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Abstract. Scienti�c research based on multimodal clinical data (includ-
ing medical imaging) requires coordinating clinical, radiological, pro-
gramming, and biostatistical expertise, a fragmented process that bottle-
necks discovery. We present Veritas (Veri�able Epistemic Reasoning
for Image-Derived Hypothesis Testing via Agentic Systems), a clinical
co-scientist: a multi-agent system that autonomously tests natural-
language hypotheses and produces a fully auditable evidence trail, trac-
ing every conclusion through executable outputs from analysis plan to
segmentation masks to statistical code to �nal verdict. Unlike prior AI-
scientist systems, which mainly operate on tabular or text data, Veritas
grounds autonomous discovery directly in medical images. It decomposes
the work�ow into four phases handled by role-specialized agents, and in-
troduces an epistemic evidence label framework that mechanically classi-
�es outcomes as Supported,Refuted,Underpowered, or Invalid by
jointly evaluating signi�cance, e�ect direction, and study power. This dis-
tinction is critical in medical imaging, where non-signi�cant results often
re�ect insu�cient sample size rather than absent e�ects. We construct a
tiered benchmark of 64 hypotheses spanning six complexity levels across
cardiac and brain glioma MRI datasets. Veritas reaches 81.4% verdict
accuracy with frontier models and 71.2% with locally-hosted open-weight
models (8�30B), outperforming all single-model baselines in both classes.
It also produces the highest rate of independently veri�able statistical
outputs (86.6%), so even its failures remain diagnosable through arti-
fact inspection. Structured multi-agent decomposition thus substitutes
for model scale while preserving the veri�ability that scienti�c discovery
demands. We release code, hypothesis bank, and evaluation pipeline at
https://github.com/LucZot/veritas.

Keywords: AI Co-Scientist · Multi-Agent Systems · Large Language
Models · Scienti�c Discovery · Medical Image Analysis

1 Introduction

Scienti�c knowledge in medicine advances when clinicians translate bedside ob-
servations into formal hypotheses and test them in observational studies. Doing
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so requires coordinating expertise across clinical knowledge, patient data cura-
tion and analysis, programming, and biostatistics. In the data domain, medical
images are indispensable; they encode rich clinical information, including volu-
metric measurements, morphological features, and their associations with patient
outcomes. Yet turning these image data into statistically valid insights, i.e., the
gold standard for scienti�c evidence, remains a particularly fragmented, expert-
intensive process. For example, a neurooncologist who wants to study if the more
aggressive tumor biology of glioblastoma is re�ected in larger contrast-enhancing
tumors compared to lower-grade gliomas must coordinate image segmentation,
metric extraction, statistical test selection, and result interpretation across mul-
tiple software tools and disciplinary boundaries. This pipeline bottlenecks dis-
covery and limits who can participate in image-based research.

Recent �AI scientist� and �co-scientist� e�orts apply large language models
(LLMs) and multi-agent systems to automate scienti�c discovery [16, 17, 29].
Extending them to medical imaging hypothesis testing poses three challenges:
(i) the pipeline must bridge complex and distinct tasks, including cohort def-
inition (selecting the right patients from a given dataset), vision (segmenting
anatomical structures), computation (deriving biomarkers), and statistics (se-
lecting, executing and interpreting tests), requiring models to reason jointly
across all tasks; (ii) deriving clinical conclusions demands full auditability, where
every step from segmentation mask to p-value calculation must be inspectable
and reproducible; and (iii) small clinical cohorts require epistemic awareness,
which is the ability to distinguish �no e�ect detected� from �insu�cient power
to detect an e�ect.�

Our main contribution is Veritas (Veri�able Epistemic Reasoning for Image-
Derived Hypothesis Testing via Agentic Systems), a multi-agent framework in-
spired by clinician-scientist work�ows. With role-specialized agents (PI, Imaging
Specialist, Statistician), Veritas addresses the above challenges and reaches the
following capabilities:

1. Fully autonomous clinical hypothesis testing. Veritas transforms
natural language hypotheses into statistically validated conclusions with zero
human intervention, managing the full study cycle to generate structured
plans, executable code, statistics, and visualizations.

2. Multimodal clinical data understanding. The framework integrates
medical imaging (e.g., MRI) and clinical metadata using specialized tools, in-
cluding promptable segmentation models, to derive quantitative biomarkers
directly from raw image data.

3. Auditable and veri�able at each step. Veritas produces a complete,
transparent execution trail. All results are derived from executable Python
scripts and veri�able segmentation masks, allowing clinicians to reproduce
and audit both the underlying logic and visual evidence.

4. High performance in validation. Validated on 64 hypotheses across car-
diac and neuro-oncology domains, Veritas achieves 71.2% majority-vote
verdict accuracy with locally-deployed open-weight models and 81.4% with
frontier models, outperforming all baselines in each model class.
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Fig. 1: Veritas architecture and evidence �ow. Given a natural language hy-
pothesis and dataset, three role-specialized agents (PI, Imaging Specialist, Statistician)
with a Critic collaborate through four phases: (1) collaborative analysis planning pro-
ducing a structured plan; (2A) neural segmentation, grounding all evidence in image-
derived masks; (2B) sandboxed code generation and execution yielding statistical out-
puts; and (3) interpretation of the Phase 2B statistical outputs in the context of the
accumulated work�ow history to produce a verdict. The Evidence Classi�cation Op-
erator (ECO) mechanically derives the evidence label from Phase 2B outputs. Every
phase produces a versioned artifact (right), forming a complete provenance trail from
hypothesis to conclusion.

5. Structured decomposition over scale. By utilizing role-specialized agents,
Veritas enables small, locally-deployed models (8�30B) to perform complex
reasoning that typically requires frontier models, facilitating secure, on-site
clinical deployment.

Further contributions: To systematize the conclusions our agentic system pro-
duces, we propose the epistemic evidence label framework. Here, we intro-
duce a four-label classi�cation Supported, Refuted, Underpowered, In-
valid that mechanically resolves the epistemic status of a hypothesis from ob-
served statistics and a smallest e�ect size of interest (SESOI), without relying on
agent judgment. This distinction is essential for medical imaging benchmarks,
where mistaking underpowered subgroup analyses as refutations in�ates appar-
ent accuracy (Sec. 3.3).

A central question is whether a multi-agent system like Veritas can de-
liver correct conclusions and veri�able evidence across increasing complexity;
to answer it, we contribute a tiered evaluation benchmark spanning six com-
plexity levels, from metadata-only queries (L1) to multivariate survival mod-
els (L5), and untestable hypotheses (L0). For all hypotheses, the ground truth
was established through dataset-derived reference statistics validated by domain
experts. The benchmark includes positive, negative, no-e�ect, underpowered,
and untestable controls, thereby probing the full range of the evidence-label
framework. We evaluate on two public datasets across distinct clinical domains:
cardiology (ACDC [6], cardiac MRI, 150 subjects) and neuro-oncology (UCSF-
PDGM [7], brain glioma MRI, 501 subjects).
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2 Related Work

Recent advances span medical image foundation models, agentic scienti�c sys-
tems, tool-augmented language models, and statistical best practices. Each ad-
dresses a component of the scienti�c work�ow, but they have largely evolved
independently; we review them below and position Veritas as a unifying, au-
ditable hypothesis-testing framework.

Medical image analysis and vision�language models. Foundation models have
advanced promptable, generalizable medical segmentation across anatomies and
modalities. The Segment Anything Model (SAM) [24] introduced spatial-prompt
segmentation, since extended to video and concept prompts [9, 38] and adapted
to the medical domain by MedSAM and successors [30, 31, 53]. SAT [52] and
VoxTell [39] further allow targets to be speci�ed in natural language, unlike
specialist architectures such as nnU-Net [21] that require dedicated training per
structure. This makes segmentation programmatically accessible to the code-
writing agents our framework relies on.

In parallel, biomedical vision�language models reason jointly over images
and clinical text [5, 27, 51]. Closest to an agent-driven imaging pipeline, Voxel-
Prompt [19] uses language-guided code generation to analyze 3D medical im-
ages. Yet these systems operate at the perception level (segmentation, retrieval,
question answering) rather than cohort-level inference: none derives statistically
validated conclusions from image-derived measurements across patients.

LLMs for scienti�c discovery and hypothesis testing. Large language models in-
creasingly support scienti�c work�ows such as literature synthesis, hypothesis
generation, and experimental planning [2,12,14,36,46], and several systems au-
tomate full research cycles spanning ML experimentation, manuscript writing,
and wet-lab validation [16, 17, 29, 32]. Popper [20] is particularly related, vali-
dating hypotheses through sequential falsi�cation with formal error control, but
operates on tabular and text data without medical imaging or epistemic power
analysis. More broadly, programmatic reasoning, where models generate and ex-
ecute code rather than reasoning in text, improves reliability on quantitative
tasks [10,13,44], motivating Veritas's code-�rst statistical analysis.

In the medical domain, agent-based frameworks apply LLM collaboration
to diagnostic reasoning and clinical decision support [11, 22, 23, 28, 34, 43]. Most
closely related, MedAgent-Pro [45] pairs segmentation tools with coding agents
to compute clinical indicators from images, but targets per-patient diagnosis
rather than population-level hypothesis testing. None of these systems address
vision-grounded hypothesis testing, which requires bridging image-derived mea-
surements with cohort-level statistical analysis and epistemic classi�cation.

Multi-agent systems for scienti�c reasoning. Multi-agent systems decompose
complex scienti�c work�ows across specialized roles, with teams that collabo-
ratively plan, code, and execute experiments [3, 15, 40�42, 49] built on general-
purpose orchestration frameworks [18, 47]; MetaGPT's insight that structured
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intermediate artifacts curb cascading hallucinations directly informs our design.
A recent independent evaluation, however, found that none of several such frame-
works completed an end-to-end research cycle, with agents frequently hallucinat-
ing results during implementation [1] (detailed in the supplementary material).
Closest to our setting, MESHAgents [50] orchestrates agents for phenotype-wide
association studies in cardiovascular imaging, but reasons over pre-extracted tab-
ular phenotypes rather than deriving measurements from images, and provides
no epistemic classi�cation of evidence strength.

Statistical evidence and epistemic classi�cation. Equivalence testing via the
TOST procedure and the smallest e�ect size of interest (SESOI) provides a
principled way to distinguish �no meaningful e�ect� from �insu�cient power to
detect� [25]; Lakens et al. [26] formalized this into a four-outcome decision frame-
work that is the direct conceptual precursor of our evidence label taxonomy
(Supported, Refuted, Underpowered, Invalid). Veritas operationalizes
this power-aware classi�cation within an automated pipeline: the Evidence Clas-
si�cation Operator mechanically maps observed statistics to epistemic labels
without relying on agent judgment, automating a framework that prior work
proposed only as manual analytical guidance (see the supplementary material
for an extended discussion).

Across these four directions, no prior system uni�es vision-grounded measure-
ment, executable statistical validation, and power-aware evidence calibration
within a single auditable pipeline: imaging models stop at perception, scienti�c
and medical agents operate largely on tabular or textual data, and statistical-
evidence frameworks remain manual analytical guidance.Veritas closes this gap
by linking segmentation outputs, statistical code, and �nal conclusions through
veri�able artifacts, enabling autonomous, transparent, and reproducible hypoth-
esis testing on medical imaging datasets.

3 Methods

We present Veritas, a multi-agent framework that transforms natural-language
hypotheses about medical imaging datasets and their associated metadata into
statistically validated conclusions through autonomous, auditable execution.

3.1 Problem Formulation

Given a datasetD = {(xi,mi)}Ni=1 where xi represents medical images for patient
i and mi denotes patient metadata (including cohort variables, clinical covari-
ates, and outcomes such as survival endpoints), together with a natural-language
hypothesis H, we seek to autonomously determine whether H is Supported,
Refuted, Underpowered, or Invalid given the available evidence.

Unlike traditional computational pipelines that require explicit metric de�-
nitions and test speci�cations, our framework interprets H semantically, checks
feasibility against available data, designs an appropriate analysis plan, and exe-
cutes it end-to-end with an auditable artifact trail.
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3.2 Framework Architecture

Veritas operates through four sequential phases, each producing structured, in-
spectable outputs that feed into subsequent phases (Fig. 1). Three role-specialized
agents collaborate: a Principal Investigator (scienti�c validity, feasibility), a
Medical Imaging Specialist (segmentation targets, imaging protocols), and
a Statistician (test selection, e�ect sizes, power analysis). A separate Critic
agent operates by default in execution phases (2A/2B). We evaluate two model
deployments with the same work�ow and prompts: (i) a local open-weight team
(GPT-OSS-20B [37] for PI/imaging, Qwen3-8B [48] for discussions and critic,
Qwen3-Coder-30B [8] for coding), and (ii) a frontier team (GPT-5.2 [36] for
PI/imaging/coding and GPT-5 Mini [35] for discussions and critic).

Dataset API abstraction. To keep the framework dataset-agnostic and auditable,
agents never access raw �les directly during analysis. Instead, they interact
through a constrained API layer that exposes cohort discovery, per-patient meta-
data, observation identi�ers, segmentation masks, and geometry-aware measure-
ment utilities. This API boundary standardizes provenance and enables auto-
mated checks for o�-contract data access. Detailed API functions are described
in the supplementary material.

Phase 1: Analysis Planning. Given H and dataset metadata (available groups,
observations, patient �elds), the agents collaboratively produce a structured
analysis plan specifying the target cohorts, population restriction, required anatom-
ical structures and observations, derived measurements, and the planned statis-
tical analysis. The plan includes a feasibility decision (TESTABLE/UNTESTABLE)
with subtype and missing requirements; a programmatic validator checks schema
completeness and consistency against the available dataset metadata before ex-
ecution. If marked untestable, the run terminates as Invalid. The Statistician
also computes a priori power from the queried cohort sizes under a �xed plan-
ning SESOI.

Phase 2A: Segmentation. When the hypothesis requires image-derived measure-
ments, the Imaging Specialist generates a segmentation request specifying the
relevant patients, target structures, and observations. A segmentation backend
(SAT [52]) processes this request and stores the resulting binary masks in a
shared database. This phase is the vision core of the framework: subsequent
quantitative analyses are grounded in measurements extracted from these masks.
For hypotheses that require no imaging structures, this phase is bypassed.

Phase 2B: Statistical Analysis. The Statistician writes executable code that re-
trieves the required masks and metadata through the API, computes the planned
measurements, performs the statistical test, and reports e�ect size δ, 95% con�-
dence interval CI95, p-value p, and sample sizes. The code is executed in a sand-
boxed environment with timeout constraints. Failed or invalid attempts trigger
iterative revision using execution traces and validator feedback, with optional
Critic input, up to 8 attempts per round.
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Fig. 2: Auditability through artifact provenance. Every phase produces ver-
sioned, inspectable artifacts. Solid checks are in-work�ow validity gates; the dashed
check is a post-hoc plan�execution consistency test applied by the evaluator. The evi-
dence label is derived mechanically from Phase 2B statistics via the Evidence Classi�-
cation Operator (ECO; Sec. 3.3), independent of agent judgment.

Table 1: Evidence label de�nitions. Labels are mechanically derived from Phase 2B
statistics with no agent judgment involved.

Label Condition Interpretation

Supported p < α∧ direction matches Evidence con�rms hypothesis
Refuted (p ≥ α ∧ π ≥ 0.80) Adequate power, no e�ect

∨ (p < α∧ opposite dir.) Signi�cant opposite e�ect
Underpowered p ≥ α ∧ π < 0.80 Insu�cient power to conclude
Invalid Untestable or execution failure Results unreliable

Phase 3: Interpretation. Agents synthesize the prior work�ow outputs through
structured discussion, producing a verdict v ∈ {YES, NO, INCONCLUSIVE} with
supporting rationale. Phase 3 has access to the relevant planning and statistical
outputs from earlier phases, while the evaluator-computed evidence label (see
Sec. 3.3) is explicitly withheld.

Auditability. A key design goal is that every analysis is fully auditable. Each
phase produces structured artifacts (e.g., JSON plans, segmentation requests,
Python code, statistical outputs, verdicts) rather than natural language sum-
maries (Fig. 2). Validity checks enforce consistency at each boundary, and the �-
nal statistical output is retained in a form that enables independent re-veri�cation
(see the evidence grounding metric in Sec. 3.4). The supplementary material pro-
vides the full list of per-phase validity checks.

3.3 Evidence Label Framework

A central contribution is our four-label evidence classi�cation that jointly eval-
uates statistical signi�cance, e�ect direction, and study power (Table 1).
Here, π denotes statistical power computed at a smallest e�ect size of interest
(SESOI) and α = 0.05. This functions as a decision-theoretic epistemic operator :
given observed statistics (p, δ, n) and a pre-speci�ed SESOI δ0, the evidence
label is a deterministic function, fully removing subjective judgment from the
classi�cation. The epistemic distinction betweenRefuted andUnderpowered
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Table 2: Tiered hypothesis bank. Six complexity tiers probe progressively harder
capabilities. Neg. includes negative, no-e�ect, and nonsense controls. Undp./Unt. =
underpowered (π < 0.80) or untestable hypotheses.

Tier Name n Capability probed Pos. Neg. Undp./Unt.

L0 Untestable 5 Feasibility detection � � 5
L1 Metadata-only 9 Statistical reasoning 3 5 1
L2 Single imaging 23 Vision-to-statistics pipeline 15 8 �
L3 Engineered feat. 6 Feature engineering 6 � �
L4 Mixed 16 Multi-modal integration 8 3 5
L5 Multivariate 5 Advanced statistical reasoning 5 � �

Total 64 37 16 11

is critical for medical imaging benchmarks: a non-signi�cant result with power
π = 0.38 (e.g., n = 13 patients) provides essentially no evidence against the
hypothesis, yet standard binary evaluation would score it as a correct rejection.
Details on power computation are in the supplementary material.

3.4 Benchmark & Evaluation

For reproducible benchmarking, we construct a bank of 64 hypotheses (32 per
dataset), spanning six complexity tiers (Table 2). Each tier contains a mix of
positive controls (37), negative/no-e�ect controls (16), and underpowered or
untestable controls (11). Ground-truth evidence labels are established through
canonical reference statistics computed from ground-truth segmentation masks
and patient metadata, validated by a domain expert. Full per-hypothesis speci-
�cations are in the supplementary material.

Unless stated otherwise, all accuracy metrics are computed on testable hy-
potheses (L1�L5); L0 feasibility accuracy is reported separately. We evaluate
with:

� Evidence-label accuracy: agreement between evaluator-computed evidence
labels (Supported, Refuted, Underpowered) and ground truth, requir-
ing executable statistical output.

� Verdict accuracy: agreement between �nal verdicts (Yes, No, Inconclu-
sive) and ground truth.

� Majority-vote accuracy: hypothesis-level aggregation over repeated runs;
the majority verdict/label across runs is compared to ground truth.

� L0 feasibility accuracy: fraction of untestable hypotheses correctly classi-
�ed as Invalid, reported separately from testable hypothesis performance.

For repeated runs, we report both run-level (micro-averaged) and majority-vote
(hypothesis-level) metrics. Evidence-label and verdict accuracy are each com-
puted over runs producing valid output for that metric; these pools may dif-
fer when a run yields a verdict but incomplete statistical output. We report
completion rate separately for Veritas to quantify execution reliability. We ad-
ditionally report diagnostic rates across three categories: conclusion quality
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(overclaim, false refutation), analysis integrity (hallucinated signi�cance, syn-
thetic data, literal p-value assignment), and auditability (evidence grounding
rate, measuring whether runs report the four core statistical outputs required
for independent veri�cation). Complete metric de�nitions are in the supplemen-
tary material.

4 Experiments

4.1 Experimental Setup

Datasets We evaluate on two public medical imaging datasets from cardiology
and neuro-oncology (per-dataset tier coverage in the supplementary material).

ACDC [6] contains 150 subjects (100 training + 50 testing) with short-
axis cardiac cine MRI across �ve diagnostic groups (30 per group): dilated car-
diomyopathy (DCM), hypertrophic cardiomyopathy (HCM), myocardial infarc-
tion (MINF), right ventricular abnormality (RV), and normal controls (NOR).
Each subject includes end-diastolic (ED) and end-systolic (ES) phases with
expert-annotated ground-truth segmentations of left ventricle (LV), right ven-
tricle (RV cavity), and myocardium. Patient metadata includes height, weight,
and cardiac timing parameters. Hypotheses span L0�L4.

UCSF-PDGM [7] is a preoperative di�use glioma MRI dataset with 501
subjects across WHO grades 2-4 (2: 56, 3: 43, 4: 396) and molecular markers
(IDH mutation, MGMT methylation, 1p/19q codeletion). Ground-truth tumor
segmentation masks, following the BraTS conventions [4,33], are available for 495
subjects. Patient metadata includes age, sex, overall survival (395 with survival
data; 228 events), and extent of resection. The SAT model [52] segments four
brain tumor subregions: whole tumor (WT), necrotic core (NCR), peritumoral
edema (ED), and enhancing tumor (ET). Hypotheses span L0�L5, including
survival analyses and multivariate regression.

Baselines We compare Veritas against a structured ablation of �ve baselines.

Single-model baselines (SMa�SMe). To isolate the contributions of code execu-
tion, data access strategy, iterative self-correction, and structured phase guid-
ance, we de�ne our baselines forming an ablation progression:

� SMa: Direct reasoning. The model receives per-group summary statis-
tics pre-computed from ground-truth segmentation and produces a verdict
without any code.

� SMb: Code on pre-computed features. The model receives a per-patient
CSV of pre-computed imaging features (volumes, masses, etc.) and writes
one Python script executed automatically in the sandbox.

� SMc: Code via API. The model receives only the hypothesis and API doc-
umentation. It writes a single end-to-end script covering patient discovery,
mask loading, metric computation, and statistical testing.

� SMd: Agentic (iterative). Same API access as SMc, but the model oper-
ates in an iterative loop (up to 3 rounds): write code → execute → observe
output → re�ne or conclude.
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� SMe: Pipeline (structured). Same API access as SMd, but guided by
Veritas's exact phase agendas (Phase 1 planning, Phase 2 coding, Phase 3
interpretation) as a single-model chain-of-thought.

These baselines isolate four capability dimensions: (i) code execution vs. pure rea-
soning (SMa→SMb); (ii) pre-extracted features vs. raw API access (SMb→SMc);
(iii) iterative self-correction (SMc→SMd); and (iv) structured phase guidance
(SMd→SMe). Comparing SMe to Veritas then directly isolates the contri-
bution of multi-agent discussion over a single model following identical phase
instructions.

Model and fairness. We evaluate all �ve baselines with two model families: fron-
tier (GPT-5.2 [36]) and local/open-weight (GPT-OSS-20B [37]). For fairness,
all baselines that use the API (SMc�SMe) receive identical API documentation
to Veritas agents, extracted directly from the same prompt templates. The
full dataset-speci�c structure catalogue (e.g ., "LV", "RV", "Myo" for ACDC) is
also provided, equivalent to what Veritas's Phase 2A agents discover through
tool calls; the model must still determine which structures are relevant to the
hypothesis. Code execution uses the same sandboxed environment as Veritas.
For SMd and SMe, a single interpretation step (equivalent to Veritas's Phase 3)
is always invoked after successful code execution; the model's conclusion from
this step is used as the �nal verdict.

4.2 Main Results

Overall performance. Each method was evaluated with 10 repeated runs per
hypothesis (64 hypotheses, 640 runs per method), and we report run-level and
majority-vote accuracy across both model families (Table 3).

Key �ndings. Veritas achieves the highest accuracy in both model families:
71.2% majority-vote verdict accuracy with locally-deployed open-weight models
(8�30B) and 81.4% with frontier models, outperforming all single-model base-
lines in each class. The ablation progression reveals consistent patterns:

Code execution is essential. SMa (direct reasoning) achieves only ∼56%
verdict accuracy regardless of model scale, con�rming that pure LLM reasoning
over summary statistics is insu�cient. Adding code execution (SMb) lifts verdict
accuracy by 8�15 percentage points.

Iterative self-correction helps selectively. The SMc→SMd gain is mod-
est for verdict accuracy (+2.8 local/open-weight, +3.8 frontier) but more pro-
nounced for evidence accuracy (+7.3, +11.8), suggesting that self-correction pri-
marily improves statistical analysis quality rather than �nal interpretation.

Multi-agent decomposition adds value. Comparing SMe toVeritas iso-
lates the multi-agent contribution: +10.2pp verdict majority vote for local/open-
weight (71.2% vs. 61.0%) and +20.4pp for frontier (81.4% vs. 61.0%). The larger
frontier gap suggests that multi-agent discussion becomes more valuable as base
model capability increases.
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Table 3: Main results on the 64-hypothesis tiered benchmark. Each cell shows accu-
racy (%). Evidence accuracy requires executable statistical output (not applicable for
SMa). Metrics are computed on testable hypotheses (L1�L5); L0 feasibility is reported
separately. Compl.: fraction of runs completing all work�ow phases (Sec. 3.4); base-
lines always produce output by construction.

Run-level Majority vote
Method Evidence Verdict Evidence Verdict Compl.

Local/Open-weight models (GPT-OSS-20B)
SMa: Direct reasoning � 56.1 � 55.9 �
SMb: Code on features 58.1 63.8 61.0 62.7 �
SMc: Code via API 39.0 63.2 40.7 59.3 �
SMd: Agentic 46.3 66.0 52.5 66.1 �
SMe: Pipeline 55.1 58.0 57.6 61.0 �
Veritas (local) 63.4 71.4 67.8 71.2 78.1

Frontier models (GPT-5.2)
SMa: Direct reasoning � 55.9 � 55.9 �
SMb: Code on features 63.7 70.7 69.5 69.5 �
SMc: Code via API 52.9 72.8 61.0 76.3 �
SMd: Agentic 64.7 76.6 64.4 74.6 �
SMe: Pipeline 60.8 65.5 59.3 61.0 �
Veritas (frontier) 70.0 81.0 76.3 81.4 87.5

Veritas (local) uses locally-deployed 8�30B models. L0 feasibility: Veritas 74.0%
(local), 100% (frontier); all baselines 100% except SMb-frontier (98%).

Per-dataset gap. Evidence-label accuracy drops sharply from ACDC to
UCSF-PDGM across all methods (Table 4), re�ecting genuine complexity dif-
ferences (survival analyses, multivariate regression, molecular-marker strati�ca-
tion). On ACDC, frontier Veritas achieves 90.0% evidence accuracy and 78.9%
verdict at 88.8% completion. Pipeline failures on a subset of runs reduce verdict
performance on easier hypotheses where baselines rarely fail. Local Veritas, de-
spite much smaller model capacities, remains competitive and attains the highest
L5-tier scores. Veritas's advantage emerges on harder UCSF-PDGM hypothe-
ses, where it leads in both evidence (+16pp over SMd) and verdict accuracy
(+29pp).

Strati�ed results. Table 4 provides complementary breakdowns by dataset
and by complexity tier, comparing both Veritas con�gurations against the
three strongest frontier baselines.

Tier behavior. L2 (single imaging metric) is the strongest tier across all
methods (71�90%), as these hypotheses require straightforward segmentation
feature comparisons. L4 and L5 are hardest, driven by execution fragility in
survival analyses and multi-covariate regression. Critically, Veritas is the only
method to achieve non-zero L5 evidence accuracy (16�30% across con�gura-
tions), while all single-model baselines score 0% on L5 despite achieving up to
92% verdict accuracy on these hypotheses. This indicates they produce correct
YES/NO guesses without valid statistical backing. The small L5 sample (5 hy-
potheses) limits precision, but the qualitative gap (non-zero vs. zero) is robust.
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Table 4: Strati�ed run-level accuracy (%) by dataset and complexity tier. Per-dataset:
evidence / verdict. Per-tier: evidence-label accuracy. Best non-Veritas result per tier
is underlined. L0 = feasibility detection. Full per-method table in supplementary.

ACDC UCSF-PDGM Evidence by tier
Method Ev. Vd. Ev. Vd. L0 L1 L2 L3 L4 L5 All

Veritas (local) 91.0 87.9 36.7 49.0 74 54.4 87.0 51.7 49.4 30.0 63.4

SMc: Code (GPT-5.2) 79.0 85.1 27.7 60.9 100 75.6 70.9 43.3 34.4 0.0 52.9
SMd: Agentic (GPT-5.2) 95.9 96.6 34.7 53.9 100 94.4 85.2 55.0 42.5 0.0 64.7
SMe: Pipeline (GPT-5.2) 90.3 96.9 32.3 35.1 100 56.7 89.1 56.7 43.1 0.0 60.8
Veritas (frontier) 90.0 78.9 50.7 83.2 100 90.0 90.4 73.3 45.0 16.0 70.0

L1 scaling behavior. Evidence accuracy on L1 (metadata-only) reveals a
pronounced model-capacity dependence: local Veritas drops to 54.4% on L1
versus 87.0% on L2, while frontier Veritas maintains near-parity (90.0% vs.
90.4%). Although L1 hypotheses require no imaging computation, they demand
nontrivial statistical design capabilities (survival model speci�cation, covariate
adjustment, and appropriate test selection) that bene�t disproportionately from
larger model capacity. By contrast, L2 hypotheses (single imaging metric com-
parisons) rely on more mechanical code generation that local models already
handle e�ectively.

4.3 Diagnostic Analysis

Table 5 reports diagnostic rates that characterize how methods fail, beyond ag-
gregate accuracy; these are conditional rates over method-speci�c pools, not a
�at quality ranking. SMa is excluded because it produces no executable statis-
tical output, making code-level diagnostics inapplicable.

One-shot baselines (SMb, SMc) show high overclaim rates (35�65%) and
hallucinated signi�cance (9�12%), producing YES verdicts unsupported by their
own statistical outputs. Iterative and structured baselines (SMd, SMe) largely
eliminate hallucinated signi�cance (≤1.5%) through self-correction, but trade
this for higher literal p-value assignment (3�17%), where models hard-code p-
values rather than computing them from data.

LocalVeritas shows the lowest overclaim (7.2%) but the highest false refuta-
tion (24.2%) and synthetic-data rate (10.9%). Since evidence labels are assigned
mechanically by the ECO, false refutation is not a conservative interpretation
style but weaker code yielding null or invalid statistics on adequately powered,
truly Supported hypotheses. Frontier Veritas accordingly cuts false refuta-
tion to 12.6% as code improves, while its higher overclaim (20.0%) and literal-p
rate (15.0%) follow from completing more, and more complex, analyses. The
code-integrity scans also charge Veritas for engaging the hardest tiers (it alone
reaches non-zero L5), where baselines short-circuit. Both con�gurations keep hal-
lucinated signi�cance low (≤2.7%), the most egregious failure mode the phased
pipeline prevents.

The veri�ability column (Verif.) quanti�es auditability over all runs. Among
methods operating on raw data (SMd, SMe, Veritas), Veritas achieves the
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Table 5: Diagnostic rates (%) for code-producing methods on the combined bench-
mark. Conclusion quality: Overclaim: YES verdicts where evidence is not Sup-

ported; False ref.: predicted Refuted labels disagreeing with ground truth. Analy-
sis integrity: Hall. sig.: YES verdict with p ≥ 0.05 or missing p-value (output-level
check); Synth.: code generating mock/random data instead of using real measurements
(code-level); Lit. p: signi�cance threshold hard-coded in analysis code (code-level).Au-
ditability: Verif. (↑): fraction of all runs reporting the four core statistical outputs
(test type, sample sizes, e�ect size, p-value) required for independent veri�cation.

Conclusion quality Analysis integrity Audit.

Method Overcl. False ref. Hall. sig. Synth. Lit. p Verif. ↑

Local/Open-weight (GPT-OSS-20B)
SMb: Features 44.7 7.4 10.9 0.2 0.7 81.9
SMc: Code 65.1 6.7 8.7 0.2 1.4 82.3
SMd: Agentic 25.6 10.2 1.5 0.2 12.2 53.6
SMe: Pipeline 3.8 8.5 0.0 0.9 17.2 57.7
Veritas 7.2 24.2 2.7 10.9 2.4 77.3

Frontier (GPT-5.2)
SMb: Features 34.7 15.3 11.7 2.2 4.1 82.8
SMc: Code 45.4 8.6 11.0 1.6 2.7 81.2
SMd: Agentic 14.8 11.7 0.0 0.6 3.3 70.5
SMe: Pipeline 13.0 7.9 0.0 0.5 10.9 68.1
Veritas 20.0 12.6 0.4 3.6 15.0 86.6

Table 6: Ablation results for Veritas (local, 10 runs per hypothesis). Default: 16k
context, critic enabled in execution phases, T=0.2. Per-dataset split shows the ACDC
vs. UCSF-PDGM gap across con�gurations.

ACDC UCSF-PDGM Combined
Con�guration Evid. Verd. Evid. Verd. Evid. Verd.

Default (16k context) 91.0 87.9 36.7 49.0 63.4 71.4
Context 8k 91.4 91.7 29.0 45.7 59.7 72.0
Context 32k 90.0 87.1 31.7 51.8 60.3 72.7
No Critic 90.7 90.1 32.0 50.5 60.8 73.2
Temperature zero 90.3 88.7 27.7 47.5 58.5 72.6

highest veri�ability (77.3% local, 86.6% frontier), substantially exceeding SMd
(53.6%, 70.5%) and SMe (57.7%, 68.1%). SMb and SMc achieve higher absolute
rates (∼82%) but operate on pre-computed features, yielding simpler code with
higher completion rates, at the cost of zero L5 evidence accuracy. ThusVeritas's
phased decomposition improves not only accuracy but inspectability, keeping
even its failures recoverable through artifact inspection.

4.4 Ablation Studies

Table 6 reports ablation results using the local Veritas con�guration (10 runs
per hypothesis). We evaluate context window size, critic removal, and tempera-
ture zero decoding. Vision source ablations (GT masks, SAT-Pro) are reported
in the supplementary material.
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ACDC evidence remains stable across all ablations (∼90�91%), indicating
that cardiac hypotheses are e�ectively solved by the base architecture; sensitiv-
ity lies almost entirely in UCSF-PDGM evidence, making it the discriminating
benchmark. The default 16k context achieves the best UCSF evidence (36.7%):
reducing to 8k degrades it by −7.7pp (complex survival/regression analyses no
longer �t), while 32k gives no uplift (−5.0pp). Deterministic decoding (T=0)
similarly hurts it (−9.0pp), consistent with complex hypotheses bene�ting from
stochastic code exploration. Critic removal has minimal impact (+1.8pp com-
bined verdict), indicating the iterative code-revision loop already provides su�-
cient error correction.

4.5 Analysis

Execution vs. reasoning. Across all methods, verdict accuracy consistently
exceeds evidence-label accuracy (e.g ., Veritas local: 71.4% vs. 63.4%; frontier:
81.0% vs. 70.0%), indicating that the primary bottleneck is producing correct
statistical outputs (code generation), not reasoning about them (interpretation).
The gap is most striking for frontier Veritas on UCSF-PDGM: verdict accuracy
(83.2%) exceeds ACDC verdict (78.9%) despite much lower evidence accuracy
(50.7% vs. 90.0%), identifying code generation for complex analyses (survival
models, multivariate regression) as the primary improvement target. Notably,
this verdict�evidence gap is much narrower for Veritas (8�11 pp overall) than
for single-model baselines on comparable tiers (e.g ., up to 92% verdict vs. 0% ev-
idence accuracy on L5), con�rming that Veritas's verdicts remain substantially
grounded in computed statistics rather than prior knowledge alone.

Epistemic label analysis. The four-label evidence framework is essen-
tial for fair evaluation. Without the Underpowered label, several UCSF-
PDGM hypotheses with small subgroups would be con�ated with true nega-
tives: glioma_31 (1p/19q codeletion, n=13 vs. n=86, power=0.38) is correctly
classi�ed as Underpowered rather than Refuted; glioma_14 (IDH-mutant
Grade IV, n=28 vs. n=367, power=0.72) is similarly borderline. In a binary
evaluation, a system that conservatively labels every non-signi�cant result as
�refuted� would achieve spuriously high accuracy. The underpowered distinction
forces systems to demonstrate genuine epistemic awareness.

5 Discussion and Conclusion

We presented Veritas, a multi-agent co-scientist for autonomous, auditable hy-
pothesis testing inspired by clinician-scientist work�ows. Its design targets three
bottlenecks highlighted in the introduction: the fragmented coordination of clin-
ical, imaging, programming, and statistical expertise; the lack of reproducible
analysis trails in image-derived studies; and the misinterpretation of underpow-
ered �ndings as true negatives. By decomposing the work�ow into veri�able
phases and code, Veritas makes every step auditable and renders its failures
recoverable in a way that baseline failures are not. It achieves strong perfor-
mance even against baselines that receive human assistance (e.g., pre-computed
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per-group statistics or per-patient feature tables), and enables small, locally-
deployable models to perform complex reasoning that typically requires frontier
models.

Recall that Veritas produces two complementary outcomes: the agents' ver-
dict (Yes/No/Inconclusive), re�ecting their synthesized judgment, and the
evidence label (Supported/Refuted/Underpowered/Invalid), derived me-
chanically by the Evidence Classi�cation Operator and withheld from the agents.
This separation is intentional: comparing the two reveals whether a conclusion
is actually warranted by the statistics the agents produced, and distinguishes a
true null from a merely underpowered one. Beyond accuracy, the evidence la-
bel framework functions as a mechanistic decision rule: given observed statistics
(p, δ, π), the label is a deterministic function with no free parameters beyond
the signi�cance level α and the smallest e�ect size of interest (SESOI, δ0). This
eliminates evaluation ambiguities common in agent benchmarks. We view this
as a contribution beyond medical imaging: any benchmark involving statisti-
cal testing could adopt this framework to avoid con�ating negative results with
underpowered designs.

Most agent evaluations report only end-to-end accuracy. For scienti�c appli-
cations, how a conclusion is reached matters as much as whether it is correct.
Our evidence grounding metric (Verif., Table 5) quanti�es this: among methods
operating on raw data, Veritas produces the highest rate of fully veri�able
outputs (86.6% frontier), meaning even its incorrect conclusions can be traced,
diagnosed, and corrected through artifact inspection.

By reducing the coordination overhead and execution burden of patient selec-
tion, image analysis and biomarker extraction, and statistical testing, Veritas
can accelerate clinical research as an auditable collaborator in the human-led
scienti�c discovery loop. Ultimately, a clinical observational study should always
be �nalized by a human expert, a process that is substantially facilitated through
the availability and auditability of the reasoning steps, artifacts, and code.

Limitations
Segmentation dependency. All imaging-derived conclusions depend on segmenta-
tion quality. We quantify the gap between ground-truth and SAT segmentations
in the supplement, but the framework treats segmentation as a point estimate,
leaving uncertainty propagation to future work.
Benchmark scope. Our evaluation covers two MRI domains analyzed by a speci�c
segmentation model; extending to other modalities (CT, histopathology) requires
new but widely available segmentation models. The hypothesis bank also does
not yet cover longitudinal or causal analyses.
Ground truth. Our ground truth verdicts are established from the given datasets
using expert-validated reference computations. This was strictly necessary to
ensure mechanical veri�ability in our evaluation, but may re�ect dataset-speci�c
rather than population-level e�ects.
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