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Abstract

Agent Skills, structured SKILL.md packages that bundle pro-
cedures, examples, and references, have become the primary
mechanism for injecting domain knowledge into LLM-based
agents. LLM-generated skills are cheaper and more scalable
than human-curated ones, but prior evaluations have found
no aggregate benefit from them. This raises a natural ques-
tion: does the aggregate null conceal useful structure at the
component level, or are LLM-authored skills genuinely un-
helpful?

We investigate this question by decomposing LLM-authored
skills into their individual sections (procedures, examples,
and reference notes) and conducting an ablation study across
four data-analysis task families, 56 tasks, nine models, and
three providers (2,520 evaluations). At the aggregate level,
none of the skill conditions significantly outperforms the
No-Skill baseline (all p>0.58, mixed model); the total spread
across all five conditions is 1.2 pp (65.5% to 66.7%). Stratify-
ing by model capability reveals no significant interaction:
all bootstrap confidence intervals include zero, and paired
McNemar tests confirm that skills help and hurt on roughly
equal numbers of taskxmodel pairs. These results suggest
that, in data analysis, single-shot LLM-authored skills pro-
vide no measurable benefit, whether baselines are high or
low, regardless of which sections are included, which model
is used, or how capable that model is.

Keywords: Agent Skills, SKILL.md, ablation study, prompt
engineering, LLM evaluation, data analysis

1 Introduction

The SKILL.md format has emerged as a cross-platform stan-
dard for encoding reusable domain knowledge in LLM-based
agents. Numerous agent platforms, including Claude Code,
Gemini CLI, and Codex, now support Skill ingestion at infer-
ence time [7]. While human-curated, task-specific Skills can
improve pass rates substantially (+16.2 pp in SkillsBench [7]),
LLM-generated skills, authored by language models rather
than domain experts, have shown no aggregate benefit [7].
Skill effects also vary widely across domains, from +51.9 pp
in healthcare to +4.5 pp in software engineering [7]. This
domain dependence raises a question: in domains where
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baseline performance is already moderate to high, do struc-
tured skills add any value at all?

LLM-authored skills are the focus of this study, for three
reasons. First, they are increasingly prevalent: several agent
platforms now auto-generate skills from user interactions,
making LLM authoring the default path for many practition-
ers. Second, they are far cheaper and more scalable than
manual expert curation. Third, and most importantly, the
absence of an aggregate benefit does not mean every section
is unhelpful. If some sections contribute positively while oth-
ers introduce noise that cancels the benefit, targeted pruning
could rescue LLM-authored skills without sacrificing their
scalability.

This possibility motivates two questions. First, when an
LLM-authored Skill helps or hurts, which section is
responsible? Anthropic’s Agent Skills documentation [1]
organizes skill content into three components: discovery
metadata (when to activate the skill), procedural instructions
with examples (how to execute the task), and on-demand ref-
erence materials (supplementary heuristics and conventions).
We adopt these content categories as our ablation factors,
decomposing each skill into four sections that mirror this
hierarchy: routing triggers (corresponding to Anthropic’s
discovery metadata), core procedures, worked examples, and
reference notes. Evaluating the skill as a whole obscures
which sections help and which cause harm; removing sec-
tions one at a time can disentangle these effects.

Second, do these patterns hold across different do-
mains, starting with data analysis? A rigorous ablation
study requires a domain where task outputs are determinis-
tic and can be verified automatically, ruling out subjective or
open-ended tasks. Data analysis satisfies this requirement:
SQL queries return exact result sets, statistical computations
produce numeric values checkable within tolerance, and
structured reports conform to verifiable schemas. Data anal-
ysis is also relatively under-explored for skill evaluation
compared to software engineering [7], yet it is one of the
most common LLM use cases.

We address this gap with a component-level ablation of
LLM-authored Skills in the data-analysis domain. Each of our
four skills covers an entire task family (e.g., all data-cleaning
tasks rather than a single task instance), mirroring how prac-
titioners typically author skills. We systematically remove
individual sections and measure each section’s marginal
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contribution across 56 tasks and nine model configurations
spanning three providers (OpenAl, Google, Anthropic). Our
contributions are:

1. A within-task paired ablation design. Each of the
56 tasks is evaluated under five conditions (No-Skill,
Full Skill, and three partial-skill variants), so every
task serves as its own control. This design isolates
the effect of individual skill sections while absorbing
task-level difficulty variation, across nine models from
three providers (7,560 total runs).

2. A robust null result across all skill conditions.
No skill condition outperforms the No-Skill baseline
(all p>0.58, mixed model). The aggregate spread is
1.2 pp (65.5% to 66.7%), and paired McNemar tests show
that skills help and hurt on roughly equal numbers of
taskxmodel pairs.

3. Evidence that skill effects do not vary by model
capability. Stratified bootstrap analyses show no sig-
nificant interaction between skill condition and model
capability. All confidence intervals include zero for
compact, frontier, and reasoning models, suggesting
that the null result is uniform across the capability
spectrum.

2 Related Work

The SKILL.md specification formalizes the longstanding prac-
tice of adding domain instructions to LLM prompts [1]. Be-
fore standardization, similar techniques appeared under vari-

ous names, including system prompts [10], retrieval-augmented

generation [6], and few-shot prompting [2]. A related line
of work examines how individual prompt elements affect
LLM behavior: Min et al. [9] showed that label correctness
in demonstrations matters far less than the format and input
distribution, and Lu et al. [8] demonstrated that example or-
dering significantly impacts performance. Our work extends
this direction from ad-hoc prompt elements to structured
knowledge packages.

SkillsBench [7] provided the first large-scale evaluation
of Skill efficacy across 86 tasks and 7,308 trajectories, find-
ing that focused skills with two to three modules outper-
form comprehensive documentation and that LLM-generated
skills provide no aggregate benefit. Our study differs by exam-
ining family-level skills in a single domain and systematically
varying which sections are included. SkillLearnBench [13]
subsequently benchmarked continual skill-learning methods,
finding that all methods improve over the no-skill baseline
but no single approach dominates across tasks and LLMs.
SkVM [3] takes a complementary approach, treating skills as
compiled code and proposing capability-based compilation
across heterogeneous LLM backends.

On the benchmark side, DataSciBench [12] and DS-1000 [5]
evaluate LLM code generation for data-analysis tasks and
demonstrate that frontier models already achieve strong
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baseline performance on many data-analysis tasks. We use
this observation to motivate our investigation: in task fami-
lies where models already perform well, the marginal value
of skill content may be near zero. While these benchmarks
evaluate LLM capability on data-analysis tasks, none study
whether structured Agent Skills improve performance in this
domain. Our work addresses this gap.

3 Experimental Design
3.1 Skill Construction

We generated one skill per family (Data Cleaning, SQL Query,
Experiment Analysis, and Structured Reporting; four skills
total) using an LLM coding assistant (Gemini 2.5 Pro with
extended thinking enabled). For each family, the assistant
was given a prompt specifying the target domain (e.g., “data
cleaning”), the four required sections, and the SKILL.md
schema from Anthropic’s documentation [1]. Each skill was
produced in a single generation with no subsequent human
editing, selection from multiple candidates, or iterative re-
finement. The ablation variants (Core-Only, Core+Examples,
Core+Refs) were then produced by mechanically deleting sec-
tions from the Full skill, not by separate generation runs. We
adopted this minimal-curation approach because it reflects
a common and highly scalable workflow for skill creation:
an LLM produces the content in one pass based on a domain
description, and the output is used as-is. Using a frontier
reasoning model for generation means our skills likely rep-
resent a quality ceiling for auto-generated content, so the
structural issues we identify (e.g., generic Reference Notes
conflicting with task instructions) are unlikely to be artifacts
of a weak generator. Because our ablation tests which sec-
tions help or hurt rather than the absolute quality of any
particular skill, the choice of generator model is unlikely to
affect the directional findings, provided the output follows
the same four-section schema.

Each skill targets a distinct data-analysis workflow: Data
Cleaning (null handling, deduplication, type coercion), SQL
Query (schema conventions, JOIN patterns), Experiment
Analysis (hypothesis testing, effect sizes), and Structured
Reporting (JSON schema generation). Each Skill contains
four sections:

e Routing (~50 tokens): activation triggers that tell the
agent when to apply the skill (e.g., “activate when the
user asks to clean a CSV dataset”)

e Core Procedure (~190 tokens): step-by-step workflow
instructions (e.g., “1. Load data, 2. Identify nulls, 3. Ap-
ply imputation, 4. Validate output”)

o Worked Examples (~225 tokens): concrete input—output
demonstrations showing the expected behavior

o Reference Notes (~225 tokens): supplementary details
such as syntax rules, edge-case handling, and domain
conventions (e.g., “for numeric columns with <30%
missing, use forward-fill”)
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These four sections correspond to the content types in
Anthropic’s documentation [1], but differ in delivery for-
mat. Anthropic’s architecture stores reference materials in
separate files loaded only on demand, so they enter the con-
text window only when relevant. Our experiment deliber-
ately uses single flat files instead: by ensuring that all sec-
tions, including Reference Notes, are always present in the
context window, we can cleanly measure the effect of each
section without confounding from selective loading. This
format also reflects how most LLM-generated skills work
in practice, since the LLM produces one continuous mark-
down document and cannot create multi-file directory struc-
tures without explicit tooling. We discuss implications for
progressive-disclosure architectures in §6.

Sections are self-contained with no cross-references, en-
abling mechanical deletion for ablation. The distinction be-
tween Core Procedure and Reference Notes is important
for interpreting our results: Core Procedure provides task-
aligned guidance, while Reference Notes supply generic
heuristics that may or may not match a given task’s require-
ments.

3.2 Ablation Conditions

Our ablation treats Worked Examples and Reference Notes
as two independent binary factors (present or absent), with
Routing and Core Procedure always included as a shared
base. Routing and Core Procedure are held constant rather
than ablated for two reasons: first, without activation trig-
gers and procedural steps, the remaining sections (examples,
references) lack the context needed to function as a coherent
skill; second, Routing triggers are redundant in our setup
because each skill is only paired with tasks from its matching
family, so the triggers would always fire. This 2 X 2 design
yields four skill conditions, plus a No-Skill baseline:

1. No-SKkill: task prompt only, no skill content

2. Core-Only: Routing + Core Procedure (base only)
3. Core+Examples: base + Worked Examples

4. Core+Refs: base + Reference Notes

5. Full: all four sections (base + Examples + Refs)

Skill content is injected unconditionally as a user-message
prefix using a fixed template ([SKILL START] [SKILL
END], followed by the task prompt) across all conditions
and providers. This direct injection is deliberate: our goal
is to measure the causal effect of skill content, not the ac-
curacy of a routing system that decides whether to apply
a skill. Routing accuracy is a separate research question;
by injecting unconditionally, we ensure that any observed
differences between conditions are attributable to the skill
sections themselves. The template does not include an ex-
plicit instruction-priority directive (e.g., “task instructions
override skill content”), meaning the model must resolve any
conflict between skill heuristics and task-specific instruc-
tions on its own. This mirrors the default behavior of current
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skill-injection systems but means that any observed degra-
dation from Reference Notes may be partly mitigable via
prompt engineering. We return to this point in §4.2.

3.3 Task Construction and External Validation

We evaluate 56 tasks (14 per skill family), split evenly to
mitigate self-authorship bias:

e Self-authored (28 tasks, 7 per family): task prompts
and gold-standard outputs were created with the assis-
tance of an LLM coding agent (distinct from the nine
models under evaluation), spanning a range of diffi-
culty within each family. Gold outputs were validated
using automated scripts that recompute expected re-
sults from source data.

e Externally sourced (28 tasks, 7 per family): task prompts
and gold outputs were written against public datasets
and APIs,! also with LLM coding assistance.

All task prompts and gold outputs were finalized before
generating the skills, preventing any post-hoc alignment
between tasks and skill content.

3.4 Verification

All outcomes are binary pass/fail, evaluated by fully auto-
mated, deterministic verifiers with no human judgment in-
volved. Each task family uses a verification strategy matched
to its output type:

e Data Cleaning: the model’s output CSV is parsed
into a DataFrame and compared against the gold CSV.
Exact-mode tasks check row-by-row value equality
(case-sensitive, column-order-invariant). Structural-
mode tasks check for expected columns, row counts,
absence of nulls, and date-format compliance.

e SQL Query: the model’s SQL is executed against an
in-memory SQLite database seeded with task-specific
test data. The result set is compared to the gold query
output with order-insensitive row matching.

e Experiment Analysis: the model’s numeric outputs
(test statistics, p-values, effect sizes) are extracted and
compared against gold values with a tolerance of €=0.01.
Both absolute and relative tolerance are applied to ac-
commodate rounding differences.

e Structured Reporting: the model’s JSON output is
validated against a task-specific schema (required keys,
value types, nested structure). Field values are checked
against gold entries where specified.

ISQL tasks use schemas from Spider [11] and Chinook/Northwind-style
databases; Data Cleaning tasks use the Melbourne Housing, Titanic, UCI
Wine Quality, Auto MPG, and student performance datasets; Experiment
Analysis tasks use Fisher Iris [4], mtcars, PlantGrowth, ToothGrowth, and
the sleep dataset; Structured Reporting tasks use the GitHub Events, Open-
WeatherMap, and REST Countries APIs.
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Exact-match verifiers risk conflating genuine reasoning
failures with surface-level formatting differences. We pro-
grammatically identified all condition-flip cases (where a
task passes under one condition but fails under another)
and reviewed the associated error messages. In each case,
the failures reflect substantive errors (e.g., wrong imputa-
tion method or wrong case convention due to competing
instructions) rather than trivial formatting mismatches.

3.5 Models

We select nine model configurations spanning three major
providers (Table 1), chosen to cover three axes of variation.
First, model capability: we include compact models (GPT-4o-
mini, Gemini Flash, Claude Haiku) and frontier models (GPT-
40, Gemini Pro, Claude Sonnet) to test whether stronger
models utilize skills differently. Second, provider diversity:
sampling from OpenAl, Google, and Anthropic, with each
provider contributing at least one compact and one frontier
model, guards against provider-specific artifacts. Third, ex-
tended thinking: both Gemini 2.5 Flash and Claude Sonnet 4
are tested with extended thinking disabled and enabled, and
03-mini provides an always-on thinking baseline. For the
tier-stratified analysis (§4.3), we classify the three extended-
thinking configurations (03-mini, Gemini Flash®, Claude
Sonnet*) as a separate reasoning tier, yielding a balanced
3x3 design (three models per tier).

Model Provider Thinking Capability
GPT-40-mini OpenAl No Compact
GPT-40 OpenAl No Frontier
03-mini OpenAl Yes Reasoning
Gemini 2.5 Flash ~ Google Disabled Compact
Gemini 2.5 Flash®  Google Enabled Reasoning
Gemini 2.5 Pro Google Yes Frontier
Claude Haiku 4.5  Anthropic No Compact
Claude Sonnet 4  Anthropic Disabled Frontier
Claude Sonnet 4*  Anthropic  Enabled Reasoning

Table 1. Model configurations. Thinking: Yes = always-on
reasoning; Disabled/Enabled = toggleable extended thinking
(*). Temperature is 0 for non-reasoning models and provider
default otherwise.?

Each of the 56 X 5 X 9 = 2,520 cells is run three times, yield-
ing 7,560 total runs. We use three repetitions because, even at
temperature 0 (greedy decoding, the most deterministic set-
ting available), API providers exhibit minor non-determinism
across calls due to infrastructure-level factors such as batch-
ing and quantization. Of the 2,520 cells, 93.4% are unanimous

2Exact API model identifiers: gpt-40-mini, gpt-40-2024-11-20, 03-mini,
gemini-2.5-flash, gemini-2.5-pro, claude-haiku-4-5-20251001,
claude-sonnet-4-20250514. The * variants use the same identifiers with
extended thinking enabled.
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(all three repetitions produce the same outcome, whether all-
pass or all-fail) and only 6.6% show a split verdict (2-of-3 or
1-of-3 pass), confirming that cross-repetition variance is low.
We use majority-vote (2-of-3 pass) as the cell-level outcome.

3.6 Analysis

The 2 x 2 factorial design (§3.2) supports two types of infer-
ence. Additive: what is the marginal value of adding a section
to the base (e.g., Core-Only — Core+Examples)? Subtractive:
what happens when a section is removed from the Full Skill
(e.g., Full — Core+Examples removes Reference Notes)?

We define task difficulty as the No-Skill pass rate averaged
across all nine models: a task is “easy” if most models pass
it without any skill, and “hard” if most fail. We define skill
utility as the difference in pass rate between a given skill
condition and the No-Skill baseline. Because every task is
evaluated under all five conditions, each task serves as its
own control.

We analyze the results in four steps:

1. Aggregate mixed-effects model. We fit a linear mixed-
effects model with condition as a fixed effect and crossed
random intercepts for task and model to the 2,520
majority-vote outcomes (Table 3). The crossed random
intercepts allow each task and each model to have
its own baseline pass rate, so the condition effects
are estimated after accounting for the fact that some
tasks are inherently harder and some models are inher-
ently stronger.® The model predicts pass rate directly
(rather than log-odds), which makes the coefficients
interpretable as percentage-point differences.

2. Model-capability interaction model. To test whether
skill effects differ by model capability, we fit a second
model adding a condition X model-capability interac-
tion term (compact vs. frontier vs. reasoning), retaining
crossed random effects.

3. Bootstrap confidence intervals. Pairwise Cls are
computed via bootstrap resampling (10,000 iterations)
over the 56 task-level paired differences, using the
percentile method.

4. McNemar paired tests. For each skill condition, we
count the number of (model, task) pairs where the skill
flips the outcome from fail to pass versus pass to fail,
and test whether these counts differ using McNemar’s
test.
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No-Skill Full Core-Only Core+Ex Core+Refs
GPT-40-mini 55.4% 55.4% 55.4% 50.0% 57.1%
GPT-40 62.5% 62.5% 57.1% 58.9% 58.9%
03-mini 78.6% 78.6% 76.8% 80.4% 80.4%
Gemini 2.5 Flash 53.6% 57.1% 57.1% 60.7% 55.4%
Gemini 2.5 Flash* ~ 57.1%  55.4% 58.9% 57.1% 55.4%
Gemini 2.5 Pro 67.9% 66.1% 69.6% 75.0% 67.9%
Claude Haiku 4.5 66.1% 64.3% 64.3% 64.3% 64.3%
Claude Sonnet 4 82.1%  78.6% 80.4% 80.4% 80.4%
Claude Sonnet 4* 75.0% 73.2% 71.4% 73.2% 69.6%
Average 66.5% 65.7% 65.7% 66.7% 65.5%

Table 2. Pass rates by model and condition (56 tasks X 3 reps each, majority-vote). Bold indicates best condition per model;
underline indicates worst. Per-model standard deviations across tasks range from 0.41 to 0.50, reflecting the binary nature of

the outcome.

4 Results
4.1 Aggregate: No Condition Dominates

Table 2 presents pass rates by model and condition. The
aggregate spread across all five conditions is just 1.2 pp
(65.5% to 66.7%). The mixed-effects model (Table 3) confirms
that no condition reaches statistical significance at «=0.05;
all four skill conditions fall well short (all p>0.587). Paired
McNemar tests provide independent confirmation: for each
skill condition, the number of (model, task) pairs where the
skill flips the outcome from fail to pass is approximately equal
to the number flipped from pass to fail (e.g., Core+Examples:
20 helped vs. 19 hurt, p=1.000). Meanwhile, skill content
substantially increases prompt length: Full skills consume
~4.7x the input tokens of No-Skill (~1,150 vs. ~240 tokens),
providing no measurable benefit.

Condition ] p
Full —0.008 0.664
Core-Only  —0.008 0.664
Core+Ex +0.002 0.914
Core+Refs  —0.010 0.587

Table 3. Linear mixed-model fixed effects (n=2,520 majority-
vote outcomes, reference: No-Skill). §: effect in pass-rate
points. No condition reaches significance (¢=0.05).%

3We use majority-vote outcomes to avoid pseudo-replication from treating
three repetitions as independent observations; 93.4% of cells show unanimity
(3/3 agree), so this discards very little information. We use random intercepts
rather than random slopes because the number of variance-covariance
parameters for condition slopes would exceed what 56 task groups and 9
model groups can stably estimate; a random-slopes variant fails to converge.
4A logistic GEE with exchangeable correlation and a non-parametric permu-
tation test (10,000 iterations) yield substantively identical conclusions: all
p>0.45 across all conditions. We report the linear model for interpretability,
as its coefficients directly express percentage-point differences.

To understand why the aggregate is so flat, we examine
how task difficulty (§3.6) distributes across families. Table 4
shows pass rates grouped by task family; because each family
targets a different data-analysis workflow, families also differ
substantially in baseline difficulty.

Family No-Skill Full C-Only C+Ex C+Refs Range (SD)
SQL Query 889 913 89.7 905 89.7  0-100 (26.1)
Struct. Report 90.5 92.1 92.1 91.3 92.1  0-100 (26.8)
Data Cleaning 57.1  50.8 52.4 54.8 524 0-100 (32.6)
Exp. Analysis 294 286 28.6 30.2 27.8  0-67 (28.4)

Table 4. Pass rates (%) by task family, averaged across all
models. Range and standard deviation (SD) report within-
family task difficulty variation (per-task No-Skill pass rates
across all models).

Baseline difficulty varies dramatically across families, com-
pressing the range where skills could matter. SQL tasks and
Structured Reporting sit near ceiling (88.9% and 90.5% No-
Skill baseline), leaving little room for improvement. This
likely reflects both the relative simplicity of many tasks in
these families and the extensive representation of SQL and
JSON generation in LLM training corpora. Experiment Anal-
ysis tasks sit near floor (29.4%), where even the best condition
adds only +0.8 pp. These tasks require multi-step statistical
reasoning (hypothesis tests, effect-size computations), and
the low baseline suggests that models struggle with them
regardless of skill condition. Data Cleaning (57.1%) is the
most informative family, sitting in the moderate-difficulty
range, yet even here skills show a slight negative direction
(2.3 to —6.3 pp).

Difficulty also varies substantially within each family. Of
the 56 tasks, 17 fall in the informative 30 to 80% baseline
range (9 Data Cleaning and 7 Experiment Analysis tasks,
plus 1 Structured Reporting task). The remaining 39 tasks
are at ceiling (27 tasks above 80%) or floor (12 tasks below
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30%). On the 17 informative tasks, all four skill conditions
show a slight negative direction (-2.0 to —5.2 pp), though
none reaches significance given the sample size. This pattern
suggests that skills are, if anything, marginally harmful on
tasks where they could plausibly make a difference.

4.2 Component-Level Patterns

Although no component-level comparison reaches signifi-
cance, the partial-skill conditions are remarkably close to
each other and to the No-Skill baseline:

e Reference Notes show a slight negative direc-
tion: Core+Refs (65.5%) falls below No-Skill (66.5%) by
—1.0 pp, and below Core-Only (65.7%) by —0.2 pp.

e Worked Examples are approximately neutral: Core+Exa

(66.7%) is the closest condition to No-Skill (66.5%), dif-
fering by just +0.2 pp.

e The Full Skill bundles both: Full (65.7%) matches
Core-Only, suggesting that adding both Examples and
Reference Notes to the base procedure produces no
net change.

The near-zero aggregate differences are not an artifact of
cancellation across models: Table 2 shows that 4 of 9 models
achieve their best pass rate under No-Skill, and no single
skill condition is best for more than 3 models. The pattern is
consistent with skills providing no systematic benefit in this
domain.

Although skills do not help on average, they are not en-
tirely without effect: among the 14 taskxmodel pairs where
Core-Only passes but Core+Refs fails (the largest condition-
flip category), Data Cleaning tasks account for 8 of 14 flips,
and Google-provider models (Gemini Flash, Flash™, and Pro)
account for 10 of 14. One representative case (a Data Clean-
ing task on Gemini 2.5 Pro) reveals the mechanism:

The task instructs: “fill missing ages with median,

missing ports with ‘Unknown’” The Reference Notes
instead prescribe: “For numeric columns with <30%

missing, apply forward-fill. For string columns, fill

with UNKNOWN’” Under Core-Only, the model fol-

lows the task instructions and passes. Under Core+Refs,
the model adopts the skill’s generic heuristics (forward-
fill instead of median, uppercase “UNKNOWN” in-

stead of title-case “Unknown”), producing an output

that fails verification.

This failure mode is concrete and actionable: when skills
contain generic heuristics that conflict with task-specific
instructions, the model tends to follow the skill content. We
note that this may partly reflect the quality of our auto-
generated Reference Notes (which are over-prescriptive by
design) rather than an inherent problem with reference ma-
terial as a section type; expert-curated or task-specific refer-
ence notes might not exhibit the same pattern. Adding an
explicit instruction-priority directive (e.g., “task instructions
override skill content”) to the prompt template could also
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Figure 1. Skill effects (vs. No-Skill) with 95% bootstrap ClIs,
striltiﬁed by model capability. All effects cluster near zero;
s
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h6 condition produces a significant benefit or harm for any
capability level.

mitigate this, but we deliberately omitted it to test the default
behavior of current skill-injection systems (§3.2).

4.3 Skill Effects Do Not Vary by Model Capability

One natural hypothesis is that the aggregate null conceals
opposing effects at different capability levels: perhaps com-
pact models benefit from structured guidance while frontier
models are harmed. To test this, we classify models into
three tiers based on capability and inference mode: com-
pact (GPT-40-mini, Gemini Flash, Claude Haiku), frontier
(GPT-40, Gemini Pro, Claude Sonnet), and reasoning (o03-
mini, Gemini Flash*, Claude Sonnet™), with three models
per tier. We then stratify the bootstrap analysis by tier.

Figure 1 shows no strong evidence for this hypothesis.
Compact models show effects centered near zero for all con-
ditions (largest: Core-Only +0.6 pp, 95% CI [-4.2, +5.4]).
Frontier models show a slight negative direction (largest:
Core-Only and Core+Refs —1.8 pp, CI [-5.4, +1.8]), and rea-
soning models show a similar pattern (largest: Core+Refs
—1.8 pp, CI [-6.0, +2.4]). All CIs include zero across all three
tiers. The slight positive direction for compact models and
slight negative direction for frontier and reasoning models
average to the near-zero aggregate, with no tier reaching
significance.

Notably, individual models within each tier show consider-
able heterogeneity. Among compact models, Gemini 2.5 Flash
gains +7.1 pp from Core+Examples (53.6% — 60.7%), but
GPT-40-mini loses —5.4 pp from the same condition (55.4%
— 50.0%). This within-tier variation, rather than a systematic
tier-level pattern, explains why no tier shows a significant
effect. The null is not an artifact of averaging over opposing
tier-level trends; it is consistent with broad indifference to
skill content across the capability spectrum.
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5 Discussion

Our results converge on a single finding: in the data-analysis
domain, single-shot LLM-authored skills provide no measur-
able benefit. This null holds across all five conditions, all nine
models, all four task families, and all three model-capability
tiers. We consider three explanations for why skills fail to
help.

First, for the two highest-performing families, models
are already proficient. SQL Query (88.9% No-Skill baseline)
and Structured Reporting (90.5%) leave little room for im-
provement, consistent with the heavy representation of SQL
and JSON generation in LLM training corpora. For the two
harder families, different mechanisms appear to be at work.
Data Cleaning (57.1%) sits at moderate difficulty, where skills
actively introduce conflicting heuristics: as shown in §4.2,
generic rules like “use forward-fill for columns with less than
30% missing” override task-specific imputation requirements,
producing errors that would not occur without the skill. Ex-
periment Analysis (29.4%) sits near floor, with the best skill
condition adding only +0.8 pp. At such low baselines, we
cannot distinguish whether skills fail because their content
is mismatched to these tasks or because the underlying ca-
pability gap is too large for any prompt-level intervention
to bridge. In short, skills are redundant where models are
strong, actively harmful where they conflict with task in-
structions, and insufficient to bridge capability gaps at low
baselines.

Second, our skills target entire task families rather than
individual tasks. SkillsBench found that focused skills with
two to three modules outperform comprehensive documen-
tation [7]; our family-level skills are closer to the comprehen-
sive end of this spectrum, covering all data-cleaning or all
experiment-analysis tasks with a single set of instructions.
This breadth necessarily sacrifices specificity: a family-level
skill cannot anticipate the particular imputation method or
statistical test that each task requires. Task-specific skills
that address the exact requirements of each task might show
larger effects.

Third, the context overhead of skill content may offset
any benefit. Full skills consume ~4.7x the input tokens of
No-Skill, and the additional content can introduce conflicting
heuristics (§4.2). The observation that 4 of 9 models achieve
their best pass rate under No-Skill suggests that the cost of
processing skill content can exceed its value. In domains
where baseline performance is lower, such as healthcare
(+51.9 pp skill effect [7]) or manufacturing (+41.9 pp), the
informational value of skill content may outweigh this over-
head.

Two additional observations warrant brief mention. En-
abling extended thinking raises the baseline for Gemini Flash
(+3.6 pp) but lowers it for Claude Sonnet (—7.1 pp), though
with only two data points this is suggestive. When split by
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task source, self-authored tasks (baseline 66.7%) and exter-
nally sourced tasks (baseline 66.3%) show nearly identical
skill effects (0.7 pp and —0.5 pp respectively), confirming
that the null is not an artifact of task provenance.

6 Limitations

Our study has three main categories of limitations. The first
concerns scope. Although 17 of 56 tasks fall in the informative
30 to 80% baseline range, providing reasonable coverage, the
remaining 39 tasks are at ceiling or floor, limiting detection
power on those tasks. Our 95% bootstrap Cls span +4 to
6 pp, meaning we can rule out moderate-sized effects but not
small ones (1 to 3 pp). Scaling to hundreds of tasks with more
informative baselines would further tighten these bounds.

The second concerns generalizability. Our setup evalu-
ates single-turn prompt-response pairs in one domain (data
analysis), where two of the four task families exhibit high
No-Skill baselines (SQL 88.9%, Structured Reporting 90.5%).
Agentic workflows with multi-turn tool use, and domains
with uniformly lower baselines (healthcare, cybersecurity),
may show larger skill effects. Our findings apply only to
LLM-authored, family-level skills and should be validated
with expert-curated, task-specific skills.

The third concerns potential confounds. Skill conditions
increase prompt length (from ~240 tokens for No-Skill to
~1,150 for Full), so any degradation may partly reflect longer
prompts rather than content harm. Because we use a single
generated skill per family, section effects are confounded
with the idiosyncrasies of those four specific skills; a dif-
ferent generation run might produce less over-prescriptive
reference notes. Our always-on flat-file injection differs from
Anthropic’s recommended progressive-disclosure architec-
ture [1], so the null may not generalize to selective-loading
systems that inject content only when relevant.

7 Conclusion

We presented the first component-level ablation of LLM-
authored Agent Skills in data analysis. Across 56 tasks, nine
models, and three providers (2,520 majority-vote outcomes),
no skill condition significantly outperforms the No-Skill base-
line. The null is robust: it holds across all four skill com-
ponents, all three model-capability tiers, and all four task
families. Paired McNemar tests confirm that skills help and
hurt on roughly equal numbers of taskxmodel pairs, and
bootstrap CIs bound the maximum possible benefit to less
than +4 pp at the aggregate level (+6 pp within individual
tiers).

These results suggest that single-shot LLM-authored skills
fail through different mechanisms at different baseline levels:
they are redundant where models already perform well (SQL,
Structured Reporting), introduce conflicting heuristics at
moderate baselines (Data Cleaning), and cannot compensate
for capability gaps at low baselines (Experiment Analysis).
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This finding does not contradict evidence that expert-curated
skills help substantially in specialized domains [7]; rather,
it suggests that baseline difficulty alone does not determine
skill utility. Natural extensions include: (1) evaluating do-
mains with lower baseline performance where skill content
may add genuine value, (2) comparing family-level skills
against task-specific skills to test whether granularity mat-
ters, (3) testing progressive-disclosure delivery to determine
whether selective loading improves outcomes, and (4) com-
paring alternative skill-generation strategies (iterative re-
finement, multi-candidate selection) against our single-shot
baseline.
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