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Abstract

Synthetic data is proposed as a basis for discovery in biomedicine, and AI agents
are beginning to carry out the analysis. Synthetic data is accepted on the strength of
fidelity metrics, which measure its similarity to real data. However, similarity does
not establish that an agent analysing synthetic data reaches the conclusions it would
reach on the real data. We build synthetic molecular breast cancer cohorts into
which we introduce flaws of known location and strength, ask agents built on three
open-weight models to analyse each cohort without a fixed plan, and check every
claim they make against the real cohort. Moderately imperfect generators yield
claims that almost all hold on the real cohort but miss real findings. A weakened
true relationship disappears from the agents’ conclusions rather than being reversed,
while a fabricated signal is reported as a marker in most runs once it approaches
the strength of genuine markers. When a fabrication contradicts textbook biology,
the agent notices the conflict but rarely rejects it. Standard fidelity metrics register
neither flaw. Re-evaluating each claim on an ensemble of generators separates
claims that hold on real data from artefacts, unless all generators share the flaw.

1 Introduction

Synthetic data is offered as a way to work with sensitive biomedical data without giving access to
the patient records themselves [Yoon et al., 2020, Chen et al., 2021, Jordon et al., 2022, Gonzales
et al., 2023, Giuffrè and Shung, 2023]. Patient-level molecular data is among the most restricted,
and synthetic versions of such cohorts could open them to far more researchers. Increasingly, this
research is carried out by AI agents that plan analyses, write code and report findings [Boiko et al.,
2023, M. Bran et al., 2024, Lu et al., 2024, Swanson et al., 2025]. Before such an agent is used to
analyse a synthetic cohort, we need to know whether its conclusions would hold on the real data. As
AI accelerates computational research, the bottleneck of discovery is shifting towards validation, and
such a check is part of the verification infrastructure that Imas and Manyika [2026] call for.

Synthetic data is usually accepted on the strength of fidelity metrics: distances between real and
synthetic distributions such as the maximum mean discrepancy (MMD) [Gretton et al., 2012], or
sample-level precision and recall [Alaa et al., 2022]. Such metrics measure similarity, but they do
not measure whether the particular relationships an analysis depends on are preserved. A synthetic
cohort can therefore be similar to the real one overall while misrepresenting the specific relationships
an analysis would report as findings. For example, synthetic clinical time series can improve in
conditional MMD while still failing to reproduce the relationship between fever and tachycardia
[Kolbeinsson and Kolbeinsson, 2025].

Here, we investigate whether an agent analysing synthetic data reaches the conclusions it would reach
on the real data that the synthetic data came from, which we call conclusion fidelity, and whether
conclusions that do not hold can be identified. Specifically, the contributions of this paper are:
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• A testbed in which flaws of controlled location and strength are introduced into synthetic data
and every claim an agent makes is scored automatically against the real cohort (Section 2).

• Evidence that moderately imperfect generators yield discoveries with high precision but
lower recall, while one that fails to learn the data yields false ones (Section 3.1).

• How conclusions change with flaw strength: weakening a true relationship lowers recall,
while a fabricated one is reported above a threshold set by genuine markers (Section 3.2).

• A score for each claim, based on whether it also holds in data from other generators, and its
failure when all generators share a flaw (Section 3.3).

Related work. Previous work has asked whether conclusions hold on synthetic data by rerunning
fixed, pre-specified analyses [Rosenblatt et al., 2023, El Emam et al., 2024], and naive inference
on synthetic data is known to produce false discoveries [Decruyenaere et al., 2024, Montoya Perez
et al., 2024]. In our setting the agent chooses the analysis, and the flaws are introduced at known
locations with controlled strength. The closest work, Rewolinski et al. [2026], varies signal strength
and uses null data to test the yes/no conclusions of one closed model. Although we share the idea of
introducing signals of known strength, we score every claim that open-weight models report on an
omics cohort, including a fabrication that contradicts textbook biology. See also Appendix A.

2 Setup

Cohort. We use the TCGA breast cancer cohort [Cancer Genome Atlas Network, 2012] as dis-
tributed by UCSC Xena [Goldman et al., 2020]: RNA-seq expression (log2 normalised counts),
PAM50 subtype calls [Parker et al., 2009], receptor status, stage, histology, age, and gene-level
somatic mutation calls [Ellrott et al., 2018] for five frequently mutated genes. We restrict the cohort
to the 844 primary tumours that have a PAM50 subtype call and to 219 genes: 69 with an established
role in breast cancer and 150 little-studied genes (Appendix B).

World models. We call each generator a world model, and the synthetic cohort it produces the
agent’s world, or environment. Our baseline generator is a Gaussian copula fitted within each PAM50
subtype, which keeps each subtype’s marginals and rank correlations [Patki et al., 2016]. We also
train two off-the-shelf deep tabular generators, CTGAN and TVAE [Xu et al., 2019], with default
settings. We introduce flaws as deterministic edits to the sampled data, so an edited cohort differs
from the baseline only in the edited gene. Each edit has a strength parameter that we vary in steps.
The reversal edit replaces a gene’s standardised value zt by (zt − λρzs)/

√
1− 2λρ2 + λ2ρ2, where

ρ is its correlation with a source gene zs: λ = 0 leaves the data unchanged, λ = 1 removes the
correlation and λ = 2 reverses it, keeping the gene’s mean and variance. We apply it to GRB7, which
is co-amplified with ERBB2 and a textbook marker of HER2-enriched tumours. The fabrication edit
adds d SD to the expression of an unrelated, little-studied gene (C8orf84) in HER2-enriched tumours;
in the real cohort, its difference between HER2-enriched and other tumours is −0.09 SD.

Agents. We evaluate three open-weight models from different families, each served locally with
vLLM [Kwon et al., 2023] and given access to a Python tool. Qwen3.6-35B-A3B [Qwen Team,
2026, 2025], with its reasoning mode (‘thinking’) enabled, is used in all experiments. Gemma-4-26B
[Gemma Team, 2026] and Nemotron-3-Super-120B [NVIDIA, 2026] are evaluated on a subset of the
conditions, and all three are used to evaluate the trust signal (Section 3.3). Unless stated otherwise,
results are reported for Qwen3.6. The agents receive a research brief, the cohort as a CSV and a data
dictionary, and are not told whether the data are real or synthetic. They choose their own analyses
and finish with a written report and a list of structured claims: differences between a group and the
rest, or associations between two variables. Two briefs concern HER2-enriched tumours (one asks
for candidate biomarkers or drug targets; the other, phrased neutrally, asks how expression differs)
and one concerns basal-like tumours. We run each combination of brief and world, a cell, with 8–32
seeds; a seed produces the same first analysis step in every world, so runs are paired.

Scoring. Claims are scored automatically, without an LLM judge: a claim holds if its standardised
effect (Cohen’s d or Spearman ρ) has the stated direction and clears a fixed threshold (|d| ≥ 0.2,
|ρ| ≥ 0.1). We test each claim on the real cohort, on the synthetic sample the agent analysed and on
a large sample from the same generator. A claim that holds on the real cohort is correct. One that
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fails there but holds in the agent’s sample is a world artefact if it also holds in the large sample and a
sampling artefact if not. One that fails even in the agent’s sample is an agent error. Here, correct
and true mean agreement with the real cohort, an empirical reference rather than causal truth. We
summarise conclusions by claim-level precision, the share of claims that are correct, and recall, the
share of real findings that are reported (Figure 2).

3 Results

3.1 Discoveries in imperfect world models

Table 1: Conclusions by world model, eight runs
each (HER2 targets; basal in brackets).

World MMD Corr. err. Precision Recall

Real data – – 0.99 (1.00) 0.76 (0.64)
Copula 0.001 0.011 0.96 (1.00) 0.59 (0.54)
TVAE 0.016 0.070 0.99 (1.00) 0.49 (0.43)
CTGAN 0.156 0.202 0.54 (0.44) 0.10 (0.01)

Table 1 compares the world models. In the table,
correlation error (Corr. err.) is the mean absolute
difference of gene–gene correlations from the
real cohort, and recall is over the core findings,
those claimed in at least half of the real-data runs (Appendix B). Although the copula and TVAE
differ by an order of magnitude in MMD to the real cohort, nearly all claims the agent makes on
either synthetic cohort hold on the real data, so precision is high. However, recall is lower: the share
of core findings reported falls from 0.76 on real data to 0.59 on the copula and 0.49 on TVAE. With
eight runs per cell these differences are uncertain: resampling whole runs gives 95% intervals of
0.60–0.89, 0.45–0.70 and 0.36–0.61 (Table 3). Many false claims appear only when a generator fails
to learn the data’s structure, as CTGAN did with default settings: it lost all gene–gene correlations
and subtype differences. Tuning may avoid this. Results on the basal-like brief agree.

3.2 Weakened and fabricated signals

Figure 1a shows both edits on one scale: the edited gene’s effect in the synthetic data minus its effect
in the real cohort. As the correlation between GRB7 and ERBB2 is weakened and then reversed,
recall of GRB7 falls: the agent reports it as a HER2 marker in 12 of 16 runs at λ = 0, in 2–5 of 8 at
λ = 0.5–1, and in 1 of 24 for λ ≥ 1.25. On the real cohort, and on its bootstrap resamples, it does
so in 7 of 8 runs. GRB7 starts to disappear from the reports while it is still strongly enriched in the
synthetic data (d = 1.2 at λ = 0.75), because the agent reports a short ranked list of findings, from
which a weakened signal drops out early. At full reversal the agent mostly omits GRB7 and states the
false direction in only 1 of 8 runs; the neutral brief gives the same result.

A fabricated signal behaves differently. When an unrelated, little-studied gene is given an artificial
difference in HER2-enriched tumours, the agent almost never reports it below about 1.3 SD (2 of
48 runs), but from 1.5 SD onwards it reports the gene as a HER2 marker in 20 of 32 runs, against 0
of 16 on the unedited copula. No run describes it as unexpected or anomalous (0 of 72 runs with a
fabricated effect). The threshold depends on the strength of the genuine markers. On the basal-like
brief, whose genuine markers reach |d| ≈ 2.4, the same fabrication is reported in 1 of 8 runs at
d = 1.74 and in 5 of 8 at d = 2.08, and reversing the genuine marker FOXC1 removes it from all 8
reports. The false marker also displaces real findings, reducing recall of the core findings from 0.59
to 0.40. Standard fidelity metrics do not register the edits, since for every edited world the correlation
error is 0.011–0.013 and the MMD at most 0.002, as for the copula.

Biology. As little-studied genes give the agent nothing to check a fabrication against, we also
fabricate a signal that contradicts textbook biology: ESR1, which the agent reports as lower in
HER2-enriched tumours in 23 of 24 runs on clean data, is shifted to the same synthetic effect as the
little-studied gene (d = +1.69). Across both HER2 briefs the agent reports ESR1 as higher in 29
of 32 runs. It notices the conflict in 23, calling the result “unexpected” or “contrary to the clinical
paradigm”, but in 21 of those it reports the finding anyway, typically attributing it to characteristics
of the cohort. It rejects the finding in only two runs. This suggests that the agent’s prior knowledge
leads it to notice the conflict but rarely to reject the finding.

Other agents. Gemma-4-26B behaves like Qwen3.6: it drops GRB7 under full reversal in all 8
runs and reports the fabricated gene in 5 of 8 without comment. Nemotron-3-Super-120B relies
more on its prior knowledge. Fewer of its claims are supported by the data it analysed (faithfulness
0.87–0.95 against 0.99–1.00), under full reversal it asserts the textbook direction for GRB7 in 2 of 15
runs, and it reports the fabrications less often (6 of 16; ESR1 2 of 8), mostly by omitting the gene.
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Figure 1: (a, b) Recall (blue) and false claims (orange: runs with a false claim about the manipulated
signal, or 1−precision over all claims) against distance from real data: (a) synthetic minus real effect
of the manipulated signal (Qwen3.6), (b) MMD. Wilson 95% intervals. (c) Generator agreement per
claim, by class, all models and briefs. (d) Artefact claims, flaw in one or all generators.

3.3 Identifying which conclusions to trust

A data holder can fit several generators. We re-evaluate each claim in the agent’s generator, TVAE and
three bootstrap refits of the copula, and define its agreement as the share of these generators in which
it holds. Across all models and briefs, agreement separates the 3,718 correct claims from the 188
world and sampling artefacts with AUROC 0.9998, and 0.984 without the copula refits (the agent’s
generator, TVAE and CTGAN). Claims from one run are not independent, and a claim repeated
on the same world receives the same agreement. Counting each of the 1,089 distinct claims once,
or resampling whole runs, leaves the AUROC at 0.999 or above (0.98 without the refits; Table 3).
However, agreement cannot detect a flaw that every generator shares (Figure 1d). For the 119 claims
about an edited signal, it separates the 85 false from the 34 true perfectly when only one generator
has the flaw (0.20 against 0.89, AUROC 1.00), but not when all do (0.98 against 0.88, AUROC 0.46).

When the location of a flaw is known, few claims need checking on real data. For Qwen3.6, checking
on real data only the 5–13% of claims that involve an edited gene catches 78–97% of the false claims
in worlds with a fabricated signal, and raises precision from 0.93–0.94 to 0.98–1.00. A generator that
fails globally, as CTGAN did, cannot be handled in this way, although standard metrics detect it.

4 Discussion

In our setting, standard metrics were sufficient to reject a generator that failed to learn the data’s
structure, but missed the local flaws that decide individual conclusions. A fabricated signal is more
dangerous: above a moderate strength the agent reports it, without comment when the gene is little
studied and with an explanation when it contradicts the agent’s knowledge. This suggests that
findings an agent itself describes as unexpected should be checked on real data before they are
reported. Disagreement between independently built generators reveals flaws specific to one of them,
while flaws they share can only be found by checking some claims on real data.

Limitations. We use one cohort, three agent models and two kinds of introduced flaw, so our
thresholds may not transfer, and 8–32 runs per cell leave wide intervals (Table 3). The trust signal
assumes that the generators’ flaws are independent, which bootstrap refits of a good copula favour.
The testbed measures conclusion fidelity under known flaws and does not certify a generator. Open
problems are detecting shared flaws without real data, locating flaws as precisely as when their
location is known, and agents that reject implausible findings rather than explain them away.
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A Related work

Do conclusions survive on synthetic data? Rosenblatt et al. [2023] propose epistemic parity:
whether the conclusions of published studies are reproduced when their analyses are rerun on
differentially private synthetic data. Reiner Benaim et al. [2020] and El Emam et al. [2024] replicate
clinical analyses on synthetic versions of health datasets; the latter use several synthetic datasets from
two generators and find that CTGAN replicates worse. In each case the analysis is fixed in advance
and the flaws are whatever the generator produced. Naive inference on synthetic data is also known to
inflate the type I error [Decruyenaere et al., 2024] and to yield false discoveries [Montoya Perez et al.,
2024]. We differ in three ways: flaws are planted at known places and graded in size, the analysis is
chosen by an agent, and each claim is scored by program against the real cohort. This lets us ask at
what size a fabricated signal enters an agent’s conclusions; the answer depends on the strength of the
true markers against which the agent ranks it.

Agents for data-driven discovery. Benchmarks for data-analysis agents score their answers against
reference solutions or with an LLM judge [Majumder et al., 2025, Gu et al., 2024, Mitchener et al.,
2025]. DiscoveryBench already plants hypotheses in synthetic data (DB-Synth) and asks whether the
agent recovers them, scored by a GPT-4 judge. Closest to our work, Rewolinski et al. [2026] propose
sanity checks for agentic data science: synthetic outcomes with controlled signal strength, null and
perturbed data, and repeated runs of one closed model, GPT-5.2-Codex; they find its confidence
poorly calibrated to the stability of its conclusions. We share the idea of planting signals of known
strength. We differ in what is planted and what is scored: each run returns a ranked list of claims,
each scored by program; we use three open-weight models; one fabrication contradicts textbook
biology; the data are a molecular cancer cohort; and we separate whether the agent notices a conflict
from whether it rejects the finding. A separate line of work documents agents that fabricate data,
leak information or misuse metrics [Luo et al., 2025, Yang et al., 2026]. The failure we measure is
different: the agent’s analysis is faithful to its data, and the fabrication is in the data.

Prior knowledge against context. Language models can override the context with memorised
knowledge [Longpre et al., 2021], accept coherent counter-evidence while favouring their priors when
evidence is mixed [Xie et al., 2024], and adopt perturbed retrieved content, subtle errors more readily
than unrealistic ones [Wu et al., 2024]. Wang and Liu [2026] test such conflicts on counterfactual
relational tables. Separately, the explanations models give need not reflect what drove their answers
[Turpin et al., 2023], and models defer to their users’ beliefs [Sharma et al., 2024]. Our ESR1
experiment places the conflict in multi-step agentic analysis with a biological prior, and scores both
the reported conclusion and its justification: the agent notices that the data contradict the textbook
and then explains the result away as a property of the cohort. Deference here is to the data rather than
to a user.

Ensembles and common-mode failure. Disagreement within an ensemble is a standard uncertainty
signal [Lakshminarayanan et al., 2017], and Deep Generative Ensembles apply it to models trained on
synthetic data [van Breugel et al., 2023]; inference pooled across several synthetic datasets goes back
to multiple imputation for disclosure limitation [Raghunathan et al., 2003]. We use disagreement
for a narrower purpose: a trust score for each claim an agent makes, and a rule for routing claims to
real-data validation. Its failure when every generator shares a flaw is expected, since independently
built versions of a program share failures [Knight and Leveson, 1986] and errors are correlated across
language models [Kim et al., 2025]; our result confirms this limit for agent conclusions and shows
how complete it is.

B Implementation details

Cohort. Primary tumours (sample type 01) from the UCSC Xena TCGA breast cancer hub with
a PAM50 call, one per patient: 844 tumours (LumA 421, LumB 192, Basal 141, Her2 67, Normal-
like 23). The panel holds the 50 PAM50 genes, 19 further well-characterised breast cancer genes
(e.g. GATA3, XBP1, TFF1, STARD3, PGAP3, TOP2A, CD274) and 150 little-studied genes: well-
expressed genes (mean log2 expression > 6) whose symbols follow uninformative naming patterns
(C#orf#, FAM#, KIAA#, CCDC#, ZNF#, ANKRD#, TMEM#, LRRC#), taking the 150 most variable.
Clinical columns: receptor status, HER2 by IHC, age, histology, stage. Mutation flags for TP53,
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PIK3CA, CDH1, GATA3 and MAP3K1 come from the MC3 gene-level calls and are missing for
tumours outside the MC3 set (30%).

World models. The copula is fitted within each PAM50 subtype: each column is mapped to
normal scores by ranks among observed values, the rank correlation is estimated from pairwise-
complete observations, shrunk by 5% towards the identity and projected to the nearest positive-definite
correlation. Samples are drawn from the multivariate normal and mapped back through each subtype’s
empirical quantiles; categorical columns take observed values only. Missingness of clinical and
mutation columns is copied row-wise from a random real tumour of the same subtype. TVAE
and CTGAN are the ctgan package implementations trained for 300 epochs with default settings;
categorical and mutation columns are modelled as discrete, with missing values as their own category.
Each world used for scoring is a fixed 30,000-row sample. The reversal and fabrication edits are
applied after sampling, with parameters fixed from that sample and applied identically to the agent’s
sample and to the world. The bootstrap ensemble members are the copula refitted on bootstrap
resamples of the real cohort.

Agent harness. The agent receives a system prompt describing the Python tool and the required
output, the research brief, and a working directory holding cohort.csv (844 rows) and a data
dictionary. Each code block runs in a fresh Python process (pandas, NumPy, SciPy, scikit-learn,
statsmodels) with a 180 s limit; output is truncated to 6,000 characters. Reasoning text is removed
from the history after each step. Runs stop at the first structured answer or after 20 steps. Sampling
follows each model’s recommendation: Qwen3.6-35B-A3B (FP8) at temperature 0.6 and top-p 0.95
with thinking, 0.7 and 0.8 without; Nemotron-3-Super-120B-A12B (NVFP4) and Gemma-4-26B-
A4B (NVFP4, reasoning returned separately by the server’s Gemma reasoning parser) at 1.0 and 0.95,
with thinking. All are served with vLLM 0.22.1 on two workstations with one NVIDIA GB10 each.
Run seeds set the model’s sampling seed and, for generated worlds, the sample drawn; the same seed
gives the same first step in every world. The results in the paper come from 408 agent runs.

Scoring. A difference claim is scored as Cohen’s d of the variable between the named group and all
other rows, an association claim as Spearman’s ρ, both with pairwise-complete observations. A claim
is supported if its direction holds with |d| ≥ 0.2 or |ρ| ≥ 0.1. Claims about categorical variables are
unscorable and are counted but not scored. A run flags a variable when a caveat or a sentence of
its report names it together with a registered anomaly term (unexpected, contradicts, inconsistent,
implausible, anomalous, suspicious, artefact, surprising, opposite, counterintuitive, atypical, conflict,
does not match, at odds, questionable); on unedited worlds this never happened for the manipulated
genes. Core findings are the claims made in at least half of the real-data runs of a brief. The estimated
flaw map marks the 5% of genes with the greatest sum of mean absolute change in correlation with
other genes and largest change in subtype difference.

Precision and recall. We use the standard definitions of information retrieval, applied to claims
(Figure 2). A relationship is true if it holds in the real cohort under the scoring rule above, and
reported if the agent claims it. A true positive (TP) is a reported relationship that is true, a false
positive (FP) a reported relationship that is false, a false negative (FN) a true relationship that is not
reported, and a true negative (TN) a false relationship that is not reported. Then

precision =
TP

TP + FP
, recall =

TP

TP + FN
, false-positive rate =

FP

FP + TN
.

Precision is the share of reported claims that are true, recall the share of true relationships that are
reported, and the false-positive rate the share of false relationships that are reported. We compute
precision over all scorable claims of a cell and recall over the core findings of a brief (Table 1); for a
single true marker such as GRB7, recall is the share of runs that report it. The false relationships an
agent could claim are unbounded, so true negatives, and with them the false-positive rate, are defined
only for a planted false signal, where the false-positive rate is the share of runs that report it. These
claim-level quantities differ from the sample-level precision and recall of fidelity metrics [Alaa et al.,
2022], which compare synthetic records with real ones.
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true relationships false relationships

reported by the agent

TP
true

positive

FP
false

positive

FN
false

negative

TN
true

negative

precision
share of reported claims
that are true

= TP
TP + FP

recall
share of true relationships
that are reported

= TP
TP + FN

false-positive rate
share of false relationships
that are reported

= FP
FP + TN

Figure 2: Precision, recall and false-positive rate for an agent’s claims. Left: every relationship the
agent could claim, filled if true (it holds in the real cohort) and open if false; the disc is what the agent
reports. Right: each measure as a fraction of regions of the diagram. A weakened true signal moves
findings from TP to FN (lower recall); a fabricated signal adds FP (lower precision and a higher
false-positive rate).
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Figure 3: Dose–response on the HER2 targets brief. (a) How the agent reports GRB7 as the reversal
edit takes its relation to ERBB2 from true to reversed; Table 2 gives the effect in the synthetic data at
each level. (b) Share of runs reporting the planted gene as a HER2 marker. Wilson 95% intervals.

C Additional results

World models. CTGAN trained with default settings collapsed to the marginals: every gene–
gene correlation is near zero (ERBB2–GRB7 r = 0.00 against 0.84) and there are no subtype
differences, although the subtype proportions are right. TVAE is imperfect in familiar ways (attenuated
correlations, shrunk variances, HER2-enriched tumours under-sampled at 5% against 8%) but keeps
the main subtype differences.
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Table 2: Dose–response per cell (HER2 briefs). d: HER2-enriched vs rest effect of the gene in the
synthetic world. Higher: runs reporting the gene higher in HER2-enriched tumours, with Wilson 95%
interval; flagged: runs naming the gene with an anomaly term.

Brief Gene Arm d n Higher Lower Omitted Flagged

neutral C8orf84 plant_C8orf84_2 +1.68 8 4 [0.22, 0.78] 0 4 0
neutral C8orf84 copula -0.11 8 0 [0.00, 0.32] 0 8 0
neutral GRB7 copula +1.89 8 6 [0.41, 0.93] 0 2 0
neutral GRB7 dial_GRB7_2 -0.93 8 0 [0.00, 0.32] 2 6 2
targets C8orf84 plant_C8orf84_2.5 +2.00 8 5 [0.31, 0.86] 0 3 0
targets C8orf84 plant_C8orf84_2 +1.68 16 10 [0.39, 0.82] 0 6 0
targets C8orf84 plant_C8orf84_1.75 +1.50 8 5 [0.31, 0.86] 0 3 0
targets C8orf84 plant_C8orf84_1.5 +1.30 8 1 [0.02, 0.47] 0 7 0
targets C8orf84 plant_C8orf84_1.25 +1.09 8 1 [0.02, 0.47] 0 7 0
targets C8orf84 plant_C8orf84_1 +0.86 16 0 [0.00, 0.19] 0 16 0
targets C8orf84 copula -0.11 16 0 [0.00, 0.19] 0 16 0
targets GRB7 copula +1.89 16 12 [0.51, 0.90] 0 4 0
targets GRB7 real +1.86 8 7 [0.53, 0.98] 0 1 0
targets GRB7 dial_GRB7_0.5 +1.54 8 5 [0.31, 0.86] 0 3 0
targets GRB7 dial_GRB7_0.75 +1.19 8 2 [0.07, 0.59] 0 6 0
targets GRB7 dial_GRB7_1 +0.71 8 4 [0.22, 0.78] 0 4 0
targets GRB7 dial_GRB7_1.25 +0.18 8 1 [0.02, 0.47] 0 7 0
targets GRB7 dial_GRB7_1.5 -0.29 8 0 [0.00, 0.32] 0 8 0
targets GRB7 dial_GRB7_2 -0.93 8 0 [0.00, 0.32] 1 7 3
targets GRB7 real_boot +1.86 8 7 [0.53, 0.98] 0 1 0
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Figure 4: Precision and recall of the agent’s conclusions against each world’s MMD to the real cohort
(HER2 targets brief).

Table 3: Claim and run dependence. Claims from one run share a brief, a world and an analysis, and
the same claim recurs across runs, so the intervals here resample whole runs within each cell (2,000
replicates). The table gives the precision and recall of Table 1 with 95% intervals (eight runs per cell;
core findings held fixed). For the trust signal (Section 3.3), the 3,906 claims from 368 runs are 1,089
distinct pairs of world and claim (1,006 correct, 83 artefacts). Counted once per pair, the AUROC is
0.9993 with the copula refits and 0.984 without them; resampling runs within the 40 cells of model,
brief and world gives 95% intervals of 0.9996–0.99997 and 0.981–0.987.

HER2 targets brief Basal brief
World Precision Recall Precision Recall

Real data 0.99 [0.97, 1.00] 0.76 [0.60, 0.89] 1.00 [1.00, 1.00] 0.64 [0.51, 0.76]
Copula 0.96 [0.93, 0.99] 0.59 [0.45, 0.70] 1.00 [1.00, 1.00] 0.54 [0.47, 0.60]
TVAE 0.99 [0.96, 1.00] 0.49 [0.36, 0.61] 1.00 [1.00, 1.00] 0.43 [0.29, 0.54]
CTGAN 0.54 [0.45, 0.66] 0.10 [0.04, 0.16] 0.44 [0.35, 0.52] 0.01 [0.00, 0.03]
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Table 4: Precision (share of scorable claims true on the real cohort) and faithfulness (share supported
by the sample the agent analysed), HER2 targets brief.

Qwen3.6, thinking Qwen3.6, no thinking Nemotron-120B Gemma-4-26B
Arm n Prec. Faith. n Prec. Faith. n Prec. Faith. n Prec. Faith.

real 8 0.99 0.99 – – – 8 0.87 0.87 – – –
copula 16 0.98 0.99 8 0.96 0.98 8 0.95 0.95 8 1.00 1.00
dial_GRB7_2 8 0.95 1.00 8 0.93 0.97 15 0.89 0.90 8 0.97 1.00
plant_C8orf84_2 16 0.92 0.99 8 0.86 0.93 16 0.85 0.88 8 0.90 0.99
plant_ESR1_3 16 0.91 0.99 7 0.88 1.00 – – – 8 0.93 1.00

Table 5: Fabricated signals against and without prior knowledge. ESR1 (textbook lower in HER2-
enriched tumours) and FAM84A (little studied) shifted to a synthetic effect of +1.7 to +1.8 SD.
Transmitted: reported, not flagged; rationalised: reported and flagged as unexpected; rejected: flagged
and not reported; prior: the textbook direction asserted against the analysed data.

Agent Gene Brief n Transmitted Rationalised Rejected Prior Omitted

Qwen3.6, thinking ESR1 targets 16 1 12 2 0 1
Qwen3.6, thinking ESR1 neutral 16 7 9 0 0 0
Qwen3.6, no thinking ESR1 targets 7 1 4 1 0 1
Nemotron-120B ESR1 targets 8 1 1 0 1 5
Gemma-4-26B ESR1 targets 8 2 2 0 0 4
Qwen3.6, thinking FAM84A targets 15 6 0 0 0 9

Table 6: Replication on the basal-like brief. The top true basal markers have |d| of 2.1–2.4.

Gene World n Higher in basal Lower Omitted Flagged

FOXC1 real 8 7 [0.53, 0.98] 0 1 0
FOXC1 copula 8 5 [0.31, 0.86] 0 3 0
FOXC1 FOXC1 reversed (λ = 2) 8 0 [0.00, 0.32] 0 8 0
C8orf84 copula 8 0 [0.00, 0.32] 0 8 0
C8orf84 planted, d = 1.74 8 1 [0.02, 0.47] 0 7 0
C8orf84 planted, d = 2.08 8 5 [0.31, 0.86] 0 3 0

Table 7: Targeted validation. Oracle map: the edited gene. Estimated map: the 5% of genes whose
correlation row or subtype-difference profile deviates most from the real cohort’s. Prec.: precision
before validation; after: precision once routed claims are validated. Routed: share of claims sent to
validation; caught: share of failing claims among them.

Oracle map Estimated map
Arm Claims Fail Prec. Routed Caught After Routed Caught After

plant_C8orf84_2 296 18 0.94 0.05 0.78 0.99 0.15 0.78 0.98
plant_ESR1_3 413 30 0.93 0.13 0.97 1.00 0.20 0.97 1.00
plant_FAM84A_2 135 9 0.93 0.05 0.78 0.98 0.11 0.78 0.98
dial_GRB7_2 234 8 0.97 0.02 0.50 0.98 0.12 0.50 0.98
tvae 180 1 0.99 0.00 0.00 0.99 0.08 0.00 0.99
ctgan 139 73 0.47 0.00 0.00 0.47 0.05 0.04 0.47
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Table 8: What the agent model knows. Band: share of five answers giving the correct chromosome
band (NCBI Gene). Direction: answers to “is gene higher, lower or no different in HER2-enriched
tumours?”. With thinking, some answers began with a preamble and could not be parsed.

No thinking Thinking
Gene Band Truth Band Direction Band Direction

GRB7 17q12 higher 0.0 higher 5 0.4 higher 5 (0 unparsed)
PGAP3 17q12 higher 0.0 higher 5 0.0 higher 4 (1 unparsed)
STARD3 17q12 higher 0.0 higher 5 0.0 higher 5 (0 unparsed)
PSMD3 17q21.1 higher 0.0 higher 5 0.0 higher 2 (3 unparsed)
C17orf37 17q12 higher 0.0 higher 5 0.0 higher 1 (4 unparsed)
C8orf84 8q21.11 none 0.0 higher 3, unknown 2 0.0 unknown 4 (1 unparsed)
ESR1 6q25.1 lower 1.0 lower 5 0.8 lower 4 (1 unparsed)
FOXA1 14q21.1 lower 0.4 lower 4, higher 1 0.0 lower 4 (1 unparsed)
TMEM139 7q34 none 0.0 higher 5 0.0 higher 4 (1 unparsed)
CCDC74A 2q21.1 none 0.0 higher 5 0.0 higher 1, unknown 1 (3 unparsed)
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