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Background/Objective: A metabolomics study normally ends in a result table: one row per compound with an effect estimate,
raw and adjusted probability values, and identification evidence. These tables circulate as spreadsheets and delimited text whose
column names their authors choose, so computational review must infer the schema. We asked whether a deterministic audit
program returns the outputs its own contract requires on cases fixed and hashed before it ran.
Methods: We evaluated Validex 0.2.0 at one locked commit against a synthetic benchmark of 240 cases in twelve perturbation
families: 40 development, 160 held-out and 40 challenge. The held-out partition ran once. A case counted as exact only when
five field mappings, five ambiguity states and the ingestion outcome matched. Post hoc we re-executed the commit, re-scored
outputs across sixteen usability thresholds, and audited the benchmark for duplicates.
Results: Of 160 held-out cases, 147 matched exactly, a table-level mismatch rate of 8.125%. Ingestion succeeded in 160 of 160,
spreadsheet ingestion in 26 of 26, ambiguity states in 800 of 800. All 13 mismatches came from one family, where the program
suppressed probability mappings the reference expected. Re-execution reproduced all 240 output files byte for byte. Sixty-five
of the 160 held-out tables are identical to a development table.
Conclusions: The program conforms to its contract on these fixtures. The benchmark is not independent of the software, so the
result cannot speak to accuracy on real metabolomics tables.

Keywords: software verification, deterministic auditing, metabolomics result tables, synthetic benchmark, reproducibil-
ity, false discovery rate

Introduction

A downstream metabolomics result table links compounds or
measured features to effect estimates, statistical results and
annotation evidence. Reporting standards define information
needed to interpret those results1,2, including levels of identi-
fication confidence3. Published data-analysis descriptions can
still be incomplete4. RefMet harmonizes metabolite names5,
while reviews describe persistent difficulties in annotation6.
Recognizing a column in a supplementary spreadsheet re-
quires a separate decision about its meaning.

Recent software illustrates the range of upstream operations
represented in result tables. MetaboAnalyst 5.0 added spectral
processing and functional analysis7; version 6.0 expanded its
processing and interpretation workflows8. MetaboAnalystR
4.0 implements an LC-MS workflow spanning feature detec-
tion, identification and statistical analysis9. MZmine 3 inte-
grates multimodal mass-spectrometry processing10, and MS-
DIAL 4 combines lipid annotation with retention-time and
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spectral evidence11. Surveys of R packages and other freely
available metabolomics tools describe their different analyti-
cal roles12,13. In environmental non-target screening, patRoon
combines processing and annotation tools in an R workflow14.
These tools perform upstream analyses whose scientific cor-
rectness cannot be established by checking the headers of their
exported tables.

Annotation methods also produce different kinds of evi-
dence. SIRIUS 4 infers molecular structure information from
tandem mass spectra15, whereas CANOPUS predicts com-
pound classes16. Feature-based molecular networking links
aligned features through spectral similarity17; ion identity
molecular networking adds relationships among ion species
of the same molecule18. Spec2Vec learns spectral repre-
sentations for similarity scoring19, and MS2DeepScore pre-
dicts structural similarity from spectral pairs20. HMDB 5.0
supplies metabolite reference information and spectral re-
sources21. A field labelled annotation may therefore encode
a name, a class or a score. Validex recognizes selected head-
ers but does not verify any of these scientific assignments.

Table handling can introduce additional errors. Two empir-
ical studies documented gene-symbol conversions in supple-
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mentary spreadsheets22,23; spreadsheet organization guidance
addresses preventable formatting problems24. Statistical inter-
pretation requires the adjustment method as well as the num-
bers. Benjamini-Hochberg adjusted p-values are at least their
corresponding raw p-values25, but that relation is not a univer-
sal property of FDR estimates. Storey-type q-values incorpo-
rate an estimated null proportion and can be smaller than raw
p-values26. Comparative work documents differences among
FDR methods27. An ordering warning alone therefore cannot
establish a statistical error. Errors in identifiers or statistical
selections can also affect downstream pathway analysis28.

Existing standards and validators address more constrained
inputs. mzTab-M defines a quantitative metabolomics ex-
change format29, and jmzTab-M provides its parser, writer and
validator30. The mwtab library supports repository access and
quality control31. COSMOS and ISA address data coordina-
tion and interoperability32,33; metabolomics standards discus-
sions describe adoption barriers34. General validation systems
test declared tabular constraints35,36. Such constraints require
a known schema or an explicit mapping to one. This require-
ment is relevant to machine-actionable data reuse37.

Validex normalizes headers, compares them with a fixed
alias registry, records ambiguity and suppresses active prob-
ability mappings when too few cells are usable. We ask
whether the implementation reproduces a frozen reference on
specified synthetic cases. Computational benchmarking guid-
ance distinguishes developer-run testing from neutral compar-
ison38,39. Here the same project produced the software and
reference, so the study measures software and benchmark con-
formance. It does not estimate accuracy on naturally occurring
metabolomics tables or agreement with domain experts.

Methods

Study design

This is a verification study of one program at one commit
against one benchmark. The evaluated artefact is Validex 0.2.0
at commit 86be06dfc64e33851b61c7b5d261657fec32e778.
The study separates six phases: diagnosis of the previous
version, implementation of the 0.2 contracts, generation and
freezing of the benchmark, a single execution of the held-out
partition, analyses planned before that execution, and analyses
added afterwards. Every result from the last group is labelled
post hoc where it appears.

The study used synthetic benchmark files and a separate
feasibility screen of public table records. It involved no re-
cruitment, intervention or analysis of identifiable patient-level
records. The screen required lawful access and resolved li-
censing. No clinical or biological-validity endpoint was mea-
sured.

The audit contract

Validex accepts comma-separated and tab-separated text and
native XLSX workbooks, with the worksheet named explicitly
when a fixture needs one. Each file is parsed into a normalized
table before any field matching happens.

Five canonical fields are recognized: compound identifier,
effect size, raw probability value, false discovery rate, and
annotation or identification evidence. Column headers are
normalized and compared against a governed registry of ex-
act aliases, each carrying a rationale and a risk classification.
Exact aliasing rather than fuzzy matching keeps the rule in-
spectable, at the cost of failing on synonyms nobody entered.

Ambiguity is recorded separately from emission. Four
states are possible for each field: no valid candidate, one valid
candidate, several candidates with a preferred selection, and
several candidates with no preference. This separation mat-
ters for reading the results below, because a column can be
structurally recognized and still be withheld from the active
output.

Probability columns receive cell-level validation. Every cell
in a recognized p value or fdr column is classified as a valid
number in the closed unit interval, missing, non-numeric, non-
finite, or numeric but out of range. The valid fraction is com-
puted over all rows rather than over the non-null subset, so
missing cells count against a column. A column is usable
when its valid fraction is at least 0.80, and the comparison
is inclusive at the boundary. When a recognized column fails
that test, the active detected field is serialized as null while
the structural record of the column survives in the ambiguity
output.

The frozen program computes a numeric-ordering heuris-
tic on rows where both structurally selected probability values
survive numeric coercion. Its summary is the fraction with ad-
justed value at least raw value; it warns when that fraction is
below 0.80. Coercion does not exclude out-of-range or infi-
nite numbers. For comparison, a post hoc restricted rule uses
only pairs numeric, finite and within [0, 1] on both sides. Nei-
ther rule establishes FDR validity without knowledge of the
adjustment method.

The program also emits a heuristic audit score, a three-level
confidence label, completeness flags, user-facing findings, and
provenance records naming the input file, the software version
and the commit. All stages are deterministic for a fixed input,
commit and configuration. No model or network service is
called during an audit.

Benchmark construction and freezing

The v2 benchmark contains 240 synthetic cases generated by
a script that defines every table in code. Cases cycle through
twelve perturbation families by index: canonical CSV, sup-
ported TSV, single-sheet XLSX, XLSX requiring an explicit
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sheet, annotation positives, annotation negatives that collide
with rejected concepts, several annotation candidates with no
preference, a preferred p-value candidate, invalid probabil-
ity cells, adjusted values ordered below raw values, duplicate
identifiers, and a missing field. Row counts run from 8 to 14
by index. Cases 1 to 40 form the development partition, 41 to
200 the held-out partition, and 201 to 240 the challenge parti-
tion. A 20-case reserve from the earlier v1 benchmark exists
but sits outside v2, was never executed, and supports no infer-
ence here.

Each case carries a seed of the form 202607240000 plus its
index, so the seeds run from 202607240001 to 202607240240.
The seeded generator is consumed by only two families, which
use it to pick an annotation header from a short list. Every
other cell value and header follows deterministically from the
case index. Many cases are therefore identical to one another.
The Results report how many.

Before the held-out partition ran, a hash inventory of 720
entries was written, covering 240 generated tables, 240 case
specification files and 240 ground-truth records. The gener-
ator, the execution runner and the analysis script were fixed
at the same time. File modification times place generation at
15:50 on 23 July 2026, the evaluated commit at 15:51:41, the
development run at 15:52:29, the freeze certificate at 15:52:52,
the held-out run at 15:53:00, and the analysis at 15:53:02. All
of these artefacts entered version control together in a single
commit the following afternoon. There is no time-stamped
record external to the project. We therefore describe the refer-
ence as prospectively frozen rather than pre-registered, and we
note that the ordering within 23 July rests on file timestamps,
which are mutable, rather than on anything cryptographic.

Execution and outcome definitions

The held-out partition was executed once against the locked
commit. Outputs were retained unchanged and were not re-
placed by any later run.

Exact-table agreement is the primary endpoint. For each
case, the program’s output is compared against the frozen ref-
erence on five active field mappings, five ambiguity states, and
the ingestion outcome. A case counts as exact only when all
eleven comparisons match. There is no partial credit, and the
denominator is the full 160-case held-out partition.

Field-level counts follow the same comparison. A true pos-
itive is an expected column emitted as the active mapping; a
false negative is an expected column not emitted; a false posi-
tive is an emitted column that was not expected; a true negative
is agreement that no column should be active. Precision, re-
call and F1 follow the standard definitions for these counts40.
Where an interval is given for a proportion it is a Wilson score
interval41,42, and we note in the Discussion why these inter-
vals are optimistic here.

Analyses added after the initial execution

Six analyses were added after the frozen result existed. Each
is post hoc and none of them changes the primary endpoint.

First, we re-executed the locked commit twice in fresh di-
rectories on all 240 frozen inputs and compared the result-
ing files against each other and against the July outputs, byte
for byte. Second, we stratified the frozen per-case results by
family, by file format and by partition. Third, we re-scored
the frozen outputs across sixteen usability thresholds, using
both a full re-execution of the locked code with the threshold
changed and an independent reconstruction from the recorded
valid fractions; the two methods had to agree for a threshold
row to be reported. Fourth, we defined three ablations be-
fore running them and recorded the definitions with their hash:
canonical header names only, governed aliases without the us-
ability gate, and the full framework. Fifth, we compared the
historical FDR-ordering comparison set against a restricted set
containing only pairs that are numeric, finite and inside the
unit interval on both sides. Sixth, we fingerprinted every case
three ways, by file hash, by normalized parsed content and by
normalized specification, and counted duplicates within and
across partitions.

External-corpus feasibility screen

A separate screen tested whether an independent evaluation
corpus could be assembled from public tables. It measured
feasibility and produced no performance number.

The source archive contains 140 files from 58 stud-
ies, retrieved on 23 July 2026 through several search
waves. MetaboLights provides study data and metadata43,44;
Metabolomics Workbench was also consulted45. The retained
registry contains 33 queries covering Europe PMC and pub-
lic repositories. It is incomplete for the earliest pilot wave:
queries QRY 0001 through QRY 0005 are absent. A sec-
ond bounded search on 24 July screened 330 unique article
records. Supporting Information S4 supplies the available
queries, limits, eligibility criteria and all 195 table disposi-
tions.

A row unit counted as resolved under the screening script
when a normalized header contained a compound, metabo-
lite, feature, gene, name or mass-to-charge term. Sample
or assay headers and unresolved headers received separate
dispositions. This permissive header rule does not establish
metabolomics modality. An uncontaminated table had no
recorded prior Validex output; eight tables with Validex 0.1.0
demonstration outputs were excluded before screening. Eli-
gibility required a traceable study, lawful access, an archived
and hashed source, a bounded table with interpretable rows,
documented metabolomics or lipidomics modality, at least
one in-scope field, adequate documentation, resolved licens-
ing and reproducible extraction. Abundance-only matrices,
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patient-level raw data, prior-exposure cases and prohibited
duplicates were excluded. Reporting recommendations de-
scribe additional scientific metadata beyond this structural
screen46,47.

Sampling followed bounded repository queries and
returned-record order, with no random draw or representa-
tive sampling frame. The expanded first-wave search capped
records at 300 and downloads at 150; per-query limits were
12 for Europe PMC, eight for Zenodo and Figshare, and five
for Dryad and OSF. It deduplicated candidates against exist-
ing and current records using lowercased DOI, accession and
title tuples. The later search used Europe PMC requests un-
der twelve source-labelled waves, capped at 500 records and
200 downloads, retaining at most 35 returned records per re-
quest. It deduplicated article identifiers and download URLs;
extracted-file hashes defined table duplicates. Eligible selec-
tion was to sort by study and table identifier and allow two
tables per study. No file was retrieved in that search, so ta-
ble deduplication and the selection cap had no effect. These
procedures support a bounded feasibility assessment, not an
exhaustive search across twelve independent services.

A deterministic script assigned the 187 screening statuses
from stored headers and metadata. Its second rule vari-
ant added probability-field and documentation requirements;
no model was called at decision time. During revision,
two authors separately verified the 13 mismatch cases and
195 screening records. The corresponding author confirmed
checking original source tables and summaries. The retained
records contain no paired human ratings or reconciliation log,
so human inter-rater agreement and reviewer-specific decision
changes cannot be calculated. The frozen screening manifest
is unchanged from its first committed version; this establishes
record stability, not agreement between the two authors.

Software, statistical environment and AI assistance

Analyses were written in Python 3.13.12 with pandas 3.0.5,
numpy 2.5.2 and openpyxl 3.1.5 on macOS running on Ap-
ple silicon. The July 2026 execution recorded the interpreter
version and the platform but not the package versions.

AI assistance is disclosed as follows. Coding assistants
(Claude, Anthropic) reviewed program code, the benchmark
generator, the execution runner and the analysis scripts, and
assisted with the post hoc analyses. The corpus eligibility sta-
tuses reported below came from the deterministic script de-
scribed above, which calls no model at run time. Separately,
three isolated agent sessions (OpenAI Codex worker agents)
performed a semantic review of a 188-table set on 23 July
2026 under recorded prompts with published hashes; that ac-
tivity is distinct from the eligibility screen and is not the source
of the corpus counts. The served model identity and the sam-
pling controls for those sessions were not exposed by the in-

terface, and we report that gap rather than guessing. No AI
system is an author, and no AI-generated content is presented
as expert judgment.

Reproducibility

The evaluated commit, the 240 frozen inputs, the 240 case
specifications, the ground truth, the 720-entry hash inventory,
the raw outputs, the analysis scripts, the environment record
and the reproduction commands are held together in a review
package with per-file checksums. The package was copied to a
clean directory and its documented commands were run there,
including a full re-execution and the regression tests reported
below. Guidance on reproducible computational research asks
for exactly these materials48–50. Archived research code often
fails to run when someone tests it51, so we report the clean-
directory run as one of the study’s results52.

Results

Benchmark composition and ingestion

The frozen benchmark holds 240 cases: 40 development, 160
held-out and 40 challenge. Within the held-out partition,
four families contribute 14 cases each and eight contribute
13, which sums to 160. By format, the held-out partition
holds 121 comma-separated files, 26 workbooks and 13 tab-
separated files. Table 1 gives the partitions and their roles; the
family breakdown appears in Table 3 with the performance
results.

Table 1 Sets used in this study. The v1 reserve is listed for context; it
sits outside the v2 benchmark, was never executed, and supports no
inference here.

Set Cases Use
v2 development 40 Development checks
v2 held-out 160 Primary conformance

endpoint
v2 challenge 40 Separate descriptive

endpoint
v2 total 240 All executed v2 cases
v1 reserve 20 Outside v2; never executed

Every held-out file parsed without error, so ingestion suc-
ceeded in 160 of 160 cases. All 26 workbooks parsed, includ-
ing the 13 that require an explicit worksheet name.

Exact-table agreement

Of the 160 held-out cases, 147 matched the frozen reference
exactly. Thirteen did not. The table-level mismatch rate is
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147 exact
13 mismatched

(a) Exact-table agreement · 160 held-out cases

0 40 80 120 160

compound id
effect size

p value
fdr

annotation

Blue: TP   Green: TN   Orange: FN   FP: 0

(b) Field counts · 160 cases per field

Held-out ingestion 160/160
Held-out ambiguity states 800/800
XLSX ingestion 26/26
XLSX exact-table agreement 26/26
Challenge exact-table agreement 36/40
Challenge ambiguity states 200/200

(c) Separate endpoints · denominator shown per row

Figure. 1 Held-out performance, shown by endpoint type. (a) Case-level exact-table agreement, denominator 160. (b) Field-level counts,
each field with its own denominator of 160 cases; no field produced a false positive. (c) Endpoints whose denominators differ, drawn separately
rather than on a shared axis; the two challenge rows are descriptive and are drawn in a different colour.

8.125%. Ambiguity states agreed in all 800 comparisons,
which is five states in each of 160 cases. Figure 1a shows
the case-level split.

Field-level results

There were no false positives anywhere in the held-out parti-
tion: the program never emitted a field the reference did not
expect. Aggregate counts across the five fields are 733 true
positives, 0 false positives, 41 true negatives and 26 false neg-
atives. The 26 false negatives are 13 suppressed p value map-
pings and 13 suppressed fdr mappings, all from the same 13
cases. Table 2 gives the counts with their support, and Figure
1b shows them. Figure 1c sets out the endpoints that carry
their own denominators, which should not be read against a
common axis.

Performance by family, format and partition

Eleven of the twelve families matched in every held-out case.
The twelfth, invalid probability cells, matched in none of its
13. Table 3 gives the family breakdown.

Stratifying by format, all 26 workbook fixtures are exact-
table matches rather than ingestion successes alone, and all 13
tab-separated files matched. The 121 comma-separated files

matched in 108 cases, because the 13 invalid-probability fix-
tures are comma-separated.

The other two partitions behave the same way. Devel-
opment matched in 37 of 40 cases, challenge in 36 of
40, and in both partitions every mismatch belongs to in-
valid probability cells. Challenge ingestion succeeded in 40
of 40 cases, its six workbooks all parsed, and its ambiguity
states agreed in 200 of 200 comparisons. These partitions are
descriptive and are not pooled with the held-out result.

The thirteen mismatches

All 13 mismatches share one mechanism. Each case is built
with three deliberately invalid cells in each probability col-
umn: a non-numeric string, an empty cell, and a value out-
side the unit interval. With row counts from 8 to 14, the valid
fraction is between 0.625 and 0.786, so every case falls be-
low the 0.80 gate. The program recognized the p value and
fdr headers, selected them as the structural candidates, flagged
both columns as unusable, and serialized the active mappings
as null. The frozen reference expected the column names in
those active mappings. Table 4 gives the case-level detail and
Figure 2 gives the valid fraction for each of them against the
gate.

Re-running the same commit reproduces the same 13 mis-
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Table 2 Held-out field counts and support. Each field has 160 cases. Present support is TP + FN; absent support is TN + FP. TP, FP, TN and
FN denote true positives, false positives, true negatives and false negatives. Field precision, recall, F1 and recall intervals are in Supporting
Information S2.

Field TP FP TN FN Present / absent
compound id 160 0 0 0 160 / 0
effect size 160 0 0 0 160 / 0
p value 147 0 0 13 160 / 0
fdr 134 0 13 13 147 / 13
annotation 132 0 28 0 132 / 28
Total 733 0 41 26 759 / 41

matches. Running the later 0.2.1 patch, which changes only
the classification of NaN cells, produces identical active map-
pings on all 13. And in each of these cases the program’s user-
facing findings report the p-value and FDR fields as missing,
although it had detected both columns and reported them un-
usable in the same output. That wording is a defect in what the
program tells a reader, independent of the mapping question.

We retain all 13 mismatches as failures under the frozen
endpoint, giving 147/160 exact and 8.125% mismatch. Two
authors separately verified these cases during revision. This is
author review after execution, not external adjudication. The
proposed cause remains a mismatch between structural expec-
tations in the reference and gated active mappings in the pro-
gram. No unambiguous specification predating execution re-
solves the conflict: the protocol describes the 0.80 gate, while
the generator expects the column name. Verification by au-
thors does not establish an absence of product defects.

Usability-threshold sensitivity

The 0.80 gate first appears in the code on 25 June 2026, four
weeks before the benchmark existed, and it was carried un-
changed into 0.2.0 and 0.2.1. We searched the commit his-
tory, the design documents and the test suite for a rationale
and found none. The earliest implementation computed the
fraction over non-missing values; the evaluated version com-
putes it over all rows, which is a change in meaning at the
same numeric value.

Re-scoring the frozen outputs across sixteen thresholds
gives the pattern in Table 5. Full re-execution and indepen-
dent reconstruction agree at every threshold. Every held-out
case is exact at 0.625 and below. The count falls in steps at
the designed valid fractions and reaches 147 at 0.80, where it
stays through 1.00.

The flat region above 0.80 is a property of the benchmark,
not of the program. Because the invalid family was built with

0.5 0.6 0.7 0.8
Valid fraction in both probability columns

SYNV2_0069
SYNV2_0153
SYNV2_0117
SYNV2_0081
SYNV2_0165
SYNV2_0045
SYNV2_0129
SYNV2_0093
SYNV2_0177
SYNV2_0057
SYNV2_0141
SYNV2_0105
SYNV2_0189

0.786   n=14
0.786   n=14
0.769   n=13
0.750   n=12
0.750   n=12
0.727   n=11
0.727   n=11
0.700   n=10
0.700   n=10
0.667   n=9
0.667   n=9
0.625   n=8
0.625   n=8

0.80 gate

Figure. 2 Valid-cell fraction for each of the 13 held-out cases that did not match, sorted by fraction. Every case carries three invalid cells in
each probability column, so the fraction is (n−3)/n, where n is the table row count given at the right. The vertical line is the 0.80 usability gate,
which is inclusive at the boundary. All 13 cases fall below it, and in each one the active p value and fdr mappings were serialized as null.
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Table 3 Exact-table agreement by perturbation family, held-out partition. Counts sum to 160. Every mismatch in the partition falls in one
family.

Family Cases Exact Mismatch 95% interval
canonical csv 13 13 0 0.772–1.000
tsv supported 13 13 0 0.772–1.000
xlsx single sheet 13 13 0 0.772–1.000
xlsx explicit sheet required 13 13 0 0.772–1.000
annotation positive 14 14 0 0.785–1.000
annotation negative collision 14 14 0 0.785–1.000
multiple annotation no preference 14 14 0 0.785–1.000
p value preferred candidate 14 14 0 0.785–1.000
invalid probability cells 13 0 13 0.000–0.228
fdr ordering 13 13 0 0.772–1.000
duplicate identifiers 13 13 0 0.772–1.000
missing fields 13 13 0 0.772–1.000
All families 160 147 13 0.866–0.952

exactly three bad cells in tables of 8 to 14 rows, no case has a
valid fraction between 0.786 and 1.0, so these fixtures cannot
distinguish a gate of 0.80 from a gate of 0.99.

Component ablation

Restricting header matching to columns whose normalized
name equals the canonical field name reproduced the expected
five-field mapping in 0 of 160 cases. That number describes
the benchmark as much as the program: the effect-size col-
umn is never called effect size in these fixtures, it is logFC or
delta abundance, so this variant fails every case on that one
field. Governed aliases without the usability gate reproduced
all five active mappings in 160 of 160 cases. The full frame-
work, aliases plus gate, reproduced them in 147. The 13-case
difference between the second and third variants is the entire

cost of the gate on this benchmark.
Component-level checks against the design all agree in

160 of 160 cases: ingestion outcome, parsed header set and
row count, structural column selection with ambiguity states,
reconstructed table dimensions, invalid-cell counts, and the
FDR-ordering and duplicate-identifier flags.

The FDR-ordering comparison set

The Methods of earlier drafts of this work stated that invalid
rows do not produce misleading ordering warnings. That
statement is wrong. The ordering summary is computed on the
raw structurally selected columns, before and independently
of the usability gate, and its comparison set is every row where
both values survive numeric coercion. Values outside the unit
interval survive coercion. In the 20 benchmark cases that carry

0.5 0.6 0.7 0.8 0.9 1.0
Probability-usability threshold

145

150

155

160

Ex
ac

t m
at

ch
es

 / 
16

0

Frozen 0.80
147/160

Figure. 3 Exact-table matches against the usability threshold for the held-out partition, from post hoc re-execution of the locked commit. Grey
vertical lines mark the seven valid fractions the benchmark contains. The dashed line is the frozen 0.80 gate.
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Table 4 The 13 held-out cases that did not match. Each case carries three invalid cells in each probability column, so the valid fraction is
(n − 3)/n and falls below the 0.80 gate in every case. Structural selection and all five ambiguity states agreed with the reference in all 13.
Each discrepancy is a prospective endpoint failure; the post hoc hypothesis is a structural-versus-active reference mismatch. Full mappings and
ambiguity states are supplied in Supporting Information S2 and its CSV.

Case Rows Valid fraction Expected → observed p / FDR
SYNV2 0045 11 0.727 p value / fdr → null / null
SYNV2 0057 9 0.667 p value / fdr → null / null
SYNV2 0069 14 0.786 p value / fdr → null / null
SYNV2 0081 12 0.750 p value / fdr → null / null
SYNV2 0093 10 0.700 p value / fdr → null / null
SYNV2 0105 8 0.625 p value / fdr → null / null
SYNV2 0117 13 0.769 p value / fdr → null / null
SYNV2 0129 11 0.727 p value / fdr → null / null
SYNV2 0141 9 0.667 p value / fdr → null / null
SYNV2 0153 14 0.786 p value / fdr → null / null
SYNV2 0165 12 0.750 p value / fdr → null / null
SYNV2 0177 10 0.700 p value / fdr → null / null
SYNV2 0189 8 0.625 p value / fdr → null / null

invalid probability cells, the pair holding 1.7 and −0.2 enters
the denominator.

We compared that rule against a restricted comparison set
containing only pairs that are numeric, finite and within the
unit interval on both sides. Our re-implementation of the his-
torical rule reproduces the frozen output in all 240 cases. The
restricted rule changes the denominator in exactly 20 cases,
three in development, 13 in held-out and four in challenge,
removing one pair in each. It changes no warning decision
anywhere in the benchmark. No case in the benchmark con-
tains an infinite value, so that part of the restricted definition
is exercised only by a unit test.

The separate warning threshold also lacks a recorded em-
pirical or theoretical justification. In a post hoc sweep, both
rules emitted zero warnings at 0.50 and 13 held-out warnings
at 0.60, 0.70 and 0.80. At 0.90, the historical rule emitted
21 held-out warnings and the restricted rule 13; at 1.00, the
counts were 26 and 13. Across all 240 cases, the correspond-
ing historical/restricted totals were 0/0, 20/20, 20/20, 20/20,
32/20 and 40/20. Supporting Information S3 reports all par-
titions. Thus the comparison-set choice changes decisions at
higher thresholds even though it changes none at 0.80. We
retain 0.80 only to describe the evaluated version; the sweep
does not calibrate it for real data.

Output coverage

The frozen endpoint covers eleven output components in each
of 160 cases: five active mappings, five ambiguity states and
the ingestion outcome. Coverage there is complete, with no
excluded comparisons.

Several outputs described in the Methods were never scored
against an expected value. The audit score, the confidence la-
bel, the completeness flags, the user-facing findings and the
provenance fields have no frozen expectation, so their cover-
age is zero. The cell-level classification counts and the FDR-
ordering and duplicate flags do have derivable expectations,
and scoring them after the fact gives agreement in 160 of 160
cases for each; those results are post hoc and are not part of
the primary endpoint. We therefore restrict every claim in this
paper to the eleven components that were compared, and we
do not describe the unscored outputs as evaluated.

Repeat execution and artefact integrity

Re-executing the locked commit twice in fresh directories pro-
duced 240 output files each time. All 240 are byte-identical
between the two runs and byte-identical to the July outputs,
with no differing key anywhere in the serialized results, in-
cluding the confidence score, the flags and the provenance
fields. All 720 freeze-inventory hashes verify against the cur-
rent files, and all 240 recorded output hashes match the stored
outputs, so the historical evidence has not been edited.

Regenerating the benchmark from the committed generator
reproduces 200 of 240 files byte for byte. The 40 workbooks
differ only in metadata bytes written by the spreadsheet library
and are content-identical after parsing. The regression suite
for the 13 cases passes 79 tests. The program’s own test suite
passes 345 of 350 tests in the current environment with four
skips and one failure, which concerns the classification of NaN
cells under pandas 3 and is the defect corrected in 0.2.1; that
suite passed in full in the July environment. We also note that
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Table 5 Exact-table matches across sixteen usability thresholds, held-out partition, computed post hoc from the frozen outputs. Full re-
execution of the locked commit and independent reconstruction from the recorded valid fractions agree at every threshold. The 0.80 row is the
frozen result. A dagger marks a threshold equal to a valid fraction the benchmark contains.

Threshold Exact in both methods Active p / FDR Changed cases
0.5 160 160 / 147 13
0.55 160 160 / 147 13
0.6 160 160 / 147 13
0.625† 160 160 / 147 13
0.65 158 158 / 145 11
0.666667† 156 156 / 143 9
0.7† 156 156 / 143 9
0.727273† 152 152 / 139 5
0.75† 152 152 / 139 5
0.769231† 149 149 / 136 2
0.785714† 149 149 / 136 2
0.8 147 147 / 134 0
0.85 147 147 / 134 0
0.9 147 147 / 134 0
0.95 147 147 / 134 0
1.0 147 147 / 134 0

the benchmark ships no contract test for the v2 generator: the
passing generator test recorded in the command log belongs
to the earlier v1 generator.

While auditing the reference we found a defect in it. In 80
ground-truth records, 53 of them in the held-out partition, the
list of expected structural candidates names the generator’s de-
fault header rather than the header written into the file, because
the generator builds that list before applying family-specific
header substitutions. The field is not part of any scored com-
parison, so no reported number changes. Nothing scored that
field, so the error persisted from the July freeze until these
revision analyses.

Benchmark duplication

Fingerprinting every case by normalized parsed content gives
98 distinct specifications among the 240 cases and 92 distinct
fingerprints within the held-out partition alone. Sixty-five of
the 160 held-out tables are content-identical to a development
table. One hundred and twenty are identical to a table in some
other partition. Sixty-six duplicate groups span more than one
partition and cover 194 of the 240 cases.

Restricting the held-out result to cases without an exact de-
velopment duplicate leaves 87 exact of 95. Restricting further
to cases with no duplicate in any other partition leaves 38 of
40. Collapsing each set of identical held-out tables to a single

representative leaves 85 of 92. Figure 4 shows these subsets
against the primary result. All of them are post hoc, none re-
places the endpoint, and the qualitative picture does not move,
because every mismatch has the same cause.

External-corpus feasibility screen

The frozen table manifest holds 195 candidate tables. Eight
were removed because a Validex 0.1.0 output existed for them,
leaving 187 uncontaminated candidates for eligibility screen-
ing. Of those, 115 were confirmed ineligible, 66 had an unre-
solved row unit, six were indeterminate on modality, and none
were confirmed eligible. The four statuses sum to 187, and
195 minus 8 gives the same total. The second search screened
330 article and repository records and retrieved no usable file,
because every open-access package fetch failed at the source.
Table 6 and Figure 5 give the flow.

The statuses reflect deterministic keyword rules over
recorded headers. Agreement between the two script variants
is therefore dependent evidence. Two authors subsequently
verified the records separately, but no paired human rating
files were retained for calculating agreement. The published
counts remain the frozen rule-based dispositions. They show
that the recorded pool did not yield an eligible corpus under
those rules, without estimating how common eligible public
tables are.
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0.8 0.9 1.0
Exact agreement with Wilson 95% interval

Primary held-out

No development duplicate

No cross-partition duplicate

One per held-out content group

147/160

87/95

38/40

85/92

Figure. 4 The frozen held-out result against three duplicate-aware subsets, with Wilson 95% intervals. Subsets are defined on normalized
parsed table content. All three are post hoc and none replaces the primary endpoint.

Discussion

Interpretation of the primary result

Validex reproduced the frozen endpoint in 147/160 held-out
cases. The endpoint contains ingestion, active mappings and
ambiguity states; it does not certify the full audit output.
Byte-identical repeat execution establishes determinism in the
tested environment. Developer evaluations can yield opti-
mistic results53, and a meta-analysis of published benchmarks
identified shortcomings in extensibility and interoperability54.
Experiments with metabolomics annotation tools show why
benchmark design and train-test separation affect measured
performance55. Our developer-built reference and duplicated
fixtures prevent interpreting 91.875% agreement as real-world
accuracy.

The thirteen failures and the two thresholds

All 13 failures involve suppressed p-value and FDR mappings
below the usability gate. The interpretation that the refer-

Table 6 External-corpus feasibility screen. Counts are recomputed
from the frozen manifests. The four eligibility statuses sum to 187,
and 195 minus 8 gives the same total.

Stage Count
Candidate tables 195
Prior-exposure exclusions 8
Uncontaminated tables screened 187
Confirmed ineligible 115
Row unit unresolved 66
Indeterminate modality 6
Confirmed eligible 0
Later-search article records 330
Later-search files retrieved 0

ence expected structural names where the program emits gated
mappings remains post hoc, including after author verifica-
tion. The user-facing description of these columns as missing
is a separate defect: the program found them but judged them
unusable.

Neither 0.80 threshold has a recorded calibration rationale.
The usability sweep cannot distinguish thresholds above 11/14
and at most 1.0 because no fixture has an intermediate valid
fraction. The ordering sweep shows that including invalid
pairs changes warning decisions at 0.90 and 1.00. A later re-
lease should distinguish absent from unusable columns and
use finite in-range pairs, and name the output a numeric-
ordering heuristic. Even that restricted heuristic cannot es-
tablish an error for methods whose q-values may fall below
raw p-values. Changes to a later release must be evaluated
separately from the frozen 0.2.0 result.

Dependence and coverage

The 240 fixtures contain 98 distinct specifications. Sixty-five
held-out tables duplicate development content, and 120 du-
plicate content in another partition. Hash verification detects
changes after an inventory was made; it does not establish
independence of the original design or an externally authen-
ticated freeze time. The reported Wilson intervals assume
independent Bernoulli observations and should be treated as
descriptive here. Collapsing identical held-out content gives
85/92 exact, but 92 unique fixtures are not necessarily 92 in-
dependent observations.

The benchmark covers twelve designed families and a nar-
row set of file structures. It does not cover encrypted work-
books, merged headers, multiple embedded tables, formula re-
calculation or reconstruction of damaged inputs. A fixed alias
registry cannot recognize arbitrary unseen synonyms. Five
output types lack frozen expected values, and an unscored
structural-candidate field contained reference errors. Repeti-
tion on one platform does not establish portability.
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Candidate tables: 195
Prior exposure

Excluded: 8

Uncontaminated tables screened: 187

Ineligible
115

Row unit
unresolved

66
Indeterminate

6
Eligible

0

Separate later search: 330 article records
0 files retrieved; 0 eligible tables

Figure. 5 Flow of the external-corpus feasibility screen. The eight tables with prior Validex exposure are removed before the 187 that entered
eligibility screening. The four eligibility statuses sum to 187.

External data and future evaluation

The screen yielded zero eligible tables from 187 uncontam-
inated candidates. The later search retained 330 records but
retrieved no files. Missing pilot queries, bounded retrieval and
keyword-based dispositions limit this feasibility result. Subse-
quent author verification does not create a separately retained
expert reference or a measurable inter-rater agreement result.
The 66 unresolved row units and six indeterminate modalities
remain unresolved in the frozen record.

A real-world evaluation would require externally supplied
tables, eligibility fixed before running Validex and labels set
by at least two domain experts without seeing its outputs.
Their initial ratings and reconciled labels should both be re-
tained. A revised synthetic benchmark should distinguish
structural recognition from active emission, remove exact du-
plicates and place cases around both thresholds. Metamor-
phic tests could check invariance under row permutation or
header capitalization without requiring a new reference for ev-
ery transformed input56,57.

Conclusion

Validex 0.2.0 achieved 147/160 exact agreement and an
8.125% mismatch rate on the frozen held-out endpoint, with
byte-identical repeat execution. All 13 failures arose where
the usability gate suppressed mappings expected by the refer-
ence. The benchmark was developed within the same project,
and 120 of its 160 held-out tables duplicate content in another
partition. These results establish bounded engineering confor-
mance; they do not establish accuracy on real metabolomics
tables.
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