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Abstract

Al evaluation has built impressive reporting
infrastructure. The Every Eval Ever (EEE)
database can now document what was mea-
sured, how, and what the result was. But re-
porting is not evidence. A well-reported evalu-
ation is not necessarily a trustworthy one. We
identify three dimensions of evidence quality,
drawn from three distinct traditions, that cur-
rent Al evaluation infrastructure does not cap-
ture: design soundness (from experimental de-
sign methodology), transparency and verifia-
bility (from the open science movement), and
evidence strength and decision-readiness (from
evidence-based policy). We show that these di-
mensions are separable and non-substitutable,
that no existing Al evaluation framework ad-
dresses all three, and that medicine’s GRADE
framework implicitly integrates what we make
explicit. We then propose concrete schema ex-
tensions for EEE that operationalize all three
dimensions as structured, queryable metadata.
The contribution is both conceptual—a prin-
cipled framework for evidence quality assess-
ment in Al evaluation—and practical—an im-
plementable infrastructure layer that can be
adopted incrementally within the existing eval-
uation ecosystem.

1 Introduction

The Every Eval Ever schema tells you that Model
X scored 85% on Benchmark Y using Library Z at
Temperature T. It does not tell you whether the
study design was sound enough to support the
claims being made. It does not tell you whether
anyone can independently verify the results. And
it does not tell you how much confidence a poli-
cymaker, developer, or researcher should place in
the finding. These are three distinct questions, and
current Al evaluation infrastructure answers none
of them systematically.

This matters because Al evaluation results are
not academic exercises. They drive model releases,

safety determinations, deployment approvals, and
regulatory assessments. The METR productivity
RCT illustrates the stakes: coding benchmarks sug-
gested Al tools improve developer productivity,
but a rigorous randomized controlled trial found
that experienced developers took 19% longer with
Al assistance, contradicting both benchmark evi-
dence and developers’ own perceptions of speedup
(METR, 2025a). Benchmark reports and a care-
fully designed experiment produced opposite con-
clusions. The field currently has no infrastructure
for distinguishing between them on grounds of evi-
dence quality.

Medicine encountered this same problem
decades ago. The response was to develop par-
allel systems: CONSORT for reporting clinical
trials, PROBAST for assessing design quality, the
TOP Guidelines for transparency standards, and
GRADE for rating overall evidence certainty. Al
evaluation has begun importing the reporting half
of this infrastructure. EEE, Model Cards (Mitchell
et al., 2019), Datasheets for Datasets (Gebru et al.,
2021), and EvalFactsheets all address what to re-
port. But the evidence-quality half—the tools that
answer “should we believe this result?’—remains
largely absent. A systematic review applying
PROBAST to ML-based oncology prediction mod-
els found 84% at high risk of bias (Moons et al.,
2025), demonstrating that extensive reporting co-
exists with poor evidence quality. Weidinger et al.
(2025) identify the same insufficiency and call for
maturing an evaluation science for generative Al
systems, drawing lessons from safety evaluation
in transportation, aerospace, and pharmaceutical
engineering.

Recent work has made important progress to-
ward closing this gap. Wallach et al. (2024) argue
that Al evaluation is fundamentally a social science
measurement challenge and propose a hierarchi-
cal framework for explicitly conceptualizing what
is being measured. Salaudeen et al. (2025), Ro-



driguez et al. (2025), and Bean et al. (2025) have ap-
plied validity theory to benchmarks. Eriksson et al.
(2025) catalog benchmark problems systematically.
Paskov et al. (2025) articulate rigor guidelines for
general-purpose Al evaluations. McCaslin et al.
(2025) propose STREAM, a 28-criterion reporting
standard for dangerous capability evaluations that
represents the most detailed transparency checklist
in the field to date. Raji et al. (2021) diagnosed the
structural limitations of benchmark-centric eval-
uation. Each contributes valuable insights. But
each addresses a subset of what evidence quality
encompasses, and none proposes infrastructure that
makes evidence quality queryable.

This paper makes two contributions. First, we
identify three dimensions of evidence quality for
Al evaluation, drawing on three traditions that the
Al evaluation literature has not yet substantively
engaged: the Shadish et al. (2002) experimental de-
sign framework, the TOP Guidelines from the open
science movement (Nosek et al., 2015), and the
tiered evidence classification system from evidence-
based policy (Coalition for Evidence-Based Policy).
These dimensions are analytically separable and
non-substitutable: design soundness is necessary
but not sufficient for strong evidence; transparency
enables assessment of design soundness but does
not substitute for it; evidence strength integrates
across both while adding the critical factor of inde-
pendent replication. Second, we propose concrete
schema extensions for EEE that operationalize all
three dimensions as structured, queryable metadata,
following principles of incremental adoption and
backward compatibility.

Section 2 describes the existing Al evaluation
infrastructure stack and identifies the missing layer.
Section 3 presents the three-dimensional evidence
quality framework. Section 4 illustrates how all
three dimensions apply across evaluation types,
with deep dives into static benchmarks and Al eval-
uation RCTs. Section 5 proposes the schema ex-
tensions. Section 6 argues for urgency. Section 7
discusses limitations and future work.

2 The Infrastructure We Have and the
Layer We Don’t

Al evaluation has developed a substantial infras-
tructure stack over the past several years. It is use-
ful to distinguish three layers that currently exist
and a fourth that does not.

Layer 1: Execution. Frameworks like Im-eval-

harness (Biderman et al., 2024), Inspect Al, and
HELM (Liang et al., 2023) allow evaluations to be
run in standardized, reproducible ways. This layer
answers: can we run the evaluation?

Layer 2: Reporting. The EEE schema, Model
Cards, System Cards, and Datasheets for Datasets
record what was done and what resulted. EEE is
the most ambitious of these, providing a unified
JSON schema with converters for multiple execu-
tion frameworks, standardized metric types, and
structured uncertainty quantification. This layer
answers: what was measured, how, and what was
the result?

Layer 3: Documentation. EvalFactsheets,
benchmark papers, and technical reports describe
evaluation methodology, often in considerable de-
tail. EvalFactsheets include fields for purpose, de-
sign, known limitations, and validity indicators.
This layer answers: how was the evaluation de-
signed and why?

The missing Layer 4: Evidence Assessment.
None of these layers systematically answers the
question: should we believe this result? A score
of 85% on a benchmark might reflect genuine ca-
pability, data contamination, construct mismatch,
statistical noise, or some combination. The exist-
ing infrastructure records the score but provides
no structured way to assess the evidence behind it.
Specifically, no existing queryable infrastructure
addresses all three dimensions of evidence qual-
ity we identify below. Paskov et al. (2025) and
Bean et al. (2025) identify the criteria rigorous
Al evaluation should meet; Bordes et al. (2025)
and McCaslin et al. (2025) address documentation
and reporting quality; this paper proposes the in-
frastructure for making those criteria queryable at
scale, and adds a formal evidence strength dimen-
sion with defined necessary conditions that all prior
frameworks leave absent or informal. An initial
non-systematic review of key existing frameworks
against these three dimensions is provided in the
supplementary material.

This gap is not a criticism of the existing infras-
tructure. EEE is well-designed for its stated pur-
pose: standardizing how evaluation results from
different frameworks are stored and compared.
Several features of EEE show the team already
recognizes that evidence quality matters beyond
raw scores. The evaluator_relationship field
captures whether an evaluation was first-party,
third-party, or collaborative, an important inde-
pendence indicator. The uncertainty object pro-



vides structured fields for standard error, confi-
dence intervals, and bootstrap information. The
additional_details escape hatches throughout
the schema suggest awareness of metadata that has
not yet been formalized. Our proposal extends
this existing awareness into a systematic evidence
quality layer.

The question “should we believe this result?” de-
composes into three sub-questions, each addressed
by a different intellectual tradition. We turn to these
next.

3 Three Dimensions of Evidence Quality

Evidence quality is not a single concept. Drawing
on three distinct traditions, we identify three di-
mensions that together characterize the evidentiary
strength of an Al evaluation. These dimensions
are analytically separable and non-substitutable.
No existing Al evaluation framework addresses all
three. Medicine’s GRADE framework implicitly
integrates what we propose to make explicit: risk
of bias corresponds roughly to design soundness,
indirectness and imprecision to evidence synthesis,
and the overall certainty rating to evidence strength.
GRADE operates at the systematic review level—
rating bodies of evidence rather than individual
studies—but this is a feature, not a mismatch: the
schema makes individual Al evaluations GRADE-
ready, standardizing what evaluators need to doc-
ument so that future systematic reviews can grade
the accumulated body of Al evaluation evidence
the way a Cochrane review grades clinical trials.
Separating the dimensions makes each indepen-
dently assessable and implementable as structured
metadata.

3.1 Dimension 1: Design Soundness

Source tradition: Experimental design methodol-
ogy (Shadish et al., 2002).

Core question: Does the evaluation’s design
support the inferential claims being made?

The Shadish, Cook, and Campbell four-validity
taxonomy provides systematic tools for diagnos-
ing threats to inferential claims.! Construct va-
lidity asks whether the evaluation measures what

'The S/C/C framework focuses on threats to inference in
experimental and quasi-experimental designs. A complemen-
tary measurement-theory tradition, centered on unified validity
as evidence supporting intended interpretations of scores, is
codified in the Standards for Educational and Psychological
Testing (American Educational Research Association et al.,
2014); Salaudeen et al. (2025), Rodriguez et al. (2025), and
Wallach et al. (2024) apply that tradition to LLM evaluation.

it claims to measure. A benchmark labeled
“reasoning” may primarily test pattern matching.
Bean et al. (2025) found pervasive construct va-
lidity weaknesses across 445 LLM benchmarks.
Salaudeen et al. (2025) and Rodriguez et al. (2025)
have begun applying psychometric validity frame-
works to this problem, primarily for benchmarks.
We extend the analysis across all evaluation types.

Internal validity asks whether the design sup-
ports causal or comparative claims. This is critical
for Al evaluation RCTs, safety intervention eval-
uations, and any claim that Model A outperforms
Model B. Threats include data contamination, con-
founding variables, and evaluation gaming, where
frontier models recognize and strategically alter be-
havior during evaluation (Apollo Research, 2024;
Hubinger et al., 2024). Internal validity has been
essentially unaddressed at the infrastructure level;
Paskov et al. (2025) articulate it in their rigor guide-
lines but not in queryable form.

External validity asks whether results general-
ize beyond the specific evaluation context. Vivalt
(2020) demonstrated that treatment effect hetero-
geneity is the dominant source of evidence uncer-
tainty in impact evaluations: the typical study result
differs from the average effect in similar studies by
almost 100%. Most Al benchmarks make implicit
generalization claims with no documentation of
scope or domain restrictions.

Statistical conclusion validity asks whether the
statistical inferences are warranted. Breznau et al.
(2022) found that 73 research teams analyzing iden-
tical data reached meaningfully different conclu-
sions, revealing what they called a “hidden uni-
verse of uncertainty” from analytical flexibility.
The same evaluator-degrees-of-freedom problem
applies to Al evaluation: metric selection, dataset
splits, prompting strategies, and scoring criteria
all constitute analytical choices that can produce
dramatically different conclusions about the same
model. Zhou et al. (2025) showed that benchmark
comparisons routinely report differences that are
not statistically meaningful. Card et al. (2020)
demonstrate a related failure: NLP experiments
are systematically underpowered, with most stan-
dard benchmark comparisons lacking the statisti-
cal power to distinguish signal from noise, and
they call for adoption of 80% power as the mini-
mum threshold (Cohen, 1962). Al evaluation has
not adopted even this baseline. We add one gap
Card et al. do not address: evaluations that are
adequately powered for average effects routinely



conduct subgroup and heterogeneity analyses on
the same data for which the original design had no
power—and current reporting norms do not require
disclosing this limitation.

3.2 Dimension 2: Transparency and
Verifiability

Source tradition: Open science movement (Nosek
et al., 2015); TOP Guidelines; Center for Open
Science.

Core question: Can an independent party access
the materials needed to verify the evaluation and
its results?

The Transparency and Openness Promotion
(TOP) Guidelines define research practices at
increasing levels of stringency, from disclosure
through sharing to independent certification. Over
5,000 journals and organizations have adopted TOP.
We adapt this into a five-level progression for Al
evaluation: Level 1, Disclosure: state what was
evaluated and how. Level 2, Sharing: share eval-
uation data, code, prompts, and model outputs.
Level 3, Certification: independent certification
that shared materials are complete, functional, and
accurately described. Level 4, Verification: inde-
pendent reproduction of results using shared mate-
rials. Level 5, Replication: independent replication
in new contexts.

A key distinction within this dimension is
between pre-commitment and reporting: spec-
ifying what analyses will be done before see-
ing data versus documenting what was done af-
terward. Both are forms of transparency, but
they serve different functions. The schema’s
pre_registration object captures this through a
registration_type enum distinguishing: none;
minimal (a vague timestamp with no analytical
specificity, providing little constraint on evaluator
degrees of freedom); pre_analysis_plan (speci-
fying primary outcomes, statistical tests, stopping
rules, and subgroup analyses in advance); and
registered_report (peer-reviewed design with
editorial commitment before data collection). Re-
search on Registered Reports in psychology sug-
gests they are associated with substantially lower
positive result rates than standard publications
(Scheel et al., 2021). Current Al evaluation has
strong reporting infrastructure (EEE, Model Cards)
but minimal pre-commitment infrastructure.

Transparency alone is not sufficient. Meta-
science research has documented systematic verifi-
cation failures: pre-registration URLs are often bro-

ken or point to incorrect documents, shared code
may not run, and registration documents some-
times fail to match the stated methods (Hardwicke
et al., 2018). Level 3 exists precisely to catch these
failures—certifying that links are live, code is func-
tional, data is where it was supposed to be, and any
pre-registration document actually specifies what
it claims. Level 3 is essentially absent in Al evalu-
ation. EEE captures source URLs and evaluation
code links, placing it at partial Level 2. Almost
nothing in Al evaluation reaches Level 3 or above.

Levels 4 and 5 introduce independent confirma-
tion through replication, which takes meaningfully
different forms. Computational replication uses the
same data and code to reproduce the same numeri-
cal results—it verifies correctness but not general-
izability. Direct replication collects new data under
the same protocol and operationalization, testing
whether the finding holds under the same condi-
tions. Conceptual replication uses a different opera-
tionalization of the same construct, testing whether
the finding is robust to methodological variation
(Goodman et al., 2016; National Academies of Sci-
ences, Engineering, and Medicine, 2019). These
types are not interchangeable: a result can be
computationally reproducible, directly replicable,
and conceptually irreplicable simultaneously. The
schema’s replication_type field requires eval-
uators to specify which type applies. Reaching
Level 5 requires only that some form of indepen-
dent replication has occurred; computational repli-
cation suffices. Dimension 3 Tier 1, by contrast,
requires direct or conceptual replication together
with rigorous design and pre-registration—the full
evidential record, not the replication event alone.
The two dimensions are correlated at the top but
track different properties: Dimension 2 captures
whether materials are accessible and results have
been independently confirmed; Dimension 3 cap-
tures the evidential weight of the full evaluation
record including design quality.

The relationship between transparency and de-
sign soundness is important and asymmetric. Trans-
parency enables assessment of design soundness:
you cannot identify internal validity threats in a
study you cannot inspect. But a fully transparent
study can still have fatal design flaws, and a well-
designed study conducted behind closed doors can-
not be verified. This asymmetry also creates a gen-
uine tension in safety evaluation contexts, where
full transparency may enable evaluation gaming.
The framework should represent this tension ex-



plicitly, and the schema includes fields for docu-
menting justified restrictions on transparency.

3.3 Dimension 3: Evidence Strength and
Decision-Readiness

Source tradition: Evidence-based policy (Coali-
tion for Evidence-Based Policy; GRADE frame-
work in medicine).

Core question: How much confidence should
we have in this evaluation result, and is it ready to
inform consequential decisions?

The Coalition for Evidence-Based Policy devel-
oped a tiered evidence classification system for
social programs. Top Tier status requires sizable,
sustained effects demonstrated in well-conducted
RCTs, independently replicated at multiple sites.
We adapt this into a four-tier system for Al evalua-
tion (Table 1).

Replication is the key differentiator between
tiers. Most current Al evaluation evidence, includ-
ing influential benchmark results, safety evalua-
tions, and capability assessments, falls at Tier 3
or 4. IJzerman et al. (2020) proposed “evidence
readiness levels” for behavioral science, caution-
ing against premature application of research find-
ings to high-stakes decisions. Al evaluation results
are routinely used for consequential decisions de-
spite evidence that would not meet the threshold
for policy readiness under any standard evidence
hierarchy.

3.4 Why All Three Dimensions Are Necessary

A valid but opaque study cannot be trusted because
we have no way to check the claims. A transparent
but invalid study should not be trusted because we
can see it is flawed. Neither validity assessment
nor transparency tells us the overall confidence
level or whether the evidence has been indepen-
dently confirmed (Table 2). The dimensions are
not logically independent—transparency enables
assessment of design soundness, and some artifacts
furnish evidence to multiple dimensions—but they
are non-substitutable: a strong score on one cannot
compensate for a weak score on another.
Medicine’s GRADE framework implicitly in-
tegrates all three: risk of bias maps to design
soundness, indirectness and imprecision to evi-
dence synthesis, and the overall certainty rating to
evidence strength. Our framework makes explicit
what GRADE combines, separating the dimensions
so each can be independently assessed and imple-
mented as structured metadata. This separation also

enables the individual-to-aggregate bridge: where
GRADE grades bodies of evidence in systematic re-
views, our schema prepares individual evaluations
to be the inputs to such reviews.

4 The Reporting-Evidence Gap Across
Evaluation Types

The three-dimensional framework is general; its
application to Al evaluation is specific. Table 4 in
the supplementary material provides a breakdown
across evaluation types. Two deep dives illustrate
the framework in detail.

Deep Dive 1: Static Benchmarks. Static bench-
marks illustrate all three dimensions: construct va-
lidity concerns are pervasive (Bean et al., 2025),
contamination threatens internal validity (Sainz
et al., 2023), and most results—single evaluations
by model developers—place at Tier 3 at best.

Deep Dive 2: Al Evaluation RCTs. Al evalu-
ation RCTs make explicit causal claims, making
design soundness paramount. The METR produc-
tivity RCT rates as Tier 3 by the three-dimensional
framework: rigorous design but not formally pre-
registered, with specific population and no inde-
pendent replication (METR, 2025a). Appendix C
works through the field-level annotations and notes
that a rigorous RCT without pre-registration sur-
faces a gap the tier system does not yet handle
cleanly. A follow-up study does not upgrade this
rating—it was not pre-registered, suffered severe
acknowledged selection bias, and the researchers
themselves described it as providing “only very
weak evidence” (METR, 2026); two single stud-
ies at Tier 3 and Tier 4 do not compound into
higher tiers. A separate METR finding sharpens
the construct validity concern: Claude 3.7 Son-
net achieved 38% on automated test-passing met-
rics but 0% on holistic manual review (METR,
2025b).  Organizations sometimes keep RCT
methodology confidential to prevent gaming—the
justified_transparency_restrictions field
represents this constraint explicitly.

5 Proposed Evidence Quality Layer for
EEE

5.1 Design Principles

The proposal follows four principles. Incremen-
tal: extend, do not replace; all new fields are
optional; full backward compatibility is main-
tained. Structured: use enums and structured



Tier Necessary Conditions Adequate for... Proposed governance
mapping

Tier 1: Replicated Rigorous design; direct or Broad deployment; regula- ASL-3+; EU Al Act

Rigorous conceptual replication; pre- tory submission; safety case high-risk

registration or registered re-
port

Rigorous design (RCT or
strong quasi-experiment); pre-
registration; no independent
replication yet

Controlled comparison or
observational with controls;
some transparency documenta-
tion

Any documented evaluation;
no minimum design require-
ments

Tier 2: Single Rig-
orous

Tier 3: Suggestive

Tier 4: Preliminary

Research publication; lim- ASL-2; medium-risk

ited deployment

Internal decision-making;
further research prioritiza-
tion

Low-risk; exploratory

Hypothesis generation only  Pre-deployment  re-

search

Table 1: Evidence tiers with necessary conditions and decision-readiness mapping. Self-reported evidence_tier
must be consistent with these conditions; a decision_context of broad_deployment paired with evidence_tier:
preliminary is a detectable and flaggable mismatch. The governance mapping column is a proposed convention
rather than a derivation: ASL levels and EU Al Act risk categories require rigorous, risk-proportionate evaluation
but do not currently specify evidence quality criteria, and this column illustrates how the tier system could fill
that gap. Adoption of any such mapping as normative would require engagement with the relevant standards
bodies. Threshold choices in such a mapping have distributional consequences across the evaluator ecology, and the
deliberative process for setting them is itself a governance question.

Dimension Captures Misses

Design What could be Whether we can

Soundness  wrong (diagnosis) check; whether
findings replicate

Transparency Whether we can ver- Whether design is

ify (auditability) sound;, overall confi-

dence

Evidence How much to believe  Specific design flaws;

Strength (bottom line) specific transparency
gaps

Table 2: Each dimension captures something the others
miss.

objects over free text wherever possible. Three-
dimensional: schema sub-sections correspond to
the three evidence quality dimensions, plus cross-
cutting study design fields. Adoption path: fields
can start as conventions within EEE’s existing
additional_details escape hatches before be-
ing promoted to formal schema fields.

5.2 Schema Architecture

The proposed evidence_quality top-level sec-
tion has four sub-sections (Figure 1).

5.3 Representative Fields by Dimension

Dimension 1 fields include
construct_validity (requiring
target_construct, operationalization,

known_construct_threats),

internal_validity (causal_claims_made,
known_confounds), and
evaluation_type_classification for
study design type. Dimension 2 gives
each of four artifact types a five-level
availability enum (not_disclosed through
verified_or_replicated)—no existing Al
evaluation framework provides this graduated
structure. Dimension 3 includes evidence_tier,
independent_review with replication count and
consistency fields, and conflicts_of_interest.
Some fields, notably pre-registration, are cross-
cutting across all three dimensions. Table 3 maps
selected fields to dimensions and source traditions;
the full JSON schema is in Appendix B.

6 Why This Matters Now

Three arguments for urgency. Epistemic. A field
that evaluates Al systems has no empirical tradi-
tion of studying its evaluation quality. The evalua-
tor degrees of freedom problem demonstrated by
Breznau et al. (2022), in which different analytical
choices produce different conclusions from identi-
cal data, applies directly to Al evaluation. Without
infrastructure to document these choices and assess
their consequences, we have no way to know the
magnitude of this problem in Al evaluation specifi-
cally.

Practical. Evaluation results drive model re-



evidence_quality

+-- validity_assessment

| +-- construct_validity

| +-- internal_validity

| +-- external_validity

| +-- stat_conclusion_validity

+-- transparency_level

| +-- eval_data_availability

| +-- eval_code_availability

| +-- model_outputs_availability

| +-- analysis_scripts_availability
+-- evidence_synthesis

| +-- evidence_tier
| +-- independent_review
| +-- known_limitations
| +-- conflicts_of_interest
+-- study_design_quality
+-- eval_type_classification
+-- pre_registration
protocol_adherence)
+-- contamination_tested
eval_awareness_tested
blinding_procedures
power_analysis_conducted
multiple_comparisons_adjusted
effect_size_reported
decision_context
accountability)

[Dimension 1: Design Soundness]

[Dimension 2: Transparency & Verifiability]

(5-1evel enum)
(5-1evel enum)
(5-1evel enum)
(5-1evel enum)

[Dimension 3: Evidence Strength]

(4-tier enum)

[Cross-cutting]

(enum)
(registration_type enum;

(6-level enum; cross-dim.

Figure 1: Proposed evidence_quality schema architecture. Keys name schema fields; types indicate value
constraints; annotations map fields to evidence quality dimensions.

Schema Field Dim. Source Tradition
evaluation_type_classification C Nomenclature contribution
pre_registration.* C Open science (TOP Guidelines)
contamination_tested 1+C Al evaluation
construct_validity.=* 1 Psychometrics — Al eval
internal_validity.* 1 Shadish, Cook, & Campbell
external_validity.* 1 Development economics
transparency_level . * 2 Open science (adapted TOP)
evidence_tier 3 Coalition for Evidence-Based Policy
independent_review.* 3 Coalition review methodology
conflicts_of_interest.* 3 ICMIJE / CONSORT

Table 3: Selected schema fields mapped to evidence quality dimensions and source traditions. C = cross-cutting.

leases, safety determinations, and deployment ap-
provals. The METR productivity RCT reversal,
in which benchmarks and a carefully designed ex-
periment produced opposite conclusions about Al
coding tools (METR, 2025a), illustrates that conse-
quential decisions rest on evidence that would not
survive systematic quality assessment.

Governance. Existing governance frameworks—
the EU AI Act (Article 9), NIST AI Risk Man-
agement Framework, and ISO/IEC SC 42—assert
that Al evaluations should be rigorous and propor-
tionate to risk, but leave the meaning of evaluation
quality unspecified. This is a pyramid inversion
in the Nosek (2019) model: policy-layer mandates
arrived before the infrastructure, ease, and norms

layers that make meaningful compliance possible.
Organizations can formally satisfy requirements for
“rigorous, risk-proportionate evaluation” by doing
whatever evaluations they were already doing, be-
cause no structured vocabulary for evidence quality
exists. The present schema is an infrastructure-
layer response to that mandate. Frontier Safety
Frameworks report evaluation results without doc-
umenting the evidentiary chain from results to risk
judgments (Ziosi et al., 2025). Under any standard
evidence hierarchy, most current Al evaluation evi-
dence would not qualify as policy-ready.

Enabling systematic review. The schema’s
most important long-run function is enabling sys-
tematic review of Al evaluation results—the mech-



anism by which mature fields produce cumulative
knowledge. Researchers could apply it retroac-
tively to existing evaluations, aggregate across evi-
dence tiers, and produce state-of-the-evidence syn-
theses that currently cannot be done. In terms of the
Nosek (2019) culture change model, the proposed
schema contributes at the infrastructure level; a
companion paper submitted to this workshop devel-
ops the full pyramid analysis and proposes a matu-
ration agenda spanning all five levels. The accumu-
lating cost of operating without this infrastructure—
what companion work submitted to this workshop
terms evaluation debt—is the underlying reason all
three urgency arguments converge now.

7 Discussion

Relation to existing work. The proposal builds
on Paskov et al.’s (2025) rigor guidelines, mak-
ing them queryable. It extends EEE’s existing evi-
dence quality awareness into a systematic layer. It
operationalizes diagnostic insights from Raji et al.
(2021), Bean et al. (2025), and Salaudeen et al.
(2025) as infrastructure. The distinctive contribu-
tion is introducing the open science (TOP Guide-
lines) and evidence-based policy (Coalition) tradi-
tions to Al evaluation infrastructure—translations
that have not previously been made.

Annotation burden. Full popula-
tion is not realistic for every evaluation.
We propose a tiered path: a  minimum
core (evaluation_type_classification,
construct_validity.target_construct,

transparency_level.eval_data_availability,

decision_context) for any evaluator; an ex-
tended set including evidence_tier and
validity threats, comparable in effort to
populating an EvalFactsheet (Bordes et al.,
2025); and an independent-assessment set
(*.certified, independent_review. *,
has_been_replicated) restricted to third
parties by design. For benchmark-style evaluations,
much of the metadata is naturally attached at the
benchmark level and inherited by individual runs;
bespoke study designs rely more on evaluator-
authored documentation. Appendix E sketches
further design directions for lowering adoption
friction.

Generative evaluation paradigms. EEE’s cur-
rent architecture centers on benchmark-style ex-
ecution; other modalities fit to varying degrees.
LLM-as-judge (e.g., Chatbot Arena, MT-Bench)

fits adjacent with minor extensions—judge model
identity, inter-judge reliability, judge calibration
as a nested evaluation—and construct validity is
the primary threat. Red-teaming stresses all three
dimensions: the construct is unsettled, the counter-
factual is rarely specified, and tier criteria do not
map cleanly onto adversarial elicitation. Contin-
uous monitoring requires schema extensions for
temporal versioning and tier-updating, and carries
the highest near-term governance stakes (EU Al
Act Article 72, frontier safety frameworks). Ap-
pendix A sketches dimension applicability across
evaluation types.

Future work. Empirical validation is the imme-
diate priority: applying the schema to a sample of
existing evaluations and assessing inter-rater relia-
bility of evidence quality coding. Pilot integration
with EEE maintainers would test practical feasibil-
ity. Schema v2 should add verification infrastruc-
ture, structured reliability reporting, and effect size
distributions across replications. Red-teaming and
continuous monitoring evaluation regimes require
substantially different schema designs and are nat-
ural targets for follow-on work. The governance
design problem—how to credit high-quality evalu-
ations conducted under confidentiality constraints,
and how to structure mandatory third-party assess-
ment for high-stakes deployments—is substantial
enough for a dedicated paper.

Limitations

The three-dimensional framework is the con-
tribution; the type-specific analysis is illus-
trative. The most important limitation is the
self-assessment problem:  evidence quality
fields would initially be completed by the
evaluating parties. The schema addresses
this structurally:  design_soundness_claim
(submitter-provided) is architecturally separate
from design_soundness_verified_by (third-
party), making self-assessment visible rather
than mistakable for independent review. Schema
gaming is a real risk; structural mitigations include
decision_context/evidence_tier mismatch
detection and a proposed coalition working
group as stewardship body (Goldacre et al.,
2019). The schema is designed for benchmarks,
human evaluations, and causal impact studies;
red-teaming and continuous monitoring require
different designs and are future work.
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A Reporting-Evidence Gap Across Evaluation Types

Eval Type

Design Soundness Threats

Transparency Gaps

Typical Evidence Tier

Static Benchmark

Dynamic  Bench-
mark
Safety / Red-Team

Al Evaluation RCT
Quasi-
Experimental

Human Preference

Structured Audit

Construct (vague operationalization); Sta-
tistical conclusion (underpowered compar-
isons)

Construct (item equivalence); Reliability

Internal (evaluation gaming); Construct (un-
defined thresholds)

Internal (randomization, blinding); Statisti-
cal conclusion (power)

Internal (confound control); Statistical con-
clusion (specification sensitivity)

Construct (biases); Reliability (inter-rater
agreement)

Internal (access limitations); Independence

Data often shared; contamination
testing rarely verifiable

Regeneration methodology variably
documented
Often deliberately opaque

Variable: some methodology confi-
dential

Design assumptions rarely docu-
mented

Judge prompts sometimes shared

Often proprietary

Suggestive to Preliminary

Similar to static
Preliminary to Suggestive
Suggestive to Near Top Tier
Suggestive at best
Suggestive to Preliminary

Varies widely

Table 4: The reporting-evidence gap across Al evaluation types.



B Evidence Quality JSON Schema

The proposed evidence_quality section extends the EEE schema with the following structure (abbrevi-
ated; full specification available upon request).

{
"evidence_quality”: {
"evaluation_type_classification”:
enum[static_benchmark, dynamic_benchmark, human_preference, red_team,
structured_audit, randomized_controlled_trial, quasi_experimental, ...],
"pre_registration”: {
"registration_type"”: enum[none, minimal, pre_analysis_plan, registered_report],
"registry_url”: string, "registration_content_url”: string,
"primary_outcomes_pre_registered”: boolean,
"protocol_adherence”: {
"deviation_status”: enum[no_deviations, deviations_present, not_assessed],
"deviations”: [{pre_registered_element, deviation_type,
deviation_description}]
}
}’
"validity_assessment”: {
"construct_validity": {
"target_construct”: string, "operationalization”: string,
"known_construct_threats”: [string]
}!
"internal_validity"”: {
"causal_claims_made”: boolean, "design_supports_causal”: boolean,
"known_confounds”: [string]
}’
"external_validity"”: {
"population_scope”: string, "domain_restrictions”: [string],
"generalization_basis”: enum[theoretical, prior_empirical, expert_judgment,
none_stated],
"generalization_claims”: string, "known_generalization_limits”: [string]
}’
"stat_conclusion_validity"”: {
"effect_size_type": string, "effect_size_value”: number,
"practical_significance”: boolean
}
}7
"transparency_level”: {
"eval_data_availability”: enum[not_disclosed, disclosed, shared, certified,
verified_or_replicated],
"eval_code_availability”: enum[...],
"model_outputs_availability”: enum[...],
"analysis_scripts_availability”: enum[...],
"justified_restrictions”: string
}7
"evidence_synthesis": {
"evidence_tier"”: enum[replicated_rigorous, single_rigorous, suggestive,
preliminary],
"independent_review": {
"has_been_replicated”: boolean, "replication_count”: integer,
"replication_type"”: enum[computational, direct, conceptuall,
"results_consistent”: boolean
}!
"decision_context”: enum[research_publication, internal_decision_making,
limited_deployment, broad_deployment, regulatory_submission, safety_case],
"known_limitations”: [string],
"conflicts_of_interest”: {
"funding_source”: string, "commercial_interest”: boolean
}
3
3

}



C Worked Example: METR 2025 Productivity RCT

The METR 2025 productivity RCT (METR, 2025a) measured the effect of Al tool access on experienced
developers’ completion time on real software-engineering tasks (16 developers, 246 tasks, within-subject
randomization). We use it as a worked example for three reasons: it is well-documented publicly, it is
externally salient (its finding contradicted both benchmark evidence and developer self-report, motivating
Section 4), and it exercises most of the schema’s fields. Applying the framework also surfaces a tier-system
gap, discussed below.

Fields below distinguish confirmed (consistent with public artifacts: METR’s paper, blog post, and
GitHub repository) from illustrative (plausible characterizations reflecting our reading of public materials,
not directly verified against METR’s internal records). In a production setting, illustrative fields would be
confirmed by direct annotation from the evaluating team or a third-party annotator with access to the full
study record.

{
"evidence_quality”: {
"evaluation_type_classification”: "randomized_controlled_trial”,
"pre_registration”: {
"registration_type"”: "none”,
"primary_outcomes_pre_registered”: false,
"protocol_adherence”: {
"deviation_status”: "not_assessed”
}
}’

"validity_assessment”: {
"construct_validity”: {
"target_construct”: "AI-tool-induced change in completion time on real software-engineering
tasks for experienced developers”,
"operationalization”: "Self-reported task completion time on randomly assigned real GitHub
issues, comparing Al-allowed vs. AI-disallowed conditions”,
"known_construct_threats”: [
"Self-reported completion time may not capture quality differences”,
"Self-reported speedup expectations diverged from measured slowdown, suggesting the construct
includes a perception component the measurement does not capture”,
"Automated test-passing metrics correlate poorly with holistic manual code-quality review
(38% vs. 0% in METR's reconciliation analysis)”
]
}’
"internal_validity": {
"causal_claims_made": true,
"design_supports_causal”: true,
"known_confounds": [
"Task heterogeneity within developer (addressed by within-subject randomization)",
"Possible cross-condition learning spillover”,
"Hawthorne / observation effects: developers knew tasks were timed and recorded”,
"Unblinded intervention: participants cannot be blinded to AI access”
]
}’
"external_validity": {
"population_scope”: "16 experienced contributors to mature open-source projects; 246 tasks
total”,
"domain_restrictions”: [
"Real software engineering on familiar codebases”,
"Specific AI tool stack (Cursor Pro, Claude 3.5/3.7 Sonnet)”
:ly
"generalization_basis"”: "prior_empirical”,
"known_generalization_limits": [
"Does not measure novice or intermediate developer effects”,
"Does not measure greenfield or non-coding tasks”,
"Tool stack specific to early-2025 AI capabilities”
]
})
"stat_conclusion_validity": {
"effect_size_type"”: "percent change in completion time (95% CI)",
"effect_size_value”: 19,
"effect_size_ci": [2, 39]
}



}7

"transparency_level”: {
"eval_data_availability”: "shared",
"eval_code_availability": "shared”,
"model_outputs_availability”: "disclosed”,
"analysis_scripts_availability”: "shared”,
"justified_restrictions”: ""

}’

"evidence_synthesis”: {
"evidence_tier"”: "suggestive”,
"independent_review": {

"has_been_replicated”: false,
"replication_count”: 0

}s
"decision_context”: "research_publication”,
"known_limitations”: [
"Single study; no independent replication”,
"Population specific to experienced open-source developers”,
"Effect estimate sensitive to tool stack tested”,
"Not formally pre-registered; analytic specificity not pre-committed”
]’
"conflicts_of_interest”: {
"funding_source”: "METR (independent research org; receives funding from frontier labs and Open
Philanthropy); first-party relative to AI tools tested but third-party relative to model
developers”,
"commercial_interest”: false

3
}
3
3

Several field-level decisions merit comment.

Tier rating and a framework gap. evidence_tier: suggestive (Tier 3) reflects the absence of
formal pre-registration, which Table 1 requires for Tier 2. Applying the framework to METR 2025
surfaces a gap: a rigorous RCT without pre-registration does not satisfy Tier 2’s necessary conditions,
but Tier 3’s wording (“controlled comparison or observational with controls”) understates the actual
study design. We treat this as a finding the framework’s application produced rather than a result to
argue around. Two principled v2 directions could address it: an intermediate tier (‘“Rigorous Without
Pre-Registration”) or treating pre-registration as a downgrading factor rather than a necessary condition
(analogous to GRADE’s downgrading mechanism for observational evidence). Both carry tradeoffs that
are out of scope here.

Construct validity threats. known_construct_threats is non-empty even for a strong study. The
self-reported speedup vs. measured slowdown divergence (developers expected approximately 20%
speedup; measurement showed approximately 19% slowdown) is itself a construct threat: the measurement
instrument and the perceived construct come apart. The 38% vs. 0% gap between automated test-passing
and holistic code-quality review (METR, 2025b) is a documented construct concern the schema should
surface even though it was identified after the original study. Together these motivate the community-
maintained benchmark cards idea (Appendix E): construct concerns continue to surface after an evaluation
is published.

Validity-type  classification. Population  scope and  tool-stack  specificity = were
initial candidates for known_construct_threats but are more naturally
external_validity.known_generalization_limits: they concern generalization, not what
the construct itself includes. The fact that this distinction requires effort even for the schema’s authors is
itself an argument for the controlled vocabularies discussed in Section 7.

Schema gaps surfaced by application. Two further schema limitations are exposed. The
conflicts_of_interest.commercial_interest field is binary, which cannot represent METR’s fund-
ing pathway accurately (independent research org funded in part by frontier labs and Open Philanthropy;



first-party relative to Al tools tested but third-party relative to model developers). A more granular
structure is a v2 candidate. The stat_conclusion_validity.effect_size_value field also lacks a
unit specifier; whether “19” means 19% change, 19 minutes, or 19 standard deviations depends on the
effect_size_type string, which is free text. Both gaps illustrate how applying the schema to a real
evaluation produces structured feedback on the schema itself.

Regulatory use. An AISI or notified body deciding whether to cite METR 2025 in policy guidance
would find it usable for descriptive claims about a specific population (experienced open-source developers,
early-2025 Al stack) but insufficient as a sole basis for deployment-conditioning decisions, given the
absence of pre-registration, independent replication, and bounded population scope. The schema makes
this assessment legible and queryable rather than requiring per-evaluation judgment from regulators
reading prose write-ups.

What this example is and is not. This is a demonstration of how the schema applies to a single real eval-
uation, not an inter-annotator-agreement validation. Empirical validation requires multiple independent
annotators applying the schema and measuring agreement, which is a priority for v2 work. A systematic
worked-examples program spanning benchmarks, capability evaluations, red-team exercises, LLM-as-
judge evaluations, and quasi-experimental designs would more thoroughly stress-test the framework; we
treat that as a target for follow-on work or community contribution coordinated through the EvalEval
Coalition.



D Initial Non-Systematic Review of Existing Frameworks

Table 5 compares key existing frameworks against the nine dimensions addressed by the proposed schema.
This comparison is illustrative rather than exhaustive; a systematic review of existing frameworks against
these dimensions is a valuable direction for future work. Column abbreviations: CV = construct validity;
IV = internal validity; EV = external validity; SCV = statistical conclusion validity; Disc. = openness &
disclosure; Reprod. = reproducibility & verification; Repl. = replication tracking; Tiers = evidence tiers;
Query = queryable infrastructure.

Framework CvV v EV SCvV Disc. Reprod. Repl. Tiers Query
Model Cards Partial Partial  Partial ~Minimal Yes Partial No No No
(Mitchell et al., 2019)

ECBD Yes Partial ~ Partial Partial Yes Partial No No No
(Liu et al., 2024)

Paskov et al. Partial Yes Yes Partial Yes Yes Partial No No
(Paskov et al., 2025)

BetterBench Partial  Partial  Partial Yes Yes Yes Partial No Partial
(Reuel et al. 2024)

EvalFactsheets Yes Partial ~ Partial Yes Yes Yes Partial No Partial
(Bordes et al., 2025)

METR protocols Partial Partial Limited — Partial ~ Limited No No No
STREAM Partial  Partial  Partial Partial Yes Partial No Partial No
(McCaslin et al., 2025)

EEE current (v0.2.1) No No No Partial ~ Partial  Partial No No Yes
Paper 2 proposed Yes Yes Yes Yes Yes Yes Yes Yes Yes

Table 5: Initial non-systematic review of existing frameworks against nine evidence quality dimensions. “Partial”
indicates the dimension is addressed but incompletely or without structured metadata. “— indicates insufficient
public documentation to assess. Key finding: no prior framework provides both queryable infrastructure and formal
evidence tiers; EEE is the only queryable infrastructure but covers no quality dimensions; EvalFactsheets (Bordes
et al. 2025) provides the most comprehensive validity coverage among non-queryable frameworks. STREAM
(McCaslin et al. 2025) is the most comprehensive reporting standard and engages with evidence strength informally
(criterion 1(ii): strong vs. suggestive evidence; criterion 6(i): Primary/Important/Supporting/Minor evidence
weighting), but explicitly limits its scope to reporting quality rather than evidence quality and acknowledges “little
consensus on how to best interpret evidence from evaluation results.” ECBD characterization based on Liu et al.
(2024); BetterBench based on Reuel et al. (2024).



E Design Directions for Adoption

The v1 schema treats the evaluation event (model x benchmark x configuration) as the unit of annotation.
Several extensions to this design emerged in preliminary feedback and warrant v2 exploration without
commitment in v1.

Benchmark-level annotation with run-level inheritance. Most fields in the heaviest portion of the
schema describe the benchmark, not the run: target construct, operationalization, known construct threats,
and population scope are constant across every evaluation that uses a given benchmark. Attaching these
to a benchmark-level card (analogous to Datasheets for Datasets (Gebru et al., 2021) or Model Cards
(Mitchell et al., 2019)) and having individual runs inherit them addresses the high-volume scaling problem
directly: a frontier lab evaluating against 100 benchmarks per release inherits 100 pre-existing cards rather
than producing 100 fresh annotations.

Annotation provenance and tooling-led inference. Each field could carry a provenance
tag (inherited_from_benchmark, evaluator_asserted, third_party_verified) so that auto-
population is legible rather than indistinguishable from manual annotation. An LL.M-based tool reading
benchmark papers and proposing field values for human review would lower the expertise barrier substan-
tially; errors are cheap to correct, and missing fields can be flagged for community contribution.

Decision-context-triggered annotation and versioned rollout. Full annotation could be required only
when an evaluation is invoked for a high-stakes decision (regulatory submission, safety case). The schema
itself need not ship in full at vl: a minimum core, then benchmark-level cards, then validation-study
linkage in successive versions, paralleling the staged-release model of the TOP Guidelines (Nosek et al.,
2015).

These directions are not mutually exclusive; the most promising combination—benchmark-level cards
plus provenance fields plus tooling-led inference—would substantially lower the adoption barrier while
preserving evidence-quality content. Working out the design details is a target for v2.
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