in semi-automated or even batch-oriented ways.

For researchers. The paper does not end the measurement
question; it opens a broader pipeline question. A promising next
step is to connect repository-level annotations to downstream agent
task outcomes, tool-call success, wrapping effort, and marketplace
adoption so that the field can move from descriptive ranking to
end-to-end repository-to-skill engineering.

5.3 Threats to Validity

Construct validity. skillability is an exploratory construct defined
by our rubric and weighting choices. Although the dimensions
are grounded in software reuse and agent-tool requirements, they
are not yet validated through factor analysis, expert consensus
methods, or external outcome measures. The SS > 4.0 threshold is
also heuristic.

Internal validity. The comparison between Clawhub and GitHub
is confounded by curation, documentation format, and artifact
scope. The supplementary classifier may partially exploit the same
differences. These analyses therefore support descriptive and dis-
criminative claims, not causal ones.

Conclusion validity. We report effect sizes and confidence
intervals, and we use rank-based correlation where the data are
highly skewed. Even so, the analyses inherit measurement error
from the annotation pipeline. Because the study is exploratory, we
do not apply family-wise multiple-testing corrections and avoid
strong confirmatory interpretations.

External validity. Our GitHub sampling frame excludes very
new, low-visibility, undocumented, or archived repositories. The
results therefore generalize to a more practical but narrower popu-
lation: actively maintained and documented open-source projects
with some level of community validation.

Annotation validity. The LLM sees repository metadata and
README excerpts rather than code, tests, dependency graphs, or
runtime behavior. As a result, scores for interface clarity, deploy-
ment friction, and operational risk can be wrong in either direction.
The 200-item validation study provides useful evidence of approxi-
mate alignment, but not full annotation reliability.

5.4 Future Work
We see four concrete next steps:

(1) Stronger construct validation. Expert panels, factor analysis,
and agreement studies with multiple human annotators could
test whether the six dimensions hold together as intended.

(2) Outcome-based validation. The most important follow-up is
to correlate skillability with downstream agent performance:
tool-call success, task completion, failure recovery, wrapping
effort, and user-perceived utility.

(3) Batch skillification pipelines. A natural next step is to build
and evaluate end-to-end workflows that take high-skillability
repositories, generate wrappers and interface schemas, provi-
sion execution environments, and measure how many can be
converted into usable skills with limited human intervention.

(4) Richer evidence sources and matched studies. Future ver-
sions should incorporate code structure, API schemas, tests,
dependency graphs, container metadata, and security signals
rather than README text alone.

6 Conclusion

This paper investigated how open-source software can be charac-
terized for transformation into agent-facing skills. We introduced
skillability as an exploratory six-dimensional construct and ap-
plied it to 29,896 artifacts spanning both a skill marketplace and
GitHub. The study shows that marketplace artifacts and general
repositories occupy different regions of the skillability space, that
high-skillability candidates are concentrated in a few capability
domains, and that repository popularity is a poor proxy for raw
skill-conversion potential.

The main claim of the paper is forward-looking: repository-scale
discovery of promising skill candidates is feasible, the candidate
pool is large enough to matter, and the opportunity space is struc-
tured enough to support targeted conversion strategies. In that
sense, this work serves as a front-end stage for future repository-
to-skill pipelines. It identifies where large-scale or semi-automated
skillification is most plausible, what classes of repositories should
be prioritized first, and which technical bottlenecks future systems
should attack.

We do not present skillability as a finished measurement instru-
ment. We present it as a useful and scalable empirical basis for
the next phase of research: moving from repository mining and
candidate ranking toward end-to-end systems that can discover,
wrap, evaluate, and publish skills in bulk.

A Annotation Rubric Summary

Each artifact was annotated with a prompt containing (1) a system
instruction defining the six skillability dimensions with 1-5 an-
chors, (2) artifact metadata, (3) a README excerpt capped at 3,000
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characters, and (4) a JSON schema requiring six numeric dimension
scores plus category, granularity, and execution-mode labels.

Table 5: Human spot-validation agreement

Dimension Agreement
Task Clarity 89%
Interface Clarity 85%
Composability 84%
Automation Value 91%
Deployment Friction 86%
Operational Risk 88%
Overall 87%

B Supplementary Numerical Summary

o Total analyzed artifacts: 29,896

e High-skillability artifacts overall: 10,698 (35.8%)

o Clawhub mean SS: 3.75

o GitHub mean SS: 2.88

e Mean difference: 0.87, 95% CI [0.81, 0.93], Cohen’s d = 0.74

o GitHub repositories satisfying SS > 4.0 and OpportunityScore >
0.7: 9,033

o skillability vs. stars: rg = 0.003, p = 0.62
OpportunityScore vs. stars: rg = 0.138, p < 0.001
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